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Guest Editor’s Introduction for Special Issue on

Prospective Supercomputing Technologies

This special issue of Supercomputing Frontiers and Innovations was initiated by its editor-in-
chief and founder, Vladimir Voevodin, who passed away prematurely on April 29, 2026. Vladimir
was always a leading force in the field of supercomputing, both in the country and far beyond
its borders. He had the ability to look far into the future, with a keen sense of the prospects for
technological development, and for this reason, we dedicate this special issue of the journal to his
memory.

This collection presents papers on promising supercomputing technologies and their applica-
tion to solving pressing applied problems in science and engineering. It analyses the dynamics
and trends in the development of the domestic supercomputing infrastructure and examines the
challenges involved in the efficient numerical solution of boundary value problems for elliptic
equations on graphics accelerators. A series of articles focuses on supercomputers with non-
traditional architectures, specifically reconfigurable supercomputers and their system software, as
well as methods for effectively solving machine learning and artificial intelligence problems using
them. Generally speaking, supercomputing and artificial intelligence technologies are becoming
increasingly intertwined at present; consequently, several articles in this collection are devoted
to the application of AI technologies to enhance the efficiency of supercomputing. An important
area of development in supercomputing technology is computing systems based on non-traditional
methods of information processing. The collection therefore includes an article on photonic com-
puters and an analysis of their effectiveness in modelling diffraction neural networks. The final
article in the collection presents new methods of supercomputing for solving a key applied problem
in remote sensing.

I hope that the papers in this collection will be of both academic and practical interest to
researchers and specialists working in the field of supercomputing and big data processing.

Guest Editor
Academician of the RAS

Igor A. Kaliaev,
Southern Federal University,

Taganrog, Russian Federation
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An Approach to Analyzing the Entries of HPC Systems

in Supercomputer Ratings as an Extension of the Functionality

of the Top50 Russia Rating
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Supercomputer ratings such as Top500, HPCG, Graph500, IO500, and others reflect technol-

ogy development trends such as performance, energy efficiency, and so on, and serve as a kind

of “honor roll” for the global HPC community. Until now, there has been no convenient tool to

track the dynamics of domestic systems’ participation over time: when they appeared, how long

they remained in the ratings, and how their positions have changed. This work fills this gap. To

understand how HPC infrastructure is developing, we need to look not only at individual points

reflecting the characteristics and position of systems at a given point in time, but also at their tra-

jectories over time: when and why they appear in the ratings, how long they hold their positions,

in which ratings they show greater stability, and in which they disappear. This new capability

is offered by the proposed approach and implementation based on the Top50 Russian supercom-

puter rating: it combines data from all major global ratings for analysis. The solution is built as

an analytical extension of the Top50 rating functionality. Visualizations are formed from simple

charts of entry history to advanced tools using candlestick charts and transition matrices.

Keywords: hpc ratings, lifelines of supercomputers, top50 supercomputers of Russia supercom-

puters, evolution of computing systems, high-performance computing systems.

Introduction

The advancement of High-Performance Computing (HPC) remains a key driver of progress

in fundamental scientific research, engineering applications, and industrial computing. Mod-

ern supercomputer platforms are employed in climate modeling, computational chemistry, deep

neural network training, and numerous other tasks requiring scalable computational power. Ar-

chitectural features and measured performance metrics directly influence the capability to solve

new classes of applied problems and the competitiveness of national scientific and technological

ecosystems.

Public supercomputer rankings, primarily the Top500 [18], serve not only as a catalog of

current achievements but also as a mechanism for revealing and monitoring technological trends.

They enable tracking of performance growth dynamics, the impact of energy efficiency, the pro-

liferation of architectures with varying interconnect topologies, and more. Supplementary lists

and benchmarks, such as Green500, IO500, Graph500, HPCG, MLPERF, and others, assess

specialized system aspects, including energy efficiency, input/output operations, graph process-

ing, and various workload classes. Collectively, they provide a comprehensive overview of the

state of the global high-end computing resource pool.

However, each ranking release represents merely a snapshot: for each system, only the posi-

tion and a set of specialized metrics are recorded at the time of submission. This approach fails

to provide a complete picture of the “lifecycle” of physical systems. It does not reflect config-

uration history (upgrades, partial updates), overlooks naming ambiguities across releases, and

hinders the assessment of positional stability over time. Consequently, managerial and research

conclusions based solely on individual releases may be incomplete or misleading.
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For monitoring and analyzing national representation in global rankings, a new approach

is required that operates not on individual release data points, but on the trajectories of emer-

gence and evolution of each physical system. Key questions include: when a system first enters

the ranking and the duration of its presence; what configuration changes accompanied shifts

in position; in which rankings the system demonstrates greater stability; and whether there

are “traps” of rapid obsolescence for certain equipment categories. Answering these questions

requires data formalization, validation procedures, and a set of normalized metrics enabling

correct inter-release comparison.

Supercomputer rankings, and particularly the Top50 list, serve as fundamental indicators

of the high-performance computing (HPC) field’s development, enabling the tracking of both

regional computational capacity progress and the evolution of architectural design solutions [5,

8]. This study proposes a comprehensive approach to analyzing the inclusion of systems from the

national Top50 ranking, developed by the Research Computing Center of Lomonosov Moscow

State University (RCC MSU), into international lists. The focus is placed on the Top500 as

the primary data source, as it features the widest representation of domestic supercomputer

complexes. Within this work, an analysis of the current state and structure of the national

Top50 [19] supercomputer ranking website was conducted. Based on this analysis, a data model

was developed for tracking the inclusion of Russian systems in international rankings, accounting

for their performance characteristics. To ensure correct identification of physical systems and

their configurations, an administrative panel was implemented for manual validation and entry

of ranking inclusion data. This approach allows explicitly recording which specific system version

and configuration is presented in a particular release.

Based on the formed data structure, temporal trajectories (“lifelines”) were constructed for

each system mentioned in the rankings, reflecting the history of its presence in international

lists. To evaluate not only positional rank but also system quality, two normalized metrics were

introduced: the share of achieved performance on the LINPACK benchmark relative to the total

performance of ranking participants, and the share of theoretically achievable peak performance

relative to the total theoretical peak.

Additionally, a statistical section was implemented dedicated to analyzing system entries

into the Top50 and Top500 rankings. This includes an assessment of the system pool refresh

rate and visualization of position and performance change trajectories. For extended analysis,

3D representations of lifelines and candlestick charts for aggregated display of metric changes

were applied, as well as probabilistic models of transitions between rank categories, constructed

based on Markov matrices. The latter are used to diagnose system position stability and identify

categories with a higher probability of degradation and rapid obsolescence.

The subsequent sections of the paper develop the outlined ideas: the Literature Review

(State of the Art) section examines existing rankings, metrics, and approaches to rank dynam-

ics analysis; the Methodology section formalizes the data model and validation procedures; the

Implementation section describes the software solution architecture and implemented visualiza-

tion components; the Approbation section demonstrates the results of applying the approach

to historical Top500 data and the analysis of Russian systems. The Conclusion summarizes the

findings and outlines directions for future development.

An Approach to Analyzing the Entries of HPC Systems in Supercomputer Ratings ...
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1. State of the Art

1.1. Global Landscape and Methodological Foundation

The history of systematic ranking of high-performance systems began in 1993 with the

emergence of the Top500 ranking, which over three decades has transformed from a simple “honor

roll” into the most important tool for technological progress monitoring [11]. The fundamental

performance metric in the Top500 is the LINPACK (HPL) test, which measures the speed

of solving a dense system of linear equations [4]. Despite criticism for its one-sidedness, the

project’s editors emphasize its success as a stable metric for revealing long-term trends, such

as the exponential growth of performance and the shift from homogeneous systems to complex

hybrid architectures [15].

As the industry developed, the need arose to diversify evaluation criteria. In 2013 the

Green500 [13] ranking, focused on energy efficiency (GFlops/W), received official status, which

was a response to the environmental crisis and the rising cost of system ownership [1]. At the

same time, the Graph500 [12] ranking for assessing graph processing and IO500 [14] for ana-

lyzing I/O subsystems appeared. However, as researchers note, the modern landscape remains

fragmented: system data is often scattered, and rules for correlating positions across different

lists are absent [1, 9].

As the longest-standing regional ranking, the Top50 list has undergone substantial modern-

ization (vivification), adapting to innovations in supercomputer system design and introducing

novel approaches to performance comparison across the CIS region [6].

1.2. Architectural Trends and the Problem of System Analysis

An analysis of the 27-year history of the Top500 conducted in 2021 [4] revealed an alarming

trend: the HPC community tends to maximize FLOPS (processor performance) at the expense

of the balance of other subsystems. The study highlighted the following points:

• Performance Efficiency (Rmax/Rpeak): The average efficiency is only 0.67, and it tends

to decrease as architectures become more complex.

• Heterogeneity: Since 2011, the number of systems with accelerators (GPU) has been

steadily increasing, and today they provide on average 84% of the peak performance

(Rpeak) of leading supercomputers.

• Role of the Operating System: The transition to open-source software had a huge impact

on the growth of computing power. Since the mid-2000s, Linux has become the dominant

platform, providing flexibility for experiments with innovative system designs.

An important aspect of the analysis was the proposal of hierarchical models for describing

architectures. Nikitenko D.A. [9] points out that standard descriptions in rankings often have

a marketing character and lack details about the structure of nodes and interconnections. The

model developed by him makes it possible to link the achieved performance with specific archi-

tectural features, which is critically important for the scientific comparison of systems from the

Top50 and Top500 rankings.

1.3. Dynamics of the Life Cycle and the “Lifeline”

Researchers are particularly interested not in the static position of a system in the list, but

in its evolution over time. D.G. Feitelson [3], in his works on interpreting Top500 data, identified

V.A. Kuleshov, D.A. Nikitenko
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an empirical regularity: the rank of a given machine on average doubles every year. This means

that a system is rapidly “washed out” of the list by new entrants.

Specialized tools have been developed for the visual investigation of these processes. One of

the best known is the Top500Vis project by C. Steed [10], which provides interactive capabilities

for analyzing distributions and characteristics of systems within individual releases. Figure 1

shows the rankings of countries in the TOP500, but the image is difficult to analyze, and

there is no specific information about the systems installed in Russia. However, despite the

effectiveness of such tools for analyzing statistical snapshots, methods in the scientific literature

that focus on continuous trajectories “lifelines” of specific physical machines are still insufficiently

developed. The “lifeline” approach proposed in this article enables the visualization of system

ranking history by capturing the temporal intervals of their presence across lists. While these

lines are fundamentally constructed from the fact of a system’s inclusion, their interpretation is

inextricably linked to research on system and component upgradability. According to recent 2025

data, it is precisely the capability for node-level modernization such as upgrading processors

or interconnects that often determines a system’s “lifeline” duration, allowing it to maintain

competitiveness amid the rapid technological refresh of the installed base [2].

Figure 1. Russia’s portrayal in the Top500Vis project (C. Steed et al.) [10]

Recent studies by Abdessalam Benhari [1] confirm a high system pool turnover rate: 80% of

systems remain listed in the Top500 for fewer than 2 years, with an average presence duration

of merely 1.4 years, Fig. 2. This dynamics necessitates novel visualization approaches capable of

tracking individual physical system trajectories across numerous releases while accounting for

hardware upgrades and configuration changes the primary focus of this paper.

An Approach to Analyzing the Entries of HPC Systems in Supercomputer Ratings ...
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Figure 2. Lifespan of HPC systems in the Top500 (in years) from 1993.

The red horizontal line means that 80% of the systems stay less than 2 years

1.4. The Russian Context and the Shortage of Analytical Tools

In Russia, HPC resource monitoring has been conducted within the framework of the Top50

ranking since 2004, which is the most comprehensive source of data on national systems. How-

ever, a methodological gap exists: while global rankings record individual Russian systems,

they do so in a fragmented manner, without unified rules for comparison. Current methods for

analyzing Russian representation have a number of limitations:

• Publications of the rankings record data at the moment of submission and do not reflect

the history of system upgrades.

• Problem of scale: The contribution of a single Russian system to the global computing

power is statistically small, which requires the introduction of indicators relative to the

national ranking in order to increase the sensitivity of the analysis.

• Lack of end-to-end integration: There is no tool capable of integrating data from Top50,

Top500, Graph500, and other lists into a unified development trajectory.

It is important to note here that there are a number of HPC centers in Russia [21], which

are potentially more interested in tools, demonstrating the current position and the trends of

possessed machines.

1.5. Conclusions and Transition to the Proposed Methods

The literature review shows that despite the abundance of statistical data on supercomput-

ers, the HPC community experiences an acute shortage of tools for in-depth analysis. Existing

approaches are either too generalized (as in global rankings) or limited by regional frameworks.

For high-quality monitoring of national representation in the global ecosystem, it is neces-

sary to move from the analysis of “release points” to the analysis of life-cycle trajectories. This

requires the creation of a formalized data model, mechanisms for expert validation, and the

implementation of advanced visualization methods (such as candlestick charts and transition

matrices) capable of diagnosing the stability of positions and scenarios of equipment obsoles-

cence. It is precisely these tasks that the method of analytical extension of the Top50 platform

proposed in this work aims to address.

V.A. Kuleshov, D.A. Nikitenko
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2. Proposed Method for Collecting and Analyzing Data

on the Inclusion of Russian Supercomputer Systems

in Global Rankings

The modern landscape of global supercomputer rankings represents a fragmented ecosys-

tem in which national and international evaluation systems operate largely autonomously. The

Russian domestic ranking Top50 serves as the most complete and detailed source of informa-

tion on national computing systems, providing diverse data on the configurations, performance,

and application domains of domestic supercomputers. At the same time, global lists, including

Top500 and a number of other international rankings, have historically recorded individual Rus-

sian systems, but they do so in a scattered manner and without unified rules for comparing and

analyzing the dynamics of their positions.

At present, there is no reproducible tool capable of integrating heterogeneous sources, har-

monizing names and metadata, and then systematically tracking the inclusion of Russian systems

in global rankings, constructing time series, and helping to identify stable trends. As a conse-

quence of this fragmentation, there is a shortage of objective information about the international

visibility and competitiveness of domestic developments.

The method described below is aimed at addressing this gap: it outlines approaches to

the aggregation, normalization, and analysis of data on the inclusion of domestic supercomputer

systems in global rankings, as well as tools for the quantitative assessment of their representation

and dynamics.

2.1. Conceptual Data Model

The data model for describing inclusions extends the existing data model of the Top50

ranking [6]. The method is based on a conceptual model in which the following key entities and

semantic relationships between them are identified:

• Object, a logical unit of the hardware/component structure (component, compute node,

chassis, supercomputer as an aggregate).

• Machine, a record representing a specific computing system in the database. It refers to

Object via a unique identifier.

• Relation, the semantics of relationships between objects. For the described method, the

relationship type “precedes” is considered, which is used for versioning and end-to-end

tracking of a system across ranking editions.

The extended data model, in turn, relies on the following entities:

• Extratings List, an abstraction representing a specific international supercomputer rank-

ing.

• Extratings Editions, a specific edition of a ranking: issue number, publication date, and

sequential release number.

• Extratings Entry, the actual inclusion of a system in a specific edition. It includes the

position and a reference to performance indicators.

• Extratings Units, Extratings List Units, Extratings Score, entities linking mea-

surement units, priorities of units within a ranking, and specific values of performance

indicators for a recorded inclusion of a system.

For each entity, mandatory attributes, data types, and integrity constraints are defined

to ensure the correctness and consistency of the stored information. The constraints include

An Approach to Analyzing the Entries of HPC Systems in Supercomputer Ratings ...
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primary and foreign keys, uniqueness rules, as well as checks of permissible value ranges for

quantitative indicators.

The conceptual data model was designed leveraging expertise from the Algo500 project [5],

which established a unified repository of system architectural descriptions. This foundation en-

ables the prospective development of flexible, user-defined rankings based on extensible entities.

2.2. Process of Data Collection and Validation

Manual input makes it possible to minimize the risk of erroneous aggregation and ensures

quality control at each stage of observation formation. The function of data validation is assigned

to the administrator of the Top50 ranking. This solution is practically justified both from the

point of view of the workload and from the point of view of the methodological complexity of

automation.

First, international rankings are published no more than twice a year, and the administrator,

possessing expert knowledge about the positions of Russian systems in global lists, can efficiently

perform verification with minimal labor costs.

Second, automated parsing is complicated by the fundamental heterogeneity of the rankings

themselves: they are based on different tests and evaluation criteria. For example, the Top500

ranking is based on the standardized LINPACK benchmark, which ensures comparability of

results. At the same time, the Graph500 and IO500 rankings use composite benchmarks that

include both regulated components and parts that allow free configuration for a specific architec-

ture in order to maximize performance. The Green500 ranking, in turn, does not impose strict

requirements on the size of the problem being solved.

Such variability of evaluation methodologies, along with differences in system names,

transliteration, and publication formats, makes automatic extraction and correct interpretation

of data unreliable without expert verification.

2.3. Analytical Methods

Within the framework of the proposed method, the dynamics of the presence of Russian su-

percomputer systems in global rankings is studied. The analysis is aimed at identifying patterns

in the change of their positions over time and at assessing the relative contribution of Russian

systems to the total computing power of the corresponding national ranking datasets.

The method is based on the use of relative performance indicators in combination with tools

of temporal and statistical analysis, which makes it possible to ensure comparability of results

between different releases of rankings when their composition and scale change.

2.3.1. Lifelines of the system

One of the analysis methods is the construction of a sequence of inclusions of Russian

system’s in releases of global rankings. The construction of a life trajectory makes it possible to

study the duration of a systems presence in an international ranking list, the dynamics of its

positions, and changes in performance over time, taking into account technical upgrades.

V.A. Kuleshov, D.A. Nikitenko

2026, Vol. 13, No. 2 11



2.3.2. Share of achieved productivity and theoretical peak value

Within the framework of the method, an indicator of the share of achieved and theoretically

achievable performance is introduced. The share of achieved performance is defined as the ratio

of the measured performance of a Russian system in the LINPACK test to the total performance

of all systems in the national Top50 ranking. The share of the theoretical peak performance value

is calculated in a similar way.

The choice of the national ranking as the normalization base is deliberate. The contribution

of a single Russian system to the total computing power of the global ranking is statistically

insignificant and does not allow meaningful patterns to be identified. At the same time, normal-

ization relative to the national ranking provides higher sensitivity of the indicator and makes it

possible to detect trends that remain invisible when analyzed at the global scale.

The proposed indicators reflect the relative contribution of a system to the total computing

power and make it possible to analyze its relative hardware potential in the context of the

distribution of computing resources.

2.3.3. Japanese candlesticks

To analyze the dynamics of the positions of Russian systems between releases of global

rankings, an adapted representation in the format of “Japanese candlesticks” is used. Within a

single release, the best and the worst positions of the represented Russian systems are recorded,

which makes it possible to evaluate the amplitude of position changes and identify periods of

significant shifts.

Such a representation provides a clear visualization of the direction of changes (improvement

or deterioration of position), as well as their degree. The analysis of the sequence of “candles” in

dynamics makes it possible to identify periods of relative stability, gradual decline of positions, or

sharp changes caused by updates in the composition of the ranking or changes in the competitive

environment.

2.3.4. Transition matrices

To formalize the dynamics, a transition matrix is used in which the movements of Rus-

sian systems between predefined position categories (1–10, 11–20, 21–30, 31–40, 41–50, 51–100,

101–200, 201–300, 301–400, 401–500) are recorded across consecutive releases of the ranking

(quarters). For each system from the sample (for example, Top50 systems included in Top500,

although the method is applicable to any ranking), the categories of its positions in adjacent

periods are tracked. For each pair of categories A → B, the empirical transition probability is

calculated as the ratio of the number of recorded transitions from A to B to the total number

of transitions from A.

Conceptually, this matrix represents a variation of the classical transition matrix of a Markov

chain, constructed on the basis of frequency estimates of transitions between discrete states. Its

application makes it possible to quantitatively assess the stability of the positions of Russian

systems and to identify typical scenarios of their movement in the international ranking space.

Thus, the proposed method provides a comprehensive analysis of the dynamics of the pres-

ence of Russian supercomputer systems in global rankings through a combination of relative

performance indicators and tools of temporal analysis. The use of shares total computing power

makes it possible to take into account the changes in the scale and composition of rankings, while

An Approach to Analyzing the Entries of HPC Systems in Supercomputer Ratings ...
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the application of trajectory analysis, visual representations, and transition matrices makes it

possible to formalize the nature and stability of the changes in system positions over time.

The integration of the specified elements within a unified methodological approach ensures

the comparability of results between ranking releases and creates a foundation for identifying

stable patterns of changes in the position of Russian systems in the global supercomputer space.

3. Implementation of the Proposed Method

The proposed method has been implemented as a server-side application written in

Ruby [17], using the PostgreSQL [16] relational DBMS. The Top50 rating project is built on

the Octoshell [7] system engine, developed at the Research Computing Center of Lomonosov

Moscow State University (RCC MSU) and used for the management and support of computing

infrastructure. The use of this engine allowed for the reuse of an already tested data storage

architecture, user management mechanisms, and basic service components.

Within the framework of the present work, the system functionality was extended with

modules for aggregation, normalization, and analysis of data on the inclusion of Russian su-

percomputer systems in global rankings. Additionally, an administrative panel for validation

and confirmation of data was implemented, as well as a specialized statistics section providing

visualization and analytical representation of results.

3.1. Technology stack

• Programming language: Ruby on Rails. Used for server logic, aggregation scripts, and

business logic. Database extensions were implemented using Ruby migrations.

• Data storage: PostgreSQL, serving as the primary database.

• Data schema management: Ruby-based migrations, providing versioning of the

database structure and reproducibility of deployment.

• Visualization: JavaScript and TSX (TypeScript + JSX) for implementing the user in-

terface and interactive visualization components.

3.2. Data Model Implementation

The physical implementation of the data model is carried out in the PostgreSQL DBMS.

The table structure corresponds to the conceptual model described in the Methodology sec-

tion and includes the entities Extratings List, Extratings Editions, Extratings Entry,

Extratings Units, Extratings Score and Extratings List Units.

The database schema definition and its modifications are managed using Ruby-based mi-

grations. This approach ensures reproducibility of the storage structure, schema version control,

and consistency of changes when extending functionality.

At the DBMS level, mechanisms are implemented to maintain referential integrity and

correctness of relationships between entities, which allows building complex aggregated queries

and generating temporal selections without violating data consistency.

The semantics of measurement units are realized through two interrelated entities.

Extratings Units serves as a dictionary of units, while Extratings List Units acts as a junc-

tion table, ensuring unambiguous mapping of specific units to a particular rating and recording

their priority through the priority field. This scheme is necessary because a single rating may
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publish multiple performance metrics, and their contribution to the ranking is not always unam-

biguous. The priority field explicitly defines the preference of units during aggregation. Unique

correspondence is ensured through the extratings list id and extratings unit id fields,

which also allows reusing common units across multiple ratings without duplicating records. The

Extratings List entity formalizes the rating itself. The relationship between a specific edition

and the rating is established via the extratings list id field in Extratings Editions.

3.3. Implementation of the Administration Panel

The administration panel provides input of new entries regarding the inclusion of systems

in international rankings. The main workflow involves the following steps:

• First, the administrator selects a system from the Top50 rating directory. Addition of new

systems to the directory is handled within the core functionality of the rating: when a

previously unregistered system appears, it is first registered in the project database and

then becomes available for selection from the dropdown list.

• Second, the administrator selects the rating in which the entry should be recorded. For

convenience, the interface automatically populates the fields for performance metrics in

the units used by the selected rating. If necessary, measurement units can be changed via

a dropdown menu to the units in which the benchmark result was recorded. An integrated

conversion mechanism ensures that all values are brought to a unified scale.

The interface also allows extending the directory of existing ratings directly during operation.

From the entry creation window, the administrator can create a new rating, specifying its char-

acteristics and selecting the units used for system ranking. Similarly, a function is implemented

for creating new measurement units with a link to a specific rating and setting their priority

when determining the final system order.

3.4. Implementation of the Lifelines of the Systems

On the page of each system that has been recorded at least once in international rankings,

a chart is implemented displaying its lifelines across all considered rankings. By default, all

available lists are visualized; if necessary, the user can restrict the display to only the trajectory

in a selected rating. Each point on the chart corresponds to a specific entry of the system in

a rating edition; hovering over a point shows a tooltip with information about the position,

edition number and release date, as well as performance metrics recorded for that entry. Below

the chart, a tabular summary of all entries is provided: the table lists the publication date,

edition, position, and key metrics the same information as in the tooltip, but presented in a

static and organized form for ease of verification and export.

The section containing aggregated representations is called “Statistics of system entries in

Top50 and Top500” It reflects the current concentration of domestic data, while the structure

of the section is designed so that, with future expansion of the dataset, its name or functionality

can be modified without changing the storage or display logic of the modules.

The statistics section implements an aggregated display of lifelines for all systems over the

entire considered period. In this view, each system is shown as a separate trajectory, which allows

visual assessment of the density of position distribution, periods of strengthening or weakening

of Russian systems presence in international rankings, and the nature of their simultaneous

movement across different ranges of the ranking space. Additionally, a mode is provided for
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simultaneous visualization of trajectories in an international ranking and in the Top50 rating,

allowing comparison of the systems position dynamics in global and regional contexts. This

combined view facilitates identification of consistency or divergence of trends between different

ranking datasets.

3.5. Implementation of the Fractions of the Achieved and Theoretical Peak

Value

The fractions of achieved and theoretical peak performance are displayed on the page of a

specific machine as bar charts. The user can view the entire available time interval to assess the

dynamics of metrics; bars are color-coded, and hovering displays a tooltip explaining the corre-

sponding column (release date, metric value, etc.). Joint visualization of the fraction of achieved

performance and the fraction of the theoretical peak allows a clear assessment of the divergence

between practically realized and theoretically possible performance values and serves as a basis

for conclusions about the practical efficiency of the systems software-hardware implementation.

3.6. Implementation of the “Japanese Candlesticks” Metric

The “Japanese candlesticks” visualization is implemented as an interactive client-side com-

ponent (JS / TSX) within the statistics section. By default, the visual block is displayed in the

same view as the lifelines, covering the entire available observation period. On the server side,

time series are generated for each ranking publication: the boundary values of the position are

computed and used as the “open” and “close” parameters of the candlestick. The resulting series

are transmitted to the interface in a format suitable for direct rendering.

The visualization interface supports interactive controls, including selection of the time win-

dow (observation period) directly within the chart area, filtering by ranking, and adjustment

of the aggregation step. Hovering over a candlestick element displays a tooltip with informa-

tion about the best and worst position within the release, the edition number and publication

date, and the corresponding performance metrics. This design allows the user to obtain both

an overview for the entire period and a focused inspection of a specific time interval without

navigating to other pages.

3.7. Implementation of Transition Matrices

The interactive implementation allows users to inspect numerical values and percentage

estimates for specific category pairs and, if necessary, to restrict calculations to a defined time

window or subset (e.g., only Russian systems or only Top50). The transition matrix serves as

a tool for quantitatively assessing the stability of positions and identifying typical patterns of

movement within the ranking space. The use of the transition matrix is meaningful within a

well-defined temporal interval. While it is formally possible to compute the share of transitions

from an arbitrary category A to category B relative to all transitions from A over the entire

existence of the ranking, the substantive interpretation of such a value may be complicated by

changes in the composition of participants and ranking conditions over time. To reduce this

ambiguity, the interface by default displays transition probabilities calculated over the most

recent two years of publications. This interval provides estimates that reflect current dynamics.

Additionally, the interface offers the option to switch to precomputed values over the last

five years of publications, as well as a tool to select an arbitrary time interval within which
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transition probabilities will be computed. This functionality allows users to define the temporal

scale of analysis according to the specific research task.

The interface includes tabbed display modes: the matrix can be presented either in relative

terms (probabilities of transition from category A to category B) or in absolute terms (number

of recorded transitions). Although matrices over limited time windows are often sparse, such

estimates are more representative and provide a more accurate reflection of the observed dy-

namics of system positions. Thus, the implemented software tool provides a complete workflow

for ranking data: from entry and verification of observations to their analytical and visual inter-

pretation. A centralized data storage model has been implemented, supporting the recording of

positions, performance metrics, and their historical evolution, as well as mechanisms for admin-

istering reference directories and units of measurement. The interface provides a set of analytical

views designed for the study of system dynamics: lifelines, aggregated trajectories, relative mea-

sures of achieved and peak performance, transition matrices with configurable time windows,

and interactive 3D visualization. Implemented filtering mechanisms, time window selection, and

display mode switching (absolute values versus probabilities) ensure analytical flexibility and

allow the derivation of interpretable quantitative estimates that reflect the observed dynamics

of ranking positions and system performance. Collectively, these components constitute an in-

tegrated environment for analyzing the evolution of computational systems over time, ensuring

data consistency, reproducibility of calculations, and clarity of the resulting insights.

4. Approbation

The proposed method was validated using the implemented software system with data from

the Top50 ranking as well as international supercomputer lists. Examples of the operation of

key analytical components of the interface are presented below, demonstrating the practical

applicability of the developed approach.

4.1. Data Collection and Administrative Dashboard

The validation of the data collection workflow demonstrates the end-to-end sequence of op-

erations: starting with the entry of a system’s inclusion via the administrative panel, followed

by the verification of performance metrics against source documentation prior to final recording

in the database. The interface streamlines this process by enabling the simultaneous selection of

both the target system and the relevant ranking, while automatically populating performance

unit fields in accordance with the measurement standards used in the selected list. Further-

more, the workflow supports the extensibility of core reference directories such as rankings and

measurement units within a unified, coherent administrative environment.

To facilitate the addition of extensions, a dedicated management panel is provided, conve-

niently accessible directly beneath the ranking selection list. The introduction of new ranking

lists also entails the definition of associated benchmarks used for system evaluation and ordering,

including the option to register entirely new benchmark types as the field evolves. Similarly, a

separate but logically linked panel is provided for the expansion of performance measurement

units, ensuring that the system can adapt to emerging metrics without disrupting the core data

model or requiring structural schema changes.
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4.2. Approbation of the Lifelines of a Separate System

On the page of a specific system, the visualization of its lifeline has been validated, a

graphical representation of the sequence of its entries in international rankings. The interface

supports filtering trajectories by individual rankings, interactive tooltips displaying entry details

(position, release date, performance metrics), and a tabular summary of all recorded observations

for verification and export in CSV format. Figure 3 shows a portion of the table listing the

Lomonosov-2 system’s entries in the TOP500 ranking.

As an example, the Lomonosov-2 system is considered [20], which has an extensive history

in the Top500 and Green500 rankings and is also referenced in other lists.

Figure 3. Lomonosov-2 System Entries in the Top500 Ranking (table excerpt)

Each ranking list is rendered as a distinct, self-contained table, ensuring modular data pre-

sentation and facilitating independent analysis of different datasets. Figure 4 shows the second

table summarizing the Lomonosov-2 systems appearances in the GREEN500 ranking. The sys-

tem implements a role-based access control mechanism, wherein authorized administrators are

granted privileged operations over the data entries. Specifically, administrators can edit existing

records to correct metadata or update performance metrics, as well as remove obsolete or erro-

neous entries when necessary. This administrative layer is designed to maintain data integrity

and currency while preserving an audit trail of modifications, thereby supporting the long-term

reliability of the ranking repository.

Figure 4. Lomonosov-2 System Entries in the GREEN500 Ranking (table excerpt)

Interactive tables provide a detailed representation of the dataset, offering access to histor-

ical records of system inclusions and their corresponding performance metrics across multiple

ranking releases. This granular approach is essential because standard HPC rankings often repre-

sent merely the “tip of the iceberg”, frequently lacking precise longitudinal data and comparative

capabilities. To address the demand for novel data presentation formats and to revitalize tra-

ditional ranking lists, a lifecycle diagram is positioned directly above the tables, Fig. 5. This

visualization serves as a critical instrument for tracking the evolution of the HPC fleet over time,

enabling users to analyze system presence duration in rankings a factor increasingly associated

with research on system upgradability and the long-term growth of regional computational ca-

pacity.
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Figure 5. Lomonosov-2 system’s lifeline on the system’s page in the Top50 rating

4.3. Aggregated Display of Lifelines in the Statistics Section

In the Statistics section, validation of the aggregated representation of lifelines for all Rus-

sian systems across the entire observation period has been conducted. In practice, each system is

displayed as an individual trajectory, which enabled assessment of position distribution density,

identification of periods of strengthening or weakening presence of Russian systems in interna-

tional rankings, as well as visual comparison of the synchronicity of their movement within the

ranking space. The obtained graphical representations confirmed the clarity and informative-

ness of the proposed approach for analyzing the dynamics of Russian system entries into global

rankings.

Figure 6. Lifelines of the Top50 participants mentioned in the Top500 in the statistics section
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As part of this approbation, the mapping of the lifelines of Russian systems in the Top50

and Top500 ratings in a single visual space was also developed. This view made it possible to

simultaneously trace the trajectories of the systems both on the international list and on the

domestic rating field, identifying general trends in their advancement, periods of divergence

and convergence of positions, as well as features of synchronicity or, conversely, asynchrony of

dynamics in the two hierarchies. Figure 6 provides an aggregated view of the lifespans of all

domestic systems listed in the TOP500. The practical value of this approach lies in the ability

to more clearly assess the relationship between changes in the positions of systems in the global

ranking and their status in the national context. The combined display of lifelines contributes to

a deeper analysis of transitions between levels of rating significance, allows you to record stable

and short-term changes in rank position and thereby increases the informative presentation of

the results in the framework of comparative research. Figure 7 provides an aggregated view of

the lifespans of all domestic systems participating in the TOP500, as well as a simultaneous

display of the trajectories of the systems in the Top50.

Figure 7. Joint mapping of the trajectories of the presence of Russian systems

in the Top500 and Top50 rankings

4.4. Displaying Relative System Performance Indicators

The display of temporal trajectories for normalized indicators has been approved: the ratio

of achieved LINPACK performance and the ratio of theoretical peak performance. Figure 8 shows

the relative peak and theoretically achievable performance ratios for the Lomonosov-2 system.

The graphical representation facilitates cross-release comparison of relative metric values and

temporal dynamics analysis. Concurrent visualization enables assessment of the gap between

actual and theoretical performance, supporting conclusions regarding computational system

implementation efficiency throughout observation periods.
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Figure 8. Displaying time series of normalized indicators: the percentage of LINPACK

performance achieved and the percentage of the theoretical peak value for the Lomonosov-2

system

4.5. Approbation of the Display Technique in the “Japanese Candlestick’s”

Format

During validation, the visualization of position dynamics in the “candlestick” format was

examined not only in terms of technical correctness but also from the perspective of its analytical

usefulness. For each ranking release, a candle is constructed reflecting the range of positions of

Russian systems, where the open value corresponds to the best observed position and the close

value to the worst. This representation enables a compact yet informative depiction of positional

variability within each release, allowing for quick identification of periods characterized by either

concentration of systems in narrow ranking intervals or, conversely, significant dispersion across

a wider range of positions. The visualization is presented as an interactive graph (Fig. 9), where

each element corresponds to a separate observation period. In the default view, half-year intervals

are displayed, which corresponds to the frequency of publication of the TOP500 ranking.

The correctness of boundary value calculations for the candles and the correspondence of

displayed data to database records were thoroughly confirmed through comparison with the

underlying dataset. In addition, particular attention was paid to the stability and consistency

of the visualization when applied to different temporal segments, ensuring that the graphical

representation remains accurate regardless of the selected observation window. Interactive pre-

sentation features were also verified, including the ability to obtain an initial overview across the

entire observation period, switch to an arbitrary time interval directly within the graph area,

and display detailed per-release information via tooltips. Taken together, these validation results

demonstrate that the proposed visual tool is not only technically reliable but also effective for

both rapid exploratory analysis and detailed verification of ranking position values.
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Figure 9. Approbation of the Japanese Candle Technique

4.6. Review of Transition Matrices between Rating Sectors

During validation, the calculation of system transition matrices between sectors of the rank-

ing space (1–10, 11–20, etc.) was performed on the basis of actual observations collected from

the integrated dataset. The empirical frequencies of transitions between categories were first

computed and then transformed into relative transition probabilities in order to analyze the

structural dynamics of the systems positions in the ranking space.

Special attention was paid to verifying the correctness and stability of the calculated prob-

abilities. In particular, the results obtained for selected time intervals were examined to ensure

that the normalization of transition frequencies was performed correctly and that the resulting

probability distributions were consistent with the observed transitions. Additional verification

procedures included cross-checking the aggregated transition counts with the underlying dataset

and confirming that the computed probabilities accurately reflected the empirical structure of

movements between ranking sectors.

Taken together, these capabilities enable a more comprehensive interpretation of the dynam-

ics of supercomputer systems within the ranking space. The combination of empirical transition

counts and normalized probabilities makes it possible to analyze not only the magnitude of

movements but also the structural patterns underlying the redistribution of systems across dif-

ferent ranking sectors over time. Figure 10 displays the transition matrices in the users default

view. Figure 11 illustrates the users ability to enter a dynamic date range to select the study

interval for which the probabilistic transition matrices will be constructed.

The proposal to display numerical values of transitions from one group of the rating space to

another is particularly important, since it allows us to move from a qualitative description of the

dynamics to its more accurate quantitative interpretation. In contrast to simply recording the

fact that systems move between rank intervals, numerical transition indicators make it possible

to assess the intensity of such changes, identify dominant migration trends, and determine

which transitions are stable and which are episodic. This provides a deeper understanding of

the structural dynamics of the distribution of systems by rating sectors.

In addition, the representation of transitions in numerical form increases the visibility and

comparability of results between different time periods. This is especially useful when analyzing
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Figure 10. Matrix for analyzing the transition of supercomputers between sections

of the list over a selected interval

Figure 11. Matrix for analyzing the transition of supercomputers between sections

of the list over an arbitrary time interval
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the evolution of the rating position of systems, as it allows you to track not only the fact of

displacement, but also the scale of redistribution between groups. As a result, it becomes possible

to identify periods of active restructuring of the composition of rating intervals, as well as to

assess the degree of stability of the position of individual systems in dynamics. Figure 12 shows

how users can view the number of system transitions between rating categories, as well as how

they can select a date range spanning two years.

Figure 12. Displaying the number of transitions

Conclusions and Practical Significance

This article presents a new methodological approach and a set of software tools for an in-

depth analysis of the dynamics of Russian supercomputer systems presence in global rankings.

Users can explore the functionality on the Top50 ranking website, where it is available. Unlike

traditional methods based on snapshots of publications, the proposed “lifelines” concept shifts

the focus of the research to analyzing the life cycles of specific physical complexes based on their

development trajectories. The principal results of the study are as follows:

• An extensible data model integrated into the Top50 platform was developed, which en-

sures correct versioning of systems and enables comparison of their characteristics across

different editions of international lists (e.g., Top500, Graph500, Green500, etc.).

• The rationale for using normalized indicators relative to the national ranking is substanti-

ated. This normalization made it possible to reveal latent technological trends and to assess

the actual competitiveness of domestic systems that are often statistically insignificant at

the global scale.

• A suite of advanced visualization and analysis tools was implemented, including transition

matrices and candlestick charts. Method validation demonstrated that these tools effec-
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tively diagnose the stability of system positions and support forecasting of technological

obsolescence scenarios.

The practical significance of the work is confirmed by the deployment of a functional ana-

lytical extension to the Top50 website, which serves as a convenient instrument for experts and

decision-makers when evaluating the effectiveness of investments in national HPC infrastructure.

Upon analyzing the obtained images, distinct trends were identified and patterns were dis-

covered:

• The lifelines of systems installed between 2020 and 2021 have a lower slope than those

of systems installed between 2014 and 2016. This indicates a slower rate of degradation

compared to previous-generation systems.

• The transition matrices show that the ranges 31–40 and 41–50 are zones of increased insta-

bility. Systems in these ranges rarely retain their original category in subsequent releases.

Most of them begin a gradual shift toward lower ranges. These transitions occur smoothly

over several releases rather than abruptly, indicating gradual technological obsolescence

rather than a sudden loss of relevance. The observed transition probabilities in this range

suggest that the 31–50 range is the area where decisions about the system’s future are

made, since maintaining its position will require significant modernization.

• The 101–200 ranking segment demonstrates the most stable pattern of transitions and

can be viewed as a zone of relative stability for computing systems, where maintaining

positions can be achieved without significant modernization, striking a balance between

sufficient computing power and the cost of the upgrade.

• “Japanese candlesticks” and the percentage of updated systems metric reveal a three-

tiered structure of the Top500 ranking: Positions 1–50 (high turnover/race), 101–200

(stagnation), 201–500 (rapid turnover/budget cycles), where the ownership strategy is

dictated by the economics of system operation.
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of the domain based on Top500. https://hal.science/hal-04519645 (2024), accessed:

2026-04-05

2. Elishakov, D.G., Nikitenko, D.A.: Updateability of systems and their components in the

Top50 supercomputer ranking. In: Parallel Computational Technologies – XIX All-Russian

Conference with International Participation, PaVT’2025, Moscow, April 8–10, 2025. Short

Papers and Poster Descriptions. pp. 335–335. South Ural State University Publishing,

Chelyabinsk (2025). https://doi.org/10.14529/pct2025

An Approach to Analyzing the Entries of HPC Systems in Supercomputer Ratings ...

24 Supercomputing Frontiers and Innovations

https://hal.science/hal-04519645
https://doi.org/10.14529/pct2025


3. Feitelson, D.G.: On the interpretation of Top500 data. Int. J. High Perform. Comput. Appl.

13(2), 146–153 (1999). https://doi.org/10.1177/109434209901300204

4. Khan, A., Sim, H., Vazhkudai, S.S., Butt, A.R., Kim, Y.: An analysis of system balance and

architectural trends based on Top500 supercomputers. In: Proceedings of the International

Conference on High Performance Computing in Asia-Pacific Region (HPCAsia 2021). pp.

11–22. ACM (2021). https://doi.org/10.1145/3432261.3432263

5. Nikitenko, D., Antonov, A., Zheltkov, A., Voevodin, V.: Describing HPC system architec-

ture for understanding its capabilities. In: Voevodin, V., Sobolev, S. (eds.) Supercomputing.

RuSCDays 2020. Communications in Computer and Information Science, vol. 1331, pp. 425–

435. Springer, Cham (2020). https://doi.org/10.1007/978-3-030-64616-5_37

6. Nikitenko, D., Zheltkov, A.: The Top50 list vivification in the evolution of HPC rankings. In:

Sokolinsky, L., Zymbler, M. (eds.) Parallel Computational Technologies. Communications

in Computer and Information Science, vol. 753, pp. 14–26. Springer, Cham (2017). https:

//doi.org/10.1007/978-3-319-67035-5_2

7. Nikitenko, D., Zhumatiy, S., Paokin, A., et al.: Evolution of the Octoshell HPC center man-

agement system. In: Sokolinsky, L., Zymbler, M. (eds.) Parallel Computational Technolo-

gies. Communications in Computer and Information Science, vol. 1063, pp. 19–33. Springer,

Cham (2019). https://doi.org/10.1007/978-3-030-28163-2_2

8. Nikitenko, D.A.: Top 50: Ranking of the most powerful computing systems in the CIS.

In: Voevodin, V.V., Tyrtyshnikov, E.E. (eds.) Numerical Methods, Parallel Computing

and Information Technologies: Collection of Scientific Works, pp. 173–182. Moscow State

University Publishing, Moscow (2008)

9. Nikitenko, D.A.: Hierarchical model of architecture of supercomputer systems for com-

parison and ranking. Bulletin of the South Ural State University. Series: Computational

Mathematics and Software Engineering 11(4), 5–18 (2022). https://doi.org/10.14529/

cmse220401

10. Steed, C.A.: Supercomputing Top500 visualizations. https://csteed.com/Top500Vis/

(2026), accessed: 2026-04-05

11. Strohmaier, E., Meuer, H.W., Dongarra, J., et al.: The Top500 list and progress in high-

performance computing. Computer 48(11), 42–49 (2015). https://doi.org/10.1109/MC.

2015.338

12. The GRAPH500 Organization: The GRAPH500 List. Official website. https://graph500.

org/ (2026), accessed: 2026-04-05

13. The GREEN500 Organization: The GREEN500 List. Official website. https://green500.

org/ (2026), accessed: 2026-04-05

14. The IO500 Organization: The IO500 List. Official website. https://io500.org/ (2026),

accessed: 2026-04-05

15. The Linux Foundation: 20 years of Top500 data show Linux’s role in su-

percomputing breakthroughs. https://www.linuxfoundation.org/blog/blog/

V.A. Kuleshov, D.A. Nikitenko

2026, Vol. 13, No. 2 25

https://doi.org/10.1177/109434209901300204
https://doi.org/10.1145/3432261.3432263
https://doi.org/10.1007/978-3-030-64616-5_37
https://doi.org/10.1007/978-3-319-67035-5_2
https://doi.org/10.1007/978-3-319-67035-5_2
https://doi.org/10.1007/978-3-030-28163-2_2
https://doi.org/10.14529/cmse220401
https://doi.org/10.14529/cmse220401
https://csteed.com/Top500Vis/
https://doi.org/10.1109/MC.2015.338
https://doi.org/10.1109/MC.2015.338
https://graph500.org/
https://graph500.org/
https://green500.org/
https://green500.org/
https://io500.org/
https://www.linuxfoundation.org/blog/blog/20-years-of-top500-data-show-linuxs-role-in-supercomputing-breakthroughs


20-years-of-top500-data-show-linuxs-role-in-supercomputing-breakthroughs

(2013), accessed: 2026-04-05

16. The PostgreSQL Global Development Group: PostgreSQL documentation. https://www.

postgresql.org/docs/ (2026), accessed: 2026-04-05

17. The Ruby on Rails Team: Ruby on Rails guides. https://guides.rubyonrails.org/

(2026), accessed: 2026-04-05

18. The Top500 Organization: The Top500 List. Official website. https://top500.org/lists/

top500/ (2026), accessed: 2026-04-05

19. Top50 Project: The Top50 Supercomputers List. Official website. https://top50.

parallel.ru/list (2026), accessed: 2026-04-05

20. Voevodin, V.V., Antonov, A.S., Nikitenko, D.A., et al.: Supercomputer Lomonosov-2: Large

scale, deep monitoring and fine analytics for the user community. Supercomputing Frontiers

and Innovations 6(2), 4–11 (2019). https://doi.org/10.14529/jsfi190201

21. Voevodin, V.V., Chulkevich, R.A., Kostenetskiy, P.S., et al.: Administration, monitoring

and analysis of supercomputers in Russia: a survey of 10 HPC centers. Supercomputing

Frontiers and Innovations 8(3), 82–103 (2021), https://doi.org/10.14529/jsfi210305

An Approach to Analyzing the Entries of HPC Systems in Supercomputer Ratings ...

26 Supercomputing Frontiers and Innovations

https://www.linuxfoundation.org/blog/blog/20-years-of-top500-data-show-linuxs-role-in-supercomputing-breakthroughs
https://www.postgresql.org/docs/
https://www.postgresql.org/docs/
https://guides.rubyonrails.org/
https://top500.org/lists/top500/
https://top500.org/lists/top500/
https://top50.parallel.ru/list
https://top50.parallel.ru/list
https://doi.org/10.14529/jsfi190201
https://doi.org/10.14529/jsfi210305


Study of Graphics Accelerators Performance for Numerical

Solution of the Poisson Equation Using the Chebyshev Method

Sergey V. Polyakov1 , Marina A. Kornilina1 ,

Tatiana A. Kudryashova1

c© The Authors 2026. This paper is published with open access at SuperFri.org

The problem of the efficient numerical solution of boundary value problems for elliptic equa-

tions on high-performance computing systems is discussed. In the context of this problem, the

use of a special Chebyshev iterative method to solve such problems by the multi-core central

processors and graphics accelerators is analyzed. One of the objective functions of such analysis

is to compare the time of solving an elliptic boundary value problem by one node with several

central processors and one graphics accelerator. The motivation for this consideration is that in

many practical applications, the numerical solution of an elliptic problem significantly slows down

the overall algorithm. Taking this circumstance into account, as an example, a two-dimensional

Dirichlet boundary value problem for the Poisson equation with constant and variable coefficients

is considered. Its solution is based on the well-known “cross” scheme on the most detailed Carte-

sian grid. For this statement, a modified Chebyshev iterative algorithm is proposed. Such approach

significantly reduces the requirements to the used RAM. A parallel software implementation of the

algorithm, designed for both central processing units (CPUs) and graphics accelerators (GPUs),

is examined. The study investigates the algorithm’s convergence and the performance of the used

computing systems. It analyzes their dependence on the dimension of the grid problem and other

parameters. Numerical experiments are used to determine the limits of the algorithm’s applicabil-

ity and to discuss the efficiency of its implementation on CPUs and GPUs.

Keywords: Dirichlet boundary problem for Poisson equation, cross difference scheme, Cheby-

shev preconditioned method, parallel implementation for central and graphics processor units.

Introduction

The problem of efficient numerical solving boundary value problems for elliptic equations

is encountered in many current applications. Fast and reliable numerical algorithms for solving

elliptic problems are most in demand in computational fluid dynamics, electrodynamics, strength

mechanics, and other fields. The general formulation of the differential problem is as follows:

Lu = f, x ∈ Ω ⊂ Em, lu = g, x ∈ ∂Ω. (1)

Here L is the elliptic differential operator with respect to coordinates xk of m-dimensional spatial

vector x = (x1, . . . , xm), defined in a compact region Ω of Euclidean space Em, u = u (x) is

the desired function, f = f (x) is specified in Ω function, l is boundary differential-algebraic

operator, containing spatial derivatives of no higher than the 1st order, ∂Ω is border of the

region Ω. It is assumed that the input data of problem (1), the boundary for the domain and

the coefficients of the equations, have the required properties. Then a solution to problem (1)

exists and is unique [1].

The general numerical procedure for solving problem (1) is as follows. First, the domain Ω

is discretized. As a rule, a grid Ωh is built for this purpose with a border ∂Ωh, based on a

system of individual nodes or cells. Then, based on the chosen discretization, an approximation

of equations (1) is constructed. Most often, either the finite volume method [2] or the finite

element method [3] is used for this aim. The approximation results in a discrete formulation of
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the form:

Λhyh = fh, x ∈ Ωh, lhyh = gh, x ∈ ∂Ωh. (2)

Here Λh, yh, fh, lh and gh are discrete analogues of the above-mentioned continuous objects

defined on sets Ωh and ∂Ωh. Equations (2) are a system of algebraic linear (quasilinear) equations

of the form:

AY = F, (3)

here Y and F are unknown and given vectors from the real vector space RN , A is a real matrix

from the matrix space RN×N , N is the number of unknowns which equal to either the number

of nodes/cells in used grid for the finite volume method, or the number of basic functions for the

finite element method. In the quasi-linear case, it is assumed that the elements of the matrix A

and vector F depend on the components of the vector Y.

In this paper, we take into account many years of experience in solving algebraic problems

of the form (3), obtained on the basis of approximations of elliptic equations (1). Accumulated

since the early 1950s, this experience has been systematized in extensive literature (see, for

example, [4–33]) and summarized in [34]. In addition to many practical methods for accelerating

the solving algebraic problems of the form (3), special iterative methods are currently being

developed and used, oriented towards parallel computations using high-performance systems

with CPUs and GPUs. At the same time, it is known that the use of a large number of computing

devices does not yet guarantee a significant acceleration. The reasons for this are the limitations

of the architectures of computing systems, including insufficient communication speed between

computers, an imbalance in the performance of CPUs and GPUs, as well as different RAM

bandwidths.

In the current situation, the following approach can be recommended for most specific

applications. For moderately sized problems (within a billion unknowns in the solution vector),

it is proposed to use a separate device for its numerical solution. This device can be a computing

node equipped with either several multi-core, high-performance CPUs with sufficient shared

RAM, or one or more GPUs with sufficient graphics memory. This approach eliminates the

problem of network communications slowing down computations, but the relatively low data

transfer rate over the buses within the node remains. The second problem can be partially

solved by using specialized iterative algorithms focused on parallelization on shared memory.

This paper examines the practical implementation of the proposed approach using the ex-

ample of solving a two-dimensional Dirichlet problem for the Poisson equation with constant

and variable coefficients. This example is the most complex due to the strong sparseness of the

matrix of the algebraic system (3). In the two-dimensional case, the convergence rate of the

iterations is significantly lower than, for example, when solving the spatially three-dimensional

problem (1). The goal of the study is to develop and test an iterative algorithm that would allow

us to solve the problems (3) of maximum dimension using a single computing node equipped

with a CPU and a GPU.

The article is organized as follows. Section 1 is devoted to the problem formulation and

the numerical approach to its solution. In Section 2 the iterative schemes of the Chebyshev

method are discussed. Section 3 contains a description of parallel algorithms for solving the

discrete problem. Section 4 describes the test problems and analyzes the results of their solution.

Conclusion summarizes the study and points directions for further work.
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1. Mathematical Problem and Difference Scheme

Let us consider a linear Poisson equation in a finite simply connected rectangular area of

the form:

∂

∂x1

(
κ1

∂u

∂x1

)
+

∂

∂x2

(
κ2

∂u

∂x2

)
= −f (x1, x2) , (x1, x2) ∈ Ω, (4)

with Dirichlet boundary conditions:

u (x1, x2) = g (x1, x2) , (x1, x2) ∈ ∂Ω. (5)

We assume that the elliptic operator used in (4) satisfies the conditions of strict ellipticity

at all points. The domain Ω, κα coefficients and the function f are quite smooth, the border of

the region ∂Ω is piecewise smooth except for a finite number of points, the boundary function

g is continuous. Then the solution of the problem (4), (5) exists and is unique [1].

We will solve the problem (4), (5) numerically using the finite difference method. To do this,

we will assume that Ω coincides with an open square (0, 1) × (0, 1). Then a uniform Cartesian

grid Ω̄h = ω̄x1
× ω̄x2

, here ω̄xα
= {xα,iα = iαhα = iα/Nα, iα = 0, . . . , Nα} , α = 1, 2, can be

introduced in its closure Ω̄ = Ω ∪ ∂Ω. On this grid, equation (4) is approximated by the well-

known “cross” difference scheme supplemented by Dirichlet grid conditions:

1

~1

{
κ1,i1+1/2,i2

yi1+1,i2 − yi1,i2
h1

− κ1,i1−1/2,i2

yi1,i2 − yi1−1,i2

h1

}
+

1

~2

{
κ2,i1,i2+1/2

yi1,i2+1 − yi1,i2
h2

− κ2,i1,i2−1/2
yi1,i2 − yi1,i2−1

h2

}
= fi1,i2 ,

iα = 1, . . . , Nα − 1,

yi1,i2 = gi1,i2 , iα = 0, Nα, α = 1, 2.

(6)

In discrete equations (6), the grid function yi1,i2 is an approximation to the ex-

act solution on the grid ui1,i2 = u (x1,i1 , x2,i2), κ1,i1±1/2,i2 and κ2,i1,i2∓1/2 are expres-

sions 0.5 [κ1 (x1,i1 , x2,i2) + κ1 (x1,i1±1, x2,i2)] and 0.5 [κ2 (x1,i1 , x2,i2) + κ2 (x1,i1 , x2,i2±1)], fi1,i2 =

f (x1,i1 , x2,i2), gi1,i2 = g (x1,i1 , x2,i2), ~1 and ~2 are the average steps of the grid, in this case

equal to h1 and h2.
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Before finding a solution of the difference scheme, a well-known transformation of equa-

tions (6) to a special form is performed:

di1,i2yi1,i2 − a1,i1,i2yi1−1,i2 − b1,i1,i2yi1+1,i2 − a2,i1,i2yi1,i2−1 − b2,i1,i2yi1,i2+1 = ϕi1,i2 ,

a1,i1,i2 =
~2
h1
κ1,i1−1/2,i2 , b1,i1,i2 =

~2
h1
κ1,i1+1/2,i2 ,

a2,i1,i2 =
~1
h2
κ2,i1,i2−1/2, b2,i1,i2 =

~1
h2
κ2,i1,i2−1/2,

di1,i2 = a1,i1,i2 + b1,i1,i2 + a2,i1,i2 + b2,i1,i2 ,

ϕi1,i2 = ~1~2fi1,i2 , iα = 1, . . . , Nα − 1,

yi1,i2 = gi1,i2 , iα = 0, Nα, α = 1, 2.

(7)

As a result of transformation (7), the matrix of system (3) becomes symmetric and positive

definite. The portrait of the matrix depends on the ordering of the unknowns in the vector Y

and the order of the equations. With a natural ordering of the view:

Y = (y0,0, y1,0, . . . , yN1,0, y0,1, y1,1 . . . , yN1,1, . . . , y0,N2
, y1,N2

, . . . , yN1,N2
) ,

the portrait of the matrix has a block tri-diagonal structure (see Fig. 1). This implies the pre-

liminary exclusion of the function’s boundary values yi1,i2 from consideration using the standard

dimensionality reduction procedure. Below, we will use precisely this ordering of unknowns and

equations.

Figure 1. Portrait of the matrix of the system (3)

2. Iterative Algorithms

Let us now describe the proposed iterative approach. It is based on the Chebyshev iterative

algorithm [6, 10]. We formulate it using the well-known two-layer iterative scheme [10]:

Bs+1
Ys+1 −Ys

τs+1
+ AYs = F, s = 0, 1, . . . . (8)
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This scheme assumes setting some initial vector Y0 and calculating subsequent approximations

to the solution of problem (3) using equations (8). The transition to the next approximation

is carried out by inverting the matrices Bs+1. The convergence rate is adjusted by iterative

parameters τs+1. A specific iterative algorithm is determined by the choice of a sequence of

transition operators Bs+1 and iterative parameters τs+1. It is known (see, for example, [10]) that

scheme (8) converges to the solution of system (3) in a finite number of steps if the following

conditions are met:

A = AT > 0, Bs+1 = BT
s+1 > 0, τs+1 > 0, Bs+1 − 0.5τs+1A > 0, s = 0, 1, . . . . (9)

Before solving system (3), a preconditioner matrix M is often chosen, which leads system (3)

to a modified form:

M−1AY ≡ ÃY = M−1F ≡ F̃. (10)

For example, in the iterative Jacobi method, the matrix M coincides with the main diagonal DA

of the matrix A. The purpose of such a transformation is to significantly reduce the number

of iterations n = n (ε) required to achieve accuracy ε > 0. Such a decrease occurs due to a

change in the spectral properties of the matrix of the system (10). The criterion for convergence

of iterations will be considered to be the achievement of a norm in the space C (Ωh) of the

discrepancy of a given value:

||R|| = ||F̃− ÃY|| ≤ ε. (11)

The Chebyshev iterative method applied to the system (10) implies the use of unit transition

matrices (Bs+1 = I) and iterative parameters determined by the formulas [6, 10]:

τs+1 =
τ0

1− µ−1
µ+1 cos π(2s+1)

2n

, s = 0, . . . , n− 1, (12)

here τ0 = 2/
(
λmin

(
Ã
)

+ λmax

(
Ã
))

is the optimal parameter, µ = λmax

(
Ã
)
/λmin

(
Ã
)

is

the spectral number of conditionality, λmin

(
Ã
)

and λmax

(
Ã
)

are minimum and maximum

eigenvalues of the matrix Ã. In this case, calculations are performed in a series of iterations

n = 2m, and the iterative parameters are ordered in a certain way [6].

The Chebyshev method can be combined with the Jacobi method. Such a combined method

can be written either in operator form:

Ys+1 −Ys

τs+1
+D−1

A AYs = D−1
A F, s = 0, 1, . . . . (13)

or in the form of a numerical scheme using the notation used in (7):

ys+1
i1,i2

= (1− τs+1) y
s
i1,i2

+ τs+1d
−1
i1,i2

rs+1
i1,i2

,

rs+1
i1,i2

= a1,i1,i2y
s
i1−1,i2

+ b1,i1,i2y
s
i1+1,i2

+ a2,i1,i2y
s
i1,i2−1 + b2,i1,i2y

s
i1,i2+1 + ϕi1,i2 ,

iα = 1, . . . , Nα − 1, α = 1, 2, s = 0, 1, . . . ,

ys+1
i1,i2

= gi1,i2 , iα = 0, Nα, α = 1, 2, s = 0, 1, . . . .

(14)

Since one of the goals of the work is to apply the proposed iterative method in conditions

of limited RAM, we will monitor the required volume for this. In particular, in the case of
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problem (4) with the Laplace operator (κα ≡ 1, α = 1, 2), matrix storage A is not required

when implementing the iterative scheme (13). RAM will be allocated only for vectors Ys+1,

Ys, F, which will amount to 3N cells, where N = (N1 + 1) (N2 + 1). More generally, when

κα 6= const, α = 1, 2, 4 more side diagonals of the matrix A are stored, which will require a total

of 7N cells.

Then let us consider the issue of computational costs in the implementation of the itera-

tive scheme (13). As is well known (see, for example, [10]), the general number of arithmetic

operations for this scheme is Q1 = q1n (ε), where q1 is the number of operations required to

implement one step of the iterative scheme, n (ε) is the number of such steps required to achieve

accuracy ε. In the case of highly sparse matrices A value q1 = O (N), and it is not possible to

lower it. Value n (ε) depends on the scheme of the iterative algorithm and its parameters. In

the general situation n (ε) = O (N ln (2/ε)). This estimate is valid for two-layer schemes with a

diagonal transition operator Bs+1 = D. However, when using the Chebyshev parameter set or

the three-layer Chebyshev method [10], the estimate of the number of iterations n (ε) is reduced

to O
(√

N ln (2/ε)
)

. This fact explains the choice of this method as the basis for further analysis.

A variety of approaches are used to achieve a more significant acceleration of iteration

convergence. The most popular of them are methods such as conjugate and biconjugate gradients

[5–16, 20, 24] using Krylov subspaces of various dimensions. These methods are three-layered and

automatically estimate the rate of convergence of iterations O
(√

N ln (2/ε)
)

. When factorized

matrices are used as transition operators Bs+1 in them, for example, those close to Gaussian

decomposition A = LU, an even higher convergence rate (of the order O
(
N1/4ln (2/ε)

)
and

lower) is achieved. However, the price for this acceleration is an increase in the required RAM

and the use of additional information about the spectrum of the matrix A. In the most difficult-

to-implement variants (see, for example, [20, 24]), not only additional RAM is required, but there

is also an increase in labor intensity (increase q1), which does not adapt well to the architectures

of GPU systems.

It is also worth to mention the methods of variable directions [10], which have a maximum

convergence rate (of the order), but are suitable only for solving problems in rectangular areas on

Cartesian grids. Similar asymptotics can be obtained using multigrid iterative methods [31–33].

However, even here, complex logic and the re-sorting of unknowns and equations are difficult to

implement on GPU systems.

Without disputing the advantages of the above methods, we will not consider them in this

paper due to the available objective function – saving computing RAM when solving large-

dimensional problems and simplicity of parallel implementation on hybrid nodes with CPU and

GPU.

Another possibility to accelerate the convergence of iterations within the framework of the

Chebyshev approach is the use of the alternating triangular method [4, 6, 10, 15, 28, 30, 35–40].

Its formulation is obtained if a factorized matrix of the form is used as the preconditioner matrix

M = (DA + A−) D−1
A (DA + A+), here A− and A+ are lower and upper triangular matrices,

which together with DA make up the original matrix A = DA + A− + A+. Considering that the

inversion of the matrix factors M to obtain M−1 does not increase the asymptotic value q1 (it

still amounts to O (N)), the scheme of the method can also be written as:

(
I + D−1

A A−
) (

I + D−1
A A+

) Ys+1 −Ys

τs+1
+ D−1

A AYs = D−1
A F, s = 0, 1, . . . . (15)
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Scheme (15) is transformed into a four-stage algorithm that requires additional storage of

one vector (the residual vector Rs = D−1
A F − D−1

A AYs), compared with algorithm (13). Then

the total required memory is either 4N , or 8N cells. The convergence rate increases, including

through the use of Chebyshev acceleration. Scheme (15) will be used mainly for the case of

variable coefficients in equation (4).

3. Parallel Realization

The above-mentioned iterative schemes (13) and (15) have been adapted to parallel com-

puting. In this context, scheme (13) has been discussed in many papers, scheme (15) has been

studied in [35–40]. In this paper, the issue of software implementation of iterative schemes (13)

and (15) on a node with multi-core processors and on a graphics accelerator was considered. As

a result, the following solutions were implemented.

OpenMPI was chosen as the parallel programming standard for nodes with CPUs [41].

The motivation for this solution was that the most efficient calculations on shared memory are

implemented when each core interacts with its individual RAM block. The OpenMPI utilities

provide such work discipline due to their focus on distributed computing. In addition, the modern

implementation of OpenMPI takes into account the hardware features of computing nodes, up to

the automatic allocation of NUMA devices [42]. When using other computing standards (POSIX

Threads [43], OpenMP [44]), these problems have to be solved independently and, as a rule,

inefficiently.

The parallelization technique was based on the area separation method [45]. At the same

time, the topology of the initial problem was taken into account, namely, the two-dimensionality

and configuration of the area Ω. As a result, the difference grid was split into two spatial

directions and compared with a two-dimensional grid of computers, which were CPU cores. The

implementation of iterative schemes (13) and (15) did not require the convolution of the grid

function into a linear vector. The final code was developed in the ANSI C language.

When developing parallel implementations of iterative schemes (13) and (15) for GPU com-

puting, the OpenCL parallel programming standard was used [46]. This made it possible to use

a single code for calculations on NVidia and AMD graphics accelerators. At the same time,

the main program was developed in C++ and used thread separation based on the OpenMP

standard to speed up work. In fact, within the framework of the general iterative scheme im-

plemented on the CPU, time-consuming operations of matrix-vector multiplication and scalar

product calculations were performed on the GPU. This approach has been proposed and suc-

cessfully tested in many papers (see, for example, [47–55]). The parallelization technique in this

case required convolution of the tabular grid function yh = {yi1,i2} in a linear vector Y. It was

divided into adjacent blocks in accordance with the number of GPU multiprocessors. If there are

several GPUs, you can distribute the implementation of each iteration between them. However,

this will not be efficient enough when using the PCI Express bus.

4. Testing of Parallel Iterative Algorithms

Three tasks were used to test the proposed parallel iterative algorithms. The task data is

shown in Tab. 1.
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Table 1. The initial data of the test tasks

Task No. View of coefficients κα The exact solution formula

1 κα ≡ 1, α = 1, 2 u = sin (πk1x1) sin (πk2x2)

2 κα ≡ 1, α = 1, 2 u = sin (πk1x1) sin (πk2x2) cosh (a (x1 − x2))
3 κα = 1 + b · κ (x1)κ (x2), α = 1, 2 u = sin (πk1x1) sin (πk2x2) cosh (a (x1 − x2))

κ (x) = exp
[
− (x− 0.5)4 /c4

]

The right-hand side of equation (4) was calculated based on a given exact solution:

f (x1, x2) = − ∂

∂x1

(
κ1

∂u

∂x1

)
− ∂

∂x2

(
κ2

∂u

∂x2

)
. (16)

In tasks 1–3, the parameters are k1 = 2, k2 = 2; in tasks 2 and 3 a = 2, in task 3 parameter b

is ranged from 1 to 103, parameter c = 0.1. The general view of the solutions to problem 1 is

shown in Fig. 2, tasks 2 and 3 are shown in Fig. 3 and Fig. 4 shows the dependence of the

coefficients on the coordinate at a fixed value of the coordinate x2 = 0.5. The dependence κα

on the coordinate x2 was similar. The type of exact solutions determined their values at the

boundary: g (x1, x2) ≡ 0.
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Figure 2. General view of the solution of task 1

Let us explain the choice of test tasks. The first two tasks use the Laplace operator as

a differential operator. This is convenient because all the parameters of the spectrum at the

differential and discrete levels are known for this operator. At the same time, task 1 corresponds

to the case of separation of variables, in which the solution is represented by a finite Fourier

series. In task 2, separation of variables is impossible, and the Fourier series becomes infinite.

The task 3 differs from task 2 in the presence of dependencies of coefficients κα simulating an

insert made of a material with significantly different properties. The latter allows us to study

the influence of the number of conditionality of the corresponding matrix of the system (3) on

the convergence of iterative algorithms. It should also be noted that even fast convergence of
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Figure 3. General view of solving tasks 2 and 3

iterations is not a guarantee of obtaining a solution to the numerical scheme with an accuracy

corresponding to the order of approximation.

Kα

0
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x1
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Figure 4. Dependence κα from x1 for x2 = 0.5 in task 3

During the test calculations, the IMM23, K60GPU, K120AMD, and K120NVI computing

systems installed at the Keldysh IPM RAS Supercomputer Center for Collective Use were used.

The characteristics of the systems used are shown in Tab. 2.
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Table 2. Characteristics of the computing systems used

Name Quantity

CPU

Model and characteristics

CPU

Quantity

GPU

Model and characteristics

GPU

Server

IMM23

2 AMD EPYC 9124,

1500 MHz, 16 Cores,

32 Threads, Mem 128 Gb

1 gfx908 (AMD Instinct

MI100 32Gb, PCIe Gen4),

1502 MHz, 120 CU, 7680

stream cores

Node

K60GPU

2 Intel(R) Xeon(R) Gold

6142, 2600 MHz,

16 Cores, 32 Threads,

Mem 384 Gb

4 GV100 (Nvidia V100

32Gb, PCIe Gen4),

1230–1380 MHz, 84 SM,

TMU 640, CUDA cores

5120

Node

K120AMD

2 Intel(R) Xeon(R) Gold

6444Y, 4000 MHz,

16 Cores, 32 Threads,

Mem 512 Gb

4 gfx90a (AMD Instinct

MI210 64Gb HBM2e, PCIe

Gen4), 1700 MHz, 104 CU,

6656 stream cores

Node

K120NVI

2 Intel(R) Xeon(R) Gold

6444Y, 4000 MHz,

16 Cores, 32 Threads,

Mem 512 Gb

4 GH100 (NVidia H100

80GB, PCIe Gen5),

1095-1755 MHz, 114 SM,

TMU 456, CUDA cores

14592

Let us consider the test results for solving task 1. Calculations were performed using both

iterative schemes on the K60GPU cluster node and on the IMM23 server on central and graphics

processors. The calculations used codes implemented in the ANSI C/C++ language using the

OpenMPI and OpenCL parallel computing standards. The purpose of the calculations was to

demonstrate Chebyshev acceleration of convergence of implemented iterative methods. Table 3

and Table 4 show the results of the calculations performed. For square grids, the number of nodes

was chosen equal 2k. When analyzing the above results, it is necessary to take into account that

usually in Chebyshev methods, the accuracy of iteration is consistent with the approximation

error of the difference scheme. In this case, we set the accuracy, which is about two decimal

orders of magnitude higher than the expected accuracy of the difference scheme.

The data in Tab. 3 show that the applied variant of the conditional Chebyshev method (13)

has a root dependence on the total number of grid elements, that is n (ε) = O
(√
n1 · n2 · ln [2/ε]

)
.

This result is also illustrated in Fig. 5, where the dependence of the normalized number of

iterations is shown n̄ (ε) = n (ε)
(√
n1 · n2 · ln [2/ε]

)−1
.

When analyzing the results shown in Tab. 3, it can be seen that on the 2048×2048 and

4096×4096 grids, the numerical solution was obtained with approximately the same accuracy.

Here the reason lies in reaching the threshold of machine accuracy in the second case. This

leads to the fact that the right-hand side in equations (7) is calculated with large errors. In this

case, it is possible to correct the situation by artificially multiplying the vector of the right side

by a coefficient of the form 2k. The resulting solution is then divided by this coefficient. This

technique, let us call it “binary scaling”, allows you to get a solution with the required accuracy

even on detailed grids. Below, it is used in the calculations of tasks 1–3 for both iterative schemes.
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Table 3. Test results for solving task 1 according to scheme (13)

Grid size

n1 × n2
Number of

processes

and

configuration

Calculation

time (sec)

Number of

iterations,

n (ε)

Iteration

convergence

criterion, ε

Accuracy of

the

numerical

solution, ∆

K60GPU, CPU, OpenMPI

128×128 1 (1×1) 0.132 616 1e-6 3.937e-06

256×256 1 (1×1) 0.912 1408 5e-7 1.297e-04

512×512 4 (2×2) 1.926 3362 1e-7 8.117e-06

1024×1024 16 (4×4) 4.752 7681 5e-8 8.773e-06

2048×2048 32 (4×8) 28.437 17438 1e-8 7.152e-07

4096×4096 32 (4×8) 387.560 36862 5e-9 7.646e-07

K60GPU, GPU, OpenCL

1024×1024 - 0.334 7681 5e-8 8.773e-06

2048×2048 - 2.159 17438 1e-8 7.152e-07

4096×4096 - 38.392 36862 5e-9 7.646e-07

IMM23, CPU, OpenMPI

128×128 1 (1×1) 0.056 616 1e-6 3.937e-06

256×256 1 (1×1) 0.527 1408 5e-7 1.297e-04

512×512 4 (2×2) 1.297 3362 1e-7 8.117e-06

1024×1024 16 (4×4) 3.153 7681 5e-8 8.773e-06

2048×2048 32 (4×8) 20.921 17438 1e-8 7.152e-07

4096×4096 32 (4×8) 256.834 36862 5e-9 7.646e-07

IMM23, GPU, OpenCL

1024×1024 - 0.518 7681 5e-8 8.773e-06

2048×2048 - 2.803 17438 1e-8 7.152e-07

4096×4096 - 47.639 36862 5e-9 7.646e-07

The data in Tab. 4 demonstrate a slower convergence of the iterative scheme (15). The

reason is that this scheme used a series of Chebyshev parameters of length 2. In this situation,

the root dependence of the number of iterations n (ε) changes to a linear one as the dimension

of problem (3) increases (see Fig. 5). For longer series, scheme (15) slows down even more. As

a result, its variant with two iterative parameters is further used, which are calculated using

formulas (12) with the selected parameter τ0.

It should also be noted that when computing on processors from different manufacturers,

the number of iterations may vary slightly due to different implementations of floating-point

arithmetic. This is clearly seen from the data in Tab. 4. Since a more complex chain of calcu-

lations is implemented in the iterative scheme (15), rounding errors have a stronger effect on

detailed grids when calculating task 1.

Let us now consider the results of solving task 2 using scheme (13) on large grids. The results

were obtained on all the above-mentioned computers (see Tab. 5) using parallel technologies

OpenMP for CPU and OpenCL for GPU. The calculations were performed with the parameter

ε = 10−6. The number of iterations was n (ε) = 929, 1773, 3377, 4925, 5770, 7186, 8596, 10001,

11397 for the grids specified in Tab. 5.
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Table 4. Test results for solving task 1 according to scheme (15)

Grid size

n1 × n2
Number of

processes

and con-

figuration

Calculation

time (sec)

Number of

iterations,

n (ε)

Iteration

conver-

gence

criterion, ε

Parameter

τ0

Accuracy

of the

numerical

solution,

∆

K60GPU, CPU, OpenMPI

128×128 1 (1×1) 0.643 1092 1e-6 0.94 1.644e-04

256×256 1 (1×1) 7.622 4526 5e-7 0.97 2.761e-05

512×512 4 (2×2) 125.571 20646 1e-7 0.98 7.958e-06

1024×1024 16 (4×4) 629.533 94353 5e-8 0.98 2.180e-06

2048×2048 32 (4×8) 2536.435 416113 1e-8 0.99 5.904e-07

4096×4096 32 (4×8) 4980.037 1738673 5e-9 0.99 9.507e-08

K60GPU, GPU, OpenCL

1024×1024 - 212.522 94353 5e-8 0.98 2.180e-06

2048×2048 - 609.667 416113 1e-8 0.99 5.904e-07

4096×4096 - 352.039 1738673 5e-9 0.99 9.507e-08

IMM23, CPU, OpenMPI

128×128 1 (1×1) 0.375 1092 1e-6 0.94 1.644e-04

256×256 1 (1×1) 6.488 4526 5e-7 0.97 2.761e-05

512×512 4 (2×2) 30.236 20646 1e-7 0.98 7.958e-06

1024×1024 16 (4×4) 139.570 94352 5e-8 0.98 2.180e-06

2048×2048 32 (4×8) 2571.582 416119 1e-8 0.99 5.904e-07

4096×4096 32 (4×8) 5933.479 1733057 5e-9 0.99 9.572e-08

IMM23, GPU, OpenCL

1024×1024 - 33.623 94352 5e-8 0.98 2.180e-06

2048×2048 - 453.943 416119 1e-8 0.99 5.904e-07

4096×4096 - 951.392 1733057 5e-9 0.99 9.572e-08

Analyzing the data in Tab. 5, we see that modern graphics accelerators can solve two-

dimensional elliptic boundary value problems of sufficiently large dimensions, making them

suitable for most current applications. Among the GPUs we used, the GH100 supports the

maximum elliptic problem dimension. For variable coefficients, it reaches 32768×32768. Table 5

also shows that the main limiting factor in computational speed is RAM bandwidth. This applies

to both CPUs and GPUs. The relative speedup achieved using a GPU versus a CPU node is

shown in Fig. 6 for all four systems. They demonstrate that as the problem size increases, the

GPU increasingly outperforms the CPU node.

Let us now discuss the application of scheme (15) for the case of variable coefficients of

equation (4) using the example of solving task 3. The calculations were performed on the IMM23

server. Table 6 presents the data obtained on grids of different dimensions and for different

values b. As expected, the convergence of scheme (15) when using large grids deteriorates with

increasing b. This is again due to rounding errors associated with the calculations of matrix

elements. Multigrid technology will likely help overcome this dependence.
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obtained when solving task 2
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Table 5. Test results for solving task 2 according to scheme (13)

Grid size

n1 × n2
Computer type

and technology

Time (sec)

Server

IMM23

Time (sec)

Node

K60GPU

Time (sec)

Node

K120AMD

Time (sec)

Node

K120NVI

1024×1024 CPU, OpenMP 3.408 1.567 1.734 1.644

1024×1024 GPU, OpenCL 0.821 0.529 0.528 0.232

2048×2048 CPU, OpenMP 23.708 13.413 13.159 12.700

2048×2048 GPU, OpenCL 4.185 3.224 3.055 1.236

4096×4096 CPU, OpenMP 178.904 70.224 99.038 97.019

4096×4096 GPU, OpenCL 28.686 23.118 20.797 8.246

6144×6144 CPU, OpenMP 593.188 221.443 311.050 317.346

6144×6144 GPU, OpenCL 83.707 74.891 59.440 26.355

8192×8192 CPU, OpenMP 1298.320 460.028 655.477 641.901

8192×8192 GPU, OpenCL 163.040 155.085 128.100 54.596

10240×10240 CPU, OpenMP 2381.910 890.509 1253.330 1254.130

10240×10240 GPU, OpenCL 309.563 300.987 234.493 105.671

12288×12288 CPU, OpenMP 4188.890 1579.790 2215.260 2266.440

12288×12288 GPU, OpenCL 554.968 524.636 402.219 182.974

14336×14336 CPU, OpenMP 6604.910 2490.220 3800.570 4047.06

14336×14336 GPU, OpenCL 884.013 819.417 626.890 288.752

16384×16384 CPU, OpenMP 9494.430 3723.690 4986.160 5222.420

16384×16384 GPU, OpenCL 1266.540 1218.240 909.693 429.445
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Table 6. Test results for solving task 3 according to scheme (15)

Grid size

n1 × n2
Number of

processes

and con-

figuration

Calculation

time (sec)

Number of

iterations,

n (ε)

Iteration

conver-

gence

criterion, ε

Parameter

τ0

Accuracy

of the

numerical

solution,

∆

b = 1

128×128 1 (1×1) 0.617 1763 1e-6 0.93 1.872e-04

256×256 4 (2×2) 2.710 7428 5e-7 0.96 4.493e-05

512×512 16 (4×4) 13.126 35564 1e-7 0.98 1.191e-05

1024×1024 32 (4×8) 114.466 147312 5e-8 0.99 2.871e-06

2048×2048 32 (4×8) 4022.841 650993 1e-8 0.99 7.285e-07

2048×2048 GPU,

OpenCL

710.624 650993 1e-8 0.99 7.285e-07

b = 8

128×128 1 (1×1) 0.454 1248 1e-6 0.88 3.939e-04

256×256 4 (2×2) 1.901 5210 5e-7 0.92 1.433e-04

512×512 16 (4×4) 9.349 25633 1e-7 0.97 2.264e-05

1024×1024 32 (4×8) 82.100 107287 5e-8 0.98 7.278e-06

2048×2048 32 (4×8) 2986.452 484223 1e-8 0.98 1.655e-06

2048×2048 GPU,

OpenCL

535.015 484223 1e-8 0.98 1.655e-06

b = 128

128×128 1 (1×1) 0.447 1278 1e-6 0.79 2.240e-03

256×256 4 (2×2) 1.838 5046 5e-7 0.74 6.291e-04

512×512 16 (4×4) 8.959 24638 1e-7 0.77 1.499e-04

1024×1024 32 (4×8) 80.111 104803 5e-8 0.77 4.052e-05

2048×2048 32 (4×8) 2958.324 478542 1e-8 0.77 9.888e-06

2048×2048 GPU,

OpenCL

529.501 478542 1e-8 0.77 9.888e-06

b = 1024

128×128 1 (1×1) 0.482 1340 1e-6 0.72 5.722e-03

256×256 4 (2×2) 1.833 5040 5e-7 0.71 1.515e-03

512×512 16 (4×4) 7.437 20228 1e-7 0.76 3.960e-04

1024×1024 32 (4×8) 65.711 85708 5e-8 0.77 1.066e-04

2048×2048 32 (4×8) 2461.501 398062 1e-8 0.77 2.594e-05

2048×2048 GPU,

OpenCL

430.032 398062 1e-8 0.77 2.594e-05
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Conclusion

The problem of effective numerical solution of boundary value problems for elliptic equa-

tions on central processors and graphics accelerators is considered. The two-dimensional Dirichlet

boundary value problem for the Poisson equation with constant and variable coefficients was

chosen as an example. For this formulation, it is proposed to use the classical “cross” differ-

ence scheme on a Cartesian grid and the modified Chebyshev iterative method. Based on the

Chebyshev method, two iterative schemes using the Jacobi transition operator or alternating

triangular factorization have been developed. For these schemes, parallel software implementa-

tions are presented, made for both central processors and graphics accelerators. The convergence

of iterative schemes and the performance of computing systems have been studied depending

on the problem dimension and other parameters. The limits of applicability of the developed

approach have been determined in numerical experiments. The main conclusion of the work is

that in many applications it is sufficient to allocate one calculator for the numerical solution of

an elliptic boundary value problem on a grid of moderate volume. This computing unit can be

a node with either multiple CPUs or multiple GPUs. The choice of a specific configuration is

determined by the complexity of the task and the availability of the necessary resources to solve

it.
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The slowdown in performance growth of general-purpose processors is driving the adoption

of specialized accelerators such as GPUs and FPGAs in shared supercomputer centers (SSCs).

FPGAs are attractive due to hardware-level parallelism and energy efficiency, but their inte-

gration significantly increases system heterogeneity: even with similar hardware, differences in

bitstreams make nodes functionally nonequivalent. For streams of short jobs, frequent reconfigu-

ration causes substantial overhead, while limited configuration-memory endurance constrains the

number of configuration cycles. Classical HPC schedulers usually ignore current FPGA configu-

rations and reconfiguration costs, leading to suboptimal task placement and reduced throughput.

This paper presents a multi-agent task dispatcher for a heterogeneous SSC that explicitly accounts

for FPGA configuration state and reconfiguration latency. Software agents on each FPGA node

make local decisions on task admission and configuration changes, coordinating via bulletin-board

queues. The model incorporates computation time, data transfer, and reconfiguration overhead

into the scheduling objective. A prototype was implemented on a cluster with up to 18 Tertius2T

reconfigurable units and two server nodes. Experiments with queues of up to 3500 tasks show

that the multi-agent dispatcher reduces average task completion time and keeps placement and

reconfiguration overheads within 40–1200 ms despite individual FPGA configuration times of at

least 13 s, demonstrating resilience to heterogeneity and improved resource utilization.

Keywords: high performance computing, hybrid computing systems, multi-agent scheduler,

reconfigurable systems, DAG scheduling.

Introduction

High-performance computing clusters (HPCs) are a key tool for solving problems charac-

terized by high computational complexity, the need for accurate numerical modeling, and large

volumes of floating-point operations. Traditional HPCs are dominated by architectures based

on CPUs and GPUs. However, increasing demands for performance, energy efficiency, and data

processing flexibility are leading to the proliferation of scalable heterogeneous architectures in-

corporating specialized hardware accelerators, including FPGAs [12]. FPGAs enable the imple-

mentation of computing cores directly in hardware, providing massive parallelism, low latency,

and the ability to adapt the architecture to a specific task. This makes them attractive for high-

performance computing, data stream processing, and the implementation of specialized machine

learning algorithms. At the same time, the inclusion of FPGAs in large shared supercomputer

centers (SSCs) raises new challenges in resource management and dispatching.

A distinctive feature of FPGA operation in HPCs is the presence of a heterogeneous set of

configurations used by various users and applications. Switching between configurations requires

a configuration procedure, which can be significant and comparable in time to task execution [15].

For a stream of short tasks, frequent reconfigurations lead to significant overhead and reduced

utilization of the computing infrastructure. Additionally, the limited resource of configuration

cycles when using non-volatile memory must be taken into account.

Classical task management systems in HPCs are typically focused on CPU/GPU nodes and

do not take into account the dynamics of FPGA configurations or the resource of the number
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of reconfigurations. This leads to inefficient task distribution, increased latency, and reduced

system throughput.

Team management systems in HPCs are traditionally based on centralized or hierarchical

schedulers implemented within software packages such as SLURM, PBS, LSF, and others. Such

schedulers take into account priorities, resource constraints, and allocation policies, but are

primarily designed for homogeneous or slightly heterogeneous CPU/GPU node configurations.

Support for FPGA specificity is typically limited to a rough estimate of the presence or absence

of the corresponding resource on a node [16].

In recent years, approaches to scheduling in heterogeneous clusters have been actively de-

veloping using heuristic and metaheuristic algorithms, as well as machine learning methods.

A number of studies consider models that account for the heterogeneity of computing devices

and performance differences for different types of tasks [1]. However, the problem of explicitly

accounting for FPGA reconfiguration time and resources during stream processing remains less

well-developed.

A separate area of research is related to the application of multi-agent technologies to the

management of distributed computing systems. Agent-based approaches enable decentralized

decision making, increased fault tolerance, and reduced load on the central dispatcher. In the

context of heterogeneous FPGA systems, this opens the possibility of locally accounting for the

current state of configurations and predicting future reconfigurations at the level of individual

nodes. The approach proposed in this paper combines the ideas of multi-agent control and a

specialized model of reconfigurable nodes, which allows not only to distribute tasks between

nodes, but also to optimize the sequence of FPGA configurations in order to reduce overhead

costs.

The article is organized as follows. Section 1 introduces the problem of task dispatching

in heterogeneous shared supercomputer centers with FPGA-based nodes and outlines the mo-

tivation for adopting a multi-agent approach. Section 2 presents the computing environment

model and formulates the task dispatching problem with explicit consideration of computation,

communication, and reconfiguration costs. Section 3 describes the proposed multi-agent dis-

patching system for a cluster based on Tertius-2T reconfigurable computing units, including its

architecture, agent functionality, and coordination mechanisms. Section 4 reports the results of

experimental studies and evaluates the effectiveness of the proposed approach. Section 5 dis-

cusses the results and the limitations of the proposed method. Conclusion summarizes the study

and points directions for further work.

1. Review of Approaches to Task Dispatching in Heterogeneous

High-Performance Computing Clusters with Reconfigurable

Accelerators

1.1. Problem Statement

The task of job dispatching in high-performance computing clusters (HPCs) involves dis-

tributing a set of jobs across multiple computing nodes to minimize certain target metrics:

make-span, average latency, network infrastructure load, and energy consumption. In the case

of heterogeneous clusters incorporating FPGA-based reconfigurable computing units (RCUs),

the task becomes significantly more complex: the functional equivalence of nodes is violated
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due to configuration differences, and the job execution time includes not only the computational

component but also the reconfiguration cost.

1.2. Traditional Job Management Systems in HPCs

Job management in HPCs has historically developed within the framework of centralized

batch schedulers. The most common of these are SLURM (Simple Linux Utility for Resource

Management), PBS/Torque, LSF, and the Microsoft HPC platform. These systems implement a

rich set of queuing, prioritization, resource reservation, and fault-tolerance policies. In particular,

SLURM supports backfill scheduling and heterogeneous jobs (hetjobs), which allow for the

allocation of different types of resources to individual task components [13].

However, the standard capabilities of such schedulers when applied to FPGA accelerators

are significantly limited. In its basic configuration, SLURM does not support the selection of

nodes with FPGA resources; this requires the development of specialized extensions. A more

fundamental limitation is that classic schedulers abstract from the internal state of accelerators:

they do not track the current FPGA configuration, do not consider the cost of configuration

switching when assigning tasks, and do not limit the number of configuration cycles based on the

resource of non-volatile memory. In conditions where the configuration time of a single FPGA

node can be tens of seconds, ignoring this factor leads to significant performance losses when

processing queues of short, heterogeneous tasks.

Among domestic developments, the TaskMaster HPC system, developed at the National

Research University Higher School of Economics for the cHARISMa supercomputer, is note-

worthy [8]. The system monitors task performance, identifies incorrectly launched calculations,

and recommends optimizations. According to the developers, the implementation of the system

increased the supercomputer’s effective performance by 20.5% in the first half of 2023. However,

this system is focused on a CPU/GPU cluster and does not cover the specifics of managing

reconfigurable resources.

1.3. Task Scheduling Algorithms in Heterogeneous Systems

1.3.1. Classical heuristics

Among the task scheduling algorithms for heterogeneous systems, the HEFT (Heteroge-

neous Earliest Finish Time) algorithm occupies a special place. This algorithm ranks tasks from

bottom to top based on computational and data transfer cost estimates, and then assigns each

task to the resource that provides the earliest completion time. HEFT has low computational

complexity and produces good results in practice; however, it does not take resource dynamics

into account and does not implement load balancing. Subsequently, improvements to HEFT were

proposed, including the lookahead-HEFT algorithm, which takes into account the impact of lo-

cally made decisions on the descendants of a task in the graph, and experiential HEFT for cloud

environments, which takes into account historical data on the effectiveness of assignments [3].

1.3.2. Accounting for FPGA reconfiguration overhead

In the context of systems with reconfigurable accelerators, a key challenge is optimizing

configuration switches. Complete FPGA reconfiguration involves loading a new bitstream for

the entire circuit, which is associated with a significant time cost. An alternative is dynamic
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partial reconfiguration (DPR), which allows changing only selected regions of the die while the

rest of the circuit is running. DPR provides significant acceleration of configuration switches

and opens up opportunities for multitasking on a single FPGA chip, but requires significant

engineering effort during design and is not applicable to all classes of tasks [11].

In the work of Rodriguez-Canal et al. an approach to preemptive task scheduling on FPGAs

using DPR is proposed, allowing for the simultaneous execution of multiple cores in different

reconfigurable regions and the preemption of lower-priority tasks. The authors show that the

worst-case overhead of their approach does not exceed 10%, while the performance gain compared

to full reconfiguration is at least 24%. In the broader context of real-time FPGA systems, the

FRED architecture is proposed, which uses ticket queues to control access to reconfigurable

regions and eliminate task contention.

The problem of integrated optimization of task scheduling, partitioning, and placement

on FPGAs with DPR is considered as a joint problem in a number of studies. The proposed

methods typically rely on Integer Linear Programming (ILP) or heuristic algorithms and are

aimed at minimizing the total execution time, taking into account the reconfiguration overhead.

In this paper, a specialized task scheduling algorithm is proposed for reconfigurable comput-

ing systems, taking into account both communication dependencies and the cost of switching

configurations [2, 5].

It is important to note that most of the listed approaches consider a single FPGA resource

or a small group of them, while the problem of scheduling task flows across a large heterogeneous

cluster of dozens of FPGA nodes with different configuration states and limited configuration

memory resources remains significantly less studied.

1.3.3. Configuration memory lifespan

Non-volatile memory (NVM) used to store FPGA configuration bitstreams has a lim-

ited lifespan in terms of write/erase cycles. For flash memory, this figure is typically around

100,000 Program/Erase cycles, while for some NVM types (PCM, RRAM) it ranges from 106 to

109 cycles. With intensive use of various configurations in a large data center, the memory lifes-

pan can be exhausted significantly faster than the design lifespan without special measures. The

problem of wear leveling has been well studied in relation to data memory in file systems and

storage systems, but in the context of managing FPGA configuration memory in data centers,

specialized solutions are significantly fewer. This is an important argument in favor of scheduling

algorithms that specifically reduce the number of reconfigurations [9, 17].

1.4. Multi-Agent Approaches to Computing Resource Management

1.4.1. Conceptual foundations of multi-agent dispatching

Multi-agent systems (MAS) represent a paradigm in which distributed system control is

implemented by multiple autonomous software agents interacting with each other and the en-

vironment. Each agent has a local state, goals, and behavioral strategy; decision making is

decentralized, ensuring scalability and fault tolerance [10]. Applied to HPC, the multi-agent

approach eliminates the need for a single central scheduler as a bottleneck and implements

dynamic, self-organizing resource management.

Theoretical and methodological foundations of multi-agent scheduling of distributed sys-

tems were developed at the Scientific Research Institute of Multiprocessor Computing Systems
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of the Southern Federal University (Taganrog), including for GRID computing and heteroge-

neous distributed systems. The paper [7] formulates formal models of multi-agent dispatching

for homogeneous and heterogeneous distributed systems of the first and second types, and de-

velops strategies and algorithms for the behavior of resource agents under conditions of limited

inventory, uncertainty, and a competitive environment.

1.4.2. Contract Net Protocol and its extensions

The most widely used mechanism for coordinating agents in task allocation is the Contract

Net Protocol (CNP), proposed by Smith in 1980. Within the CNP framework, a manager agent

announces a task, contractor agents submit proposals with cost estimates, and the manager

selects the winner and concludes the “contract”. The protocol allows for a hierarchical subcon-

tracting structure and is similar to a sealed auction mechanism. The use of CNP in MAS enables

efficient task allocation without global knowledge of the system state, relying solely on locally

available information and consistent messages.

A number of studies aim to improve the efficiency of CNP by modifying bid evaluation

strategies, introducing pheromone mechanisms, taking into account the current workload, and

varying the number of bidders. Thus, an improved CNP with a limited number of bidders allows

for a simultaneous reduction in message traffic and task allocation time while maintaining a

high percentage of successfully assigned tasks. A formal analysis of CNP and the conditions for

its correct application are discussed in [4, 18].

1.4.3. Blackboard architecture in MAS

A blackboard architecture is an alternative and complementary coordination mechanism in

MAS. In this architecture, agents do not exchange messages directly, but read and write data to

a shared structure – a blackboard – containing the current state of tasks, resources, and results.

This ensures loose coupling between agents, transparency of the system state, and simplifies the

addition of new participants. Blackboard architecture is actively used in real-time systems and,

more recently, in multi-agent systems [6].

In the context of HPC, the use of a blackboard as a centralized task queue fits well with

the decentralized logic of agents: the queue acts as a task “market” in which agents compete or

cooperate for assignments while maintaining full control over local resources and configurations.

1.4.4. MAS for HPC: current state

The paper [14] proposes a hierarchical MAS for distributed task scheduling in HPC, combin-

ing a global coordinator, cluster brokers, and node-level executor agents. Interaction is based on

a hybrid of CNP and auction mechanisms. The authors demonstrate that this scheme provides

significantly better resilience to queue instability and resource load fluctuations than traditional

centralized schedulers.

A promising approach is also the use of dynamic MAS with adaptive task reassignment

when the composition of agents or task parameters change. The DRAMA system offers a unified

abstraction of agents and tasks as resource objects with explicit attributes, enabling schedul-

ing based on the affinity of a task to a specific agent – a concept directly applicable to the

compatibility of a task with the current FPGA configuration.
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1.4.5. Comparative analysis of approaches

Table 1 provides a comparison of the approaches considered based on key characteristics

relevant to the dispatching task in a heterogeneous HPC with FPGA.

Table 1. Considered approaches

Approach Centralization FPGA Con-

figuration

Awareness

Reconfiguration

Time Aware-

ness

NVM Re-

source Aware-

ness

Scalability

SLURM/PBS (basic) Yes No No No High

SLURM + FPGA ex-

tension

Yes Partial No No High

HEFT and variations Centralized

offline

No [3] No No Medium

DPR schedulers

(FRED, etc.)

Local on-chip Yes (partial) Partial [11] No Low (one

FPGA)

Hierarchical MAS

(CNP)

Decentralized No [14] No No High

Proposed MAS

(present work)

Decentralized Yes Yes Yes High

An analysis of the table reveals that existing approaches either fail to consider the specifics

of FPGA nodes at all (traditional schedulers, classic algorithms like HEFT), or only consider

configuration at the individual FPGA chip level (DPR schedulers), or fail to explicitly limit

the configuration memory resource. The scheduling MAS proposed in this paper is designed to

simultaneously consider all of these factors across a cluster of dozens of RDBs.

2. System Models

2.1. Computing Environment Model

HPC can be represented as a set of computing nodes N = {n1, n2, . . . , nm} of various

configurations, providing various resources for task execution. The nodes are connected to the

communication network via communication channels Bi with varying bandwidths.

The parameters of the computing node nj include:

• rCPU
j – the number of available processor cores.

• rRAM
j – the amount of available RAM.

• rSCONF
j – static configuration;

• rDCONF
j – dynamic configuration;

• Wj – the node’s computing power allocated to all cores.

The static configuration of the compuitation unit (CU) describes parameters that do not

change during operation. For example, the presence of a specific GPU, NPU, or FPGA model,

connected peripherals, etc. The dynamic configuration of a CU describes the parameters that

can be influenced by the corresponding software available on the CU: installed software libraries,

loaded data files, FPGA firmware, and settings of specialized hardware used during task execu-

tion (e.g., the position of controlled surveillance cameras, power supply mode for autonomous

CUs). For each pair of dynamic configurations a and b, the reconfiguration time TRECONF
j (a, b)

from state a to state b is known.
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For the dispatching system to operate, a number of task-related information is required: the

received input data, the task structure (operation graph), the task type, time constraints for its

execution, and its metadata – information that allows for task classification when assessing its

complexity. Next, we consider the HPC task model.

2.2. Task Model

The vast majority of known works in the field of task scheduling in distributed systems are

devoted to optimizing the placement of batch tasks based on their structure, the operations they

comprise, and the parameters of the computing system. Given the above considerations, a task

for HPC can be described by a tuple zi = 〈Din
i , Gi, D

out
i , TMAX

i ,mi〉, where Din
i is the input

data descriptor, Gi is the directed acyclic graph of the task, Dout
i is the output data descriptor,

TMAX
i is the required execution time, and mi is the task metadata (user ID, task ID, etc.).

The task graph G = (V,E) consists of a set of nodes V = {v1, v2, . . . , vn} representing the

operations that must be performed by HPC to complete the task and a set of edges ei,j ∈ E ⊆
V × V describing the dependencies between the operations.

Each edge ei,j ∈ E represents a constraint that operation vi is a source of data for op-

eration vj and must be executed before it. Each edge ei,j is associated with a data transfer

volume Dij (in bytes). An example of a task graph is shown in Fig. 1.

For each operation vk, there is a set of operations pred(vk) on which vk depends and a set of

operations succ(vk) that depend on vk. Operations vi ∈ pred(vk) are connected to vk by edges

epredi,k ∈ Epred
k . Operations vj ∈ succ(vk) are connected to vk by edges esucck,j ∈ Esucc

k .

Figure 1. Example of a task graph

Regardless of the composition of HPC, the task execution process can be simplified as the

following sequence:

• placing the task in the HPC queue;

• assigning nodes to execute the task by the HPC dispatcher;

• preparing the selected nodes for the task: loading data, deploying and configuring the

necessary software components, reconfiguring hardware accelerators (loading FPGA con-

figurations, ANN weights), and

• configuring other hardware;

• launching the appropriate software modules to execute the task;

• transmitting the output data to the recipient (user).

Thus, the actual execution of any computational operations takes only a fraction of the

time. The total execution time of an individual task z can be simplified by the formula:
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τ(z) = Twait(z) + Tsched(z) + Tconf (z) + Tcalc(z), (1)

where Twait(z) is the wait time for task z in the queue, Tsched(z) is the time it takes to assign

the task to the HPC nodes, Tconf (z) is the time it takes to configure the corresponding HPC

resources, and Tcalc(z) is the calculation time.

Next, let us consider the factors that influence these variables.

The wait time for a task in the queue, Twait, is determined by how busy the dispatch-

ing system is processing other tasks. In fact, this indicator determines the throughput of the

dispatching system as a whole.

The time it takes to assign the task to the HPC nodes, Tsched, is determined by the perfor-

mance of the scheduling algorithm used by the dispatching system. Different algorithms have

different computational complexity depending on the number of scheduled operations, the con-

nections between them, the number of HPC nodes, and other parameters.

The time it takes to configure the HPC Tconf resource is determined by the complexity

of bringing the HPC nodes selected during scheduling to a state of readiness to perform the

assigned operations. It is worth noting that incoming tasks may require different dynamic con-

figurations of computing nodes, and with a high influx of such tasks, frequent reconfiguration of

the computing nodes will lead to unnecessary time expenditures. Therefore, when implement-

ing task dispatching in HPC, it is necessary to consider the compatibility of different types of

operations when assigning them to a single node.

Each node ni can execute a certain subset of operation types O(nj) ≡ Oj ⊆ O according

to its static and dynamic configuration, and each operation corresponds to one of the operation

types O(vi) ∈ O. Moreover, the task graph may contain several operations of the same type

(
⋃
O(vi) ⊆ O,

⋃
O(nj) = O).

The parameters of operation vk include:

• dCPU
k – the required number of processor cores;

• dRAM
k – the required memory size;

• dSCONF
k – the required static configuration;

• dDCONF
k – the required dynamic configuration.

We define a function A : V → N that determines the assignment of each operation vi ∈ V
to node nj ∈ N . Operation vk can be executed on node nj if the compatibility conditions are

met:

dCPU
k ≤ rCPU

j , dRAM
k ≤ rRAM

j , dSCONF
k = rSCONF

j , dDCONF
k = rDCONF

j . (2)

To run multiple operations on node nj simultaneously, the total values of the dCPU
k and dRAM

k

parameters must be less than or equal to the corresponding node parameters, and dSCONF
k and

dDCONF
k must match for all operations. That is, the compatibility conditions must be met:





∑
A(vk)=nj

dCPU
k ≤ rCPU

j ,∑
A(vk)=nj

dRAM
k ≤ rRAM

j ,

dSCONF
k = rSCONF

j ,∀k : A(vk) = nj ,

dDCONF
k = rDCONF

j , ∀k : A(vk) = nj ,

, (3)

where A(vk) is the node on which operation vk is located.
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2.3. Task Execution Time Estimation

As previously noted, each change of the dynamic configuration of node nj from state a to

state b takes a certain time TRECONF
j (a, b). Thus, the preparation time can be expressed as

follows:

Tconf = max
vi∈V

(
TRECONF
A(vi)

(
rDCONF
A(vi)

, dDCONF
i

))
. (4)

The computation time Tcalc generally depends on the quality of the placement proposed by

the scheduler, that is, on how well the selected HPC nodes match the assigned operations.

Consider a task described by a graph G(V,E) and distributed across a set of nodes N ′ ⊆ N
belonging to the HPC. Let us estimate the execution time of such a task.

If operations vi and vj are executed on different nodes, then the data transfer time between

them is:

Ttransfer (vi, vj) =
Dij

min (B (A (vi)) , B(A (vj)))
, (5)

where Dij is the volume of data transferred between operations vi and vj , B (n) is the throughput

of the channel connecting node n to the communication medium.

Let start(vi) and finish (vi) denote the start and end moments of the execution of operation

vi, and T (vi, nj) be the execution time of operation vi on node nj . Then:

finish (vi) = start (vi) + T (vi,A (vi)) . (6)

For operation vi depending on the completion of operation vp:

start (vi) = max
vp∈pred(vi)

(finish (vp) + Ttransfer (vi, vp) [A (vi) 6= A (vp)]), (7)

where [A (vi) 6= A (vp)] is a condition indicating that the operations are performed on different

nodes and that data transfer time must be taken into account.

Thus, the total task completion time is calculated recursively using the formula:

Tcalc = finish (vexit) = T (vexit,A (vexit))

+ max
vp∈pred(vexit)

(finish (vp) + Ttransfer (vexit, vp) [A (vexit) 6= A (vp)]), vexit : succ (vexit) = ∅.

(8)

3. Resource Dispatching for a High-Performance Computing

Cluster Based on the Tertius-2 RCU

When using traditional job scheduling methods in high-performance computing clusters

(HPCs) that include reconfigurable computing units, the execution time of the correspond-

ing operations T (vi, nj) includes not only the actual computation time Tcalc (vi, nj) but also

the resource reconfiguration time TRECONF
nj

(
rDCONF
nj

, dDCONF
i

)
. This does not have a sig-

nificant impact when performing long calculations based on a single reconfiguration (when

Tcalc � TRECONF ), but when intensively processing jobs with short operations, when the com-

putation time is comparable to the reconfiguration time, it will lead to a significant loss of time

and delays in job processing.
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To overcome the problem described above, a multi-agent dispatching system monitors the

state of reconfigurable resources and reduces reconfiguration latency by rationally distributing

task operations across HPC nodes, taking into account their current and planned configurations.

As part of the research on “Development of a Multi-Agent Resource Manager for a Hetero-

geneous Supercomputer Platform Using Machine Learning and Artificial Intelligence Methods”,

experimental studies of a multi-agent cluster dispatching system using the Tertius-2T RCU

manufactured by “SRC SC & NC” Co. Ltd were conducted at the Polytechnic Scientific and

Technical Center.

To experimentally study the proposed method for coordinating data flow processing task

assignments in HPC, a prototype software system implementing the corresponding algorithms

was developed.

The system structure is shown in Fig. 2.

Figure 2. General system structure

The system includes:

• 18 Tertius-2T reconfigurable computation units (RCUs);

• 2 server nodes;

• 18 agents deployed on RCUs;

• 2 bulletin boards serving as job queues on the server nodes.

The software (SW) of the Dispatching MAS agent is designed to organize the execution of

user jobs on RCUs within the supercomputer center (SCC).

The agent implements the following functions:

• monitoring available jobs on RCUs;
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• receiving job information for RCUs from the bulletin board (BB);

• receiving job input data for RCUs from BB;

• receiving configuration module files for RCU required to execute tasks from the high-

performance reconfigurable computing cluster (HPRCC) configuration module library;

• configuring RCU to execute user tasks according to the type of each task by selecting the

required configuration module of HPRCC;

• initiating the process of executing user tasks on RCU;

• transmitting the current status of tasks to RCU during their execution;

• receiving the results of user tasks and transmitting these results to RCU.

RCU implements the following functions:

• storing task configuration data and associated application files and data;

• receiving task information for RCU from the user, as well as the task data itself;

• storing task information for RCU, the task data itself, and the task calculation results

before transferring them to the user.

• transferring output data (execution results) of tasks to RCU to the user.

The structure of BB is shown in Fig. 3.

Figure 3. Bulletin board structure

The agent structure is shown in Fig. 4.

The MAS software was developed in C++ using the Qt 5.15 library and is designed to run

on GNU/Linux OS.

4. Results of Experimental Studies of the Dispatch MAS

To evaluate the effectiveness of the proposed dispatch MAS, experimental studies were

conducted on a cluster consisting of up to 18 Tertius-2T RCUs and two server nodes. The

experiments simulated the processing of task queues ranging from 200 to 3,500 tasks with varying

numbers of nodes and in two modes:

• without reconfiguration optimization (basic mode);

• with reconfiguration optimization and partial agent consent.
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Figure 4. Agent structure

The tasks represented a set of typical operations reflecting target scenarios for using FPGAs

in a HPC. For each task, the solution time was measured, including possible FPGA reconfigura-

tion, and the net computation time with a suitable configuration. For each series of experiments,

the following were recorded:

• queue size and total number of tasks;

• number of nodes involved;

• total solution time for all tasks in the queue;

• average solution time for one task;

• minimum, maximum, and average net computation time.

The experimental results are presented in Tab. 2.

Table 2. Experimental results

Net solution time, sec

Exp.

No

Total

number of

tasks

Number of

nodes

Time to solve

all tasks in the

queue, sec

Average

time to solve

1 task, sec

min max avg

without reconfiguration optimization

1 200 17 105 9.0 0.253 3.932 1.602

2 5000 17 3294 11.2 0.247 3.951 1.597

3 3500 6 8458 14.5 0.269 7.851 1.533

4 3500 17 2841 13.8 0.249 3.949 1.567

with reconfiguration optimization and partial agent consent

5 1000 9 700 6.300 0.251 3.922 1.582

6 1000 10 413 4.130 0.248 3.930 1.613

7 1000 16 762 12.192 0.246 4.019 1.591

8 3500 6 5263 9.022 0.268 7.848 1.531

Multi-Agent Task Flow Dispatching in a Heterogeneous Shared Supercomputer Center

58 Supercomputing Frontiers and Innovations



In the mode without reconfiguration optimization, a significant increase in the average task

execution time is observed with increasing queue size and/or decreasing the number of nodes.

This is due to the fact that tasks of different types are assigned to nodes without regard for

current and future configurations, which leads to frequent FPGA reconfigurations and high

overhead.

Enabling the partial agreement algorithm and reconfiguration optimization results in a sig-

nificant reduction in the average task execution time. For queues of up to 3,500 tasks, the

reduction can be multiple compared to the basic mode, while the net computational time re-

mains comparable. This indicates that the gain is achieved precisely due to the reduction in

reconfiguration time and more efficient use of already configured nodes.

The dynamics of task execution time during queue processing is illustrated in Fig. 5. In

the optimization mode, a more even distribution of solution time is observed, the absence of

pronounced peaks associated with large-scale reconfigurations, and faster queue burnout.

Figure 5. Dynamics of task resolution time changes during queue processing

The study demonstrated a significant reduction in average task resolution time, CPU load,

and network infrastructure utilization when using the partial agreement algorithm for dispatch-

ing task queues up to 3,500 in size.

5. Discussion of Results and Limitations

The experimental results demonstrate that accounting for FPGA reconfiguration time and

the use of a multi-agent approach can significantly improve the efficiency of task flow processing

in a heterogeneous cluster. The greatest gains are achieved in modes where:

• tasks are relatively short compared to configuration time;

• the task flow contains several common types that regularly recur in the queue;

• the number of available nodes is sufficient to separate responsibilities by task type.
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However, this approach has several limitations. It is necessary to support agent deployment

on each node, which increases software complexity and places demands on its reliability. The

decentralized nature of the algorithm generates communication overhead between agents and

bulletin boards, although experiments show that this overhead is significantly lower than the

time savings from reconfigurations.

Another limitation is the dependence of efficiency on the accuracy of computational and con-

figuration time estimates. Without adequate models or statistics, agents may make suboptimal

decisions. Furthermore, the current implementation does not take into account such factors as

power consumption, FPGA resource degradation, and possible task priorities, which represents

a promising area for further research.

Conclusion

This paper examines the problem of task flow dispatching in a heterogeneous shared super-

computer center incorporating reconfigurable FPGA-based computing units. It is shown that

reconfiguration overhead can account for a significant portion of the time spent processing short

tasks, and that the resource allocated to the number of configuration cycles is an important

limiting factor.

A multi-agent dispatching system is proposed in which software agents running on each

RCU make decisions on task assignment and FPGA reconfiguration based on local information

and partial consensus mechanisms. A system model that takes into account computational and

reconfiguration time is described, and optimization criteria are formulated.

Experimental studies on a cluster using the Tertius-2T RCU showed that the proposed

methods can significantly reduce the average task resolution time and reconfiguration overhead

for queue sizes of up to 3,500 tasks. Simultaneously, the load on the RCU CPU and network

infrastructure is reduced, confirming the effectiveness of the multi-agent approach.

Future development plans include enhancing the system to integrate various types of com-

puting devices into a single computing supercluster. This will enable end-to-end task dispatch-

ing across CPUs, GPUs, and FPGAs with a unified set of quality-of-service criteria, taking

into account their architectural features. This will also enable adaptive load redistribution be-

tween heterogeneous nodes based on online performance and workload assessments for individual

computing types. Additional constraints related to energy efficiency and the service life of the

FPGA’s non-volatile configuration memory will be incorporated into the model, allowing for

schedule optimization based on these factors.

A separate area of development is the transfer and adaptation of the proposed multi-agent

system for industrial use at existing SCCs with heterogeneous configurations, as well as ex-

panding the range of supported applications, including complex pipelined and graph computing

workloads.

This paper is distributed under the terms of the Creative Commons Attribution-Non Com-

mercial 3.0 License which permits non-commercial use, reproduction and distribution of the work

without further permission provided the original work is properly cited.
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Linear scaling of hardware resources in widely used systems based on graphics processing units

(GPUs) and central processing units (CPUs) for neural network training problems provides only

logarithmic scaling of real performance. This is due to the presence of dataflow discontinuities in

the computational graphs of neural network training problems, which lead to a significant decrease

in computational intensity and may even lead to a complete stop between execution stages. These

limitations are unacceptable if neural network training must be performed within a limited time

regardless of the amount of processed data. Reconfigurable computer systems (RCS) based on

field-programmable gate arrays (FPGAs), unlike traditional systems, demonstrate the potential

to address these limitations through the structural organization of calculations, as well as by

adapting to the specifics of solving the problem. Methods for minimizing the impact of dataflow

discontinuities have been formulated and theoretically justified for RCS. Based on these methods,

a methodology has been developed to construct efficient computing structures to solve neural

network training problems, ensuring real RCS performance that exceeds 70% of peak performance.

For GPU-based systems, achieving this level of computational efficiency is generally impossible.

For the first time, neural network-based data processing problems have been implemented using a

parallel-pipeline approach on the Arctur RCS, which contains 96 XCVU37P FPGAs. Experimental

results have shown that for these problems, the energy efficiency of a single Arctur RCS block is

56% higher than the energy efficiency of 16 NVIDIA DGX A100 blocks. Increasing the number

of Arctur RCS nodes enables near-linear scaling of real performance. For example, the RCS rack

consisting of 16 Arctur nodes is capable of providing the real performance of about 7 PFLOPS.

For neural network problems such as ResNet-50v1.5 training, the performance of this rack is

comparable to that of 12 NVIDIA DGX A100 racks with 2.2× lower power consumption.

Keywords: reconfigurable computer systems, FPGA, neural network training, dataflow discon-

tinuities.

Introduction

The progressive development of national economies is impossible without the widespread

application of artificial intelligence technologies for analysis of visual,audio and textual informa-

tion. Neural network technologies are increasingly used to solve such weakly formalized problems,

characterized by high computational complexity [1]. Neural networks are becoming a universal

computational tool, and further expansion of their application domains is expected in the coming

years.

The practical value of neural network technologies is determined not only by the achieved

accuracy in solving the problem but also by the ability to adapt them to changing data environ-

ments. However, the increasing diversity of analyzed data is not only accompanied by an increase

in the amount of processed data and computational complexity, but also by the degradation of

previously trained models, thereby reducing their effectiveness. It is necessary to fine-tune or

retrain them.

In real-world applications, when new objects of interest appear, retraining of modern neural

networks under conventional conditions can take from several days to several weeks, and in some

cases months. However, in rapidly changing environments, it is often necessary to allow for fast
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training (within several hours), regardless of the amount of processed data. In these conditions,

rapid adaptation of neural network systems becomes a key requirement for maintaining the

quality of information analysis.

To solve the problem promptly, it is required to linearly increase the computing power

of training systems with corresponding scaling of hardware resources. However, most existing

systems used for high-accuracy neural network training are based on tensor processing sys-

tems: NVIDIA GPUs [2], as well as similar TPU systems by Google [3] and Ascend systems

by Huawei [4]. The architecture of tensor processors is adapted for matrix-vector multiplication

and data-parallel execution. While they provide efficient pipelined execution within individual

neural network layers, inter-layer execution remains constrained by strong data dependencies

inherent in the computational graph of training problem.

As a result, execution across layers is segmented into synchronization-bound stages defined

by the runtime execution model. Inter-layer data exchange is handled through host-managed

runtime scheduling and synchronization in CPU-accelerator coordinated execution systems, in-

troducing additional overhead that reduces continuity of pipeline execution across the full com-

putational graph. These effects directly introduce dataflow discontinuities and reduce compu-

tational intensity, as execution phases become bounded by synchronization and resource idling

occurs between dependent stages.

Another limitation arises from normalization operations, including post-normalization [5]

and pre-normalization [6] of activations, which are required to stabilize training dynamics. These

methods improve numerical stability and reduce the risk of gradient fading or explosion. How-

ever, commonly used normalization schemes (batch, layer, etc.) require computation of statisti-

cal properties over the entire set of normalized elements. Before these statistics are calculated,

full buffering of intermediate activations is required, which introduces dataflow discontinuities.

These combined effects, under synchronization-dominated execution regimes, result in a loga-

rithmic performance scaling trend for representative neural network training workloads. This

behavior is a direct consequence of the inability to sustain continuous pipeline execution across

the full computational graph under inter-layer synchronization constraints. Therefore, achieving

fast neural network training independent of data volume requires a corresponding exponential

increase in hardware resources, resulting in increased system cost and energy consumption.

In contrast, the RCS based on FPGAs demonstrate the potential for near-linear perfor-

mance scaling in time-consuming, strongly coupled problems across domains such as mathemat-

ical physics, geophysics, and evolutionary modeling [7–9]. Several attempts have been made to

apply FPGA systems to solve machine-learning problems. However, existing approaches typi-

cally use FPGAs as coprocessors within GPU-like execution models [10]. More efficient problem

solving on the RCS requires the use of a structural organization of calculations [11]. In this

paradigm, the input data, target output data, and the chosen solution method define a com-

putational graph that is mapped to the RCS architecture without a semantic gap. In CPU-

and GPU-based systems, this mapping is realized through control-flow-driven or data-parallel

execution models with runtime-managed scheduling and synchronization. In RCS, the compu-

tational graph vertices corresponding to computational operations and edges representing data

dependencies are implemented directly in hardware, enabling pipeline-oriented execution across

multiple stages of the graph. This approach enables parallel-pipeline processing of multiple

stages of the computational graph and mitigates dataflow discontinuities, defined as breaks in

data propagation between dependent operations that lead to reduced computational intensity
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and underutilization of computing resources. Calculations are parallelized across both data and

iterations using linear or nested pipeline structures, thereby also reducing memory overhead.

The idea of applying structural organization of calculations to neural network training is not

new. In [12], Academician A.V. Kalyaev proposed a structural implementation of deep neural

network training using static neuroprocessors and inter-layer hardware switching networks. The

proposed approach explicitly considers simultaneous execution of forward pass, backpropagation,

and weight update operations within a unified hardware structure. However, such a tight coupling

of training phases introduces fundamental execution constraints in modern backpropagation-

based training systems. Weight update operations depend on globally accumulated gradient

information and therefore require completion of preceding computational stages. As a result,

update phases introduce synchronization points that interrupt continuous execution flow. Given

that the number of weight parameters in modern neural networks is comparable to the amount

of intermediate data processed between updates, these synchronization points lead to significant

dataflow discontinuities and reduced utilization of computing resources.

It should be noted that the earlier RCS (from the early 2000s until recently) were un-

able to efficiently solve neural network training problems. Structural implementation of real

neural network problems on RCS, especially learning problems, requires integration of mul-

tiple FPGAs into a unified computing field, with inter-device communication implemented via

high-speed hardware interconnects. Given the data dependency patterns in neural network work-

loads, such interconnects can currently be implemented only using multi-gigabit transmission

technologies [13]. In addition, structural training implementations require multiple independent

memory access channels per FPGA, which can be addressed using stacked multi-channel DRAM

technologies [14].

The architectural design of the Arctur RCS, based on Xilinx XCVU37P FPGAs, satisfies

these requirements. The system provides the high computational density (7.11 TFLOPS/L), a

high-bandwidth inter-FPGA interconnect subsystem based on MGT transceivers with aggregate

throughput up to 200 Tbps, and distributed HBM memory with a total capacity of 768 GB.

This paper covers the methods for minimizing dataflow discontinuities in structural implemen-

tation of neural network training problems on the Arctur RCS and evaluates their performance

and energy efficiency in comparison with NVIDIA tensor processing systems. The remainder of

the paper is organized as follows. Section I describes the Arctur RCS used in the experiments.

Section II analyzes dataflow discontinuities in neural network training and proposes mitiga-

tion methods. Section III presents hardware implementations of computing structures for neural

network training, including a representative convolutional layer in training mode. Section IV

presents performance and energy efficiency results for the ResNet-50v1.5 training problem, com-

pared to the NVIDIA DGX A100 system. The conclusion summarizes the main results of the

research, highlights the most significant findings, and discusses their practical applicability and

potential for future use.

1. Arctur Reconfigurable Computer System

The Arctur computer system implements a set of architectural solutions that realize the

proposed computing paradigm. The computing and communication subsystems of the Arctur

RCS enable the implementation of large-scale computational graphs within a unified computing

field. The system provides the required power delivery and cooling characteristics [15]. The

Arctur RCS block is shown in Fig. 1.
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Figure 1. The Arctur RCS block

The Arctur RCS node is implemented in a 3U 19” form factor and contains 16 verti-

cally mounted computing modules interconnected via a backplane. Each module integrates six

XCVU37P FPGAs from the Xilinx UltraScale+ family. A photograph of the computing module

is shown in Fig. 2.

Figure 2. The Arctur RCS computing module

Therefore, a single Arctur RCS block provides high-density integration of computing re-

sources, comprising 96 high-capacity FPGAs with a total of more than 270 million logic cells.

The cooling of all components is implemented using immersion technology based on a dielectric

fluid with high electrical insulation strength, thermal conductivity, and heat capacity at low

viscosity.

The Arctur RCS features an extensive communication subsystem. FPGAs are intercon-

nected via both horizontal and vertical communication links. Horizontal interconnects within a

computing module are implemented using 24 MGT transceivers with data rates up to 24 Gbps

per link, providing a full-duplex bandwidth of up to 576 Gbps between adjacent FPGAs. In ad-

dition, a ring interconnect between the first and last FPGA in the module is implemented using

16 MGT transceivers with a bandwidth of up to 384 Gbps. An auxiliary full-duplex communica-

tion channel based on 24 LVDS transceivers provides additional bandwidth of up to 28.8 Gbps.

The structure of horizontal interconnects is shown in Fig. 3.
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Figure 3. Horizontal interconnect structure of the Arctur RCS computing module

Vertical interconnects between computing modules are implemented using 144 MGT

transceivers with data rates up to 16 Gbps per link, providing a full-duplex bandwidth of up

to 2.3 Tbps between modules. In addition, dedicated service channels are provided for FPGA

configuration, command transmission, and data exchange between the host processor and any

computing module, with a bandwidth of 32 Gbps. The Arctur RCS block can also be intercon-

nected with other blocks via optical transceivers, forming full-duplex links with bandwidth up

to 1.8 Tbps. The structure of vertical interconnects is shown in Fig. 4.

Figure 4. Vertical interconnect structure of the Arctur RCS block
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The main characteristics of the Arctur RCS block are presented in Tab. 1.

Table 1. Technical characteristics of the Arctur RCS

Parameter Value

Number of computing modules 16

Number of XCVU37P FPGAs 96

Peak performance, TFLOPS 610

HBM memory capacity, GB 768

Optical transceivers (12-channel, 12 Gbps) 12

Interfaces 2×1Gb Eth, USB, DisplayPort

Constant power supply voltage, V 380± 20

Dimensions, mm 485× 131.5× 1344

Maximum power consumption, kW 25

Limit power consumption (floating-point workloads), kW 16

The theoretical energy efficiency of the Arctur RCS block, defined as the ratio of peak

performance to maximum power consumption, is 38 GFLOPS/W. For comparison, a single

NVIDIA DGX A100 provides a peak performance of 2496 TFLOPS with the power consumption

of 6.5 kW [16], corresponding to a theoretical energy efficiency of 384 GFLOPS/W. Therefore,

under peak theoretical estimates, the Arctur RCS block demonstrates lower energy efficiency

compared to the DGX A100 block. However, experimental research shows that the computational

efficiency of a single Arctur RCS block is approximately five times higher than that of the

DGX A100 block for real neural network training problems. Such loss of computational efficiency

in tensor systems is caused by low specific performance in solving practical problems. The

primary reasons for this include high inter-layer data dependencies and the presence of dataflow

discontinuities.

Next, we consider the types of dataflow discontinuities in detail, as well as the methods

for their mitigation, enabling significantly higher real performance on the Arctur RCS block

compared to DGX-based systems.

2. Methods for Minimizing Dataflow Discontinuities

The efficiency of solving problems both on RCS and tensor (and any other) data flow

processing systems is significantly reduced if there are such g-th and (g+ 1)-th fragments of the

information graph between which the intensity of data flows Ig of processed data [17] drops to

zero. Such a situation is defined as a dataflow discontinuity. In RCS, dataflow discontinuities

also affect the entire computational graph, similarly to tensor processing systems, since the

structure of the main data dependencies in implementations of problems of neural network

training remains unchanged. Therefore, linear scaling of hardware resources does not lead to a

proportional increase in achieved performance. These discontinuities must be eliminated or at

least minimized. Suppose that for solving a problem F , containing subtasks fg−1,fg, and fg+1,

it is necessary to organize pipeline processing of the input vector Xi.

Without loss of generality, we assume that Xi = {x1, x2, . . . , xJ} with intensity I1 is fed to

subtask fg−1, and at its output a vector X ′i = {x′1, x′2, . . . , x′J} is formed with intensity I1 and

is passed to fg and fg+1. At the output of fg, a variable mi is formed with intensity I2 and
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is also passed to subtask fg+1, so that the output vector Yi = {y1, y2, . . . , yJ} is formed with

intensity I3. A simplified computing structure of problem F is shown in Fig. 5.

Figure 5. Simplified structure of the problem F

Within the structural organization of calculation paradigm, the computational graph of any

problem F is directly mapped onto the RCS hardware resources. In this context, representations

of the problem F , its subproblem fg, or even an individual function, as well as their corresponding

computing structures implemented at the system level in the RCS, are considered as mutually

consistent levels of abstraction.

Let subtask fg implement a function of the form mi = 1
J

J∑

j=1

x′j and subtask fg+1 implement

a function of the form Yi = Xi

mi
. Obviously, until all J elements of vector X ′i are processed in fg,

the result mi cannot be formed; therefore, at this time I2 = I3 = 0. A dataflow discontinuity

arises, and subtask fg+1 cannot process vector X ′i during formation of mi.

The processing time Tproc of a set of vectors Xi, for i = 1, ..., N , in problem F can be

approximated by the following empirical model capturing the effect of dataflow discontinuities:

Tproc =
N∑

i=1

[
(1 +

Iin − Iout
Iin

) · t(Xi)

]
, (1)

where t(Xi) is the time for reading Xi,

Iin is the intensity of input data entering the pipeline,

Iout is the intensity of output data formation from the pipeline.
Since subtask fg+1 starts execution only after completion of fg, and both process vectors

of equal dimensions ‖X ′‖ = ‖Xi‖ = J , then for problem F at the moment of reading Xi, the

output intensity is equal to Iout = I3 = 0. Then, the expression (1) transforms into:

Tproc(I3) = 2 ·
N∑

i=1

t(Xi). (2)

Therefore, in the presence of a dataflow discontinuity, the processing time of problem F is

doubled. Moreover, during calculation of X ′i and mi, the hardware resources assigned to fg+1

are idle, and during calculation of Yi, the resources assigned to fg−1 and fg are idle. To overcome

the dataflow discontinuity between the g-th and (g + 1)-th fragments of the information graph

of the problem F , the transformation shown in Fig. 6 can be performed.

If there exists a function f∗g , such that the domain of its acceptable values D(f∗g ) is close

to the domain D(fg), then for Y ∗i = fg+1(f
∗
g (fg−1(Xi))) and Yi = fg+1(fg(fg−1(Xi))) there

exists D(f∗g ) ∩ D(fg), where Y ∗i ≈ Yi. If fg+1(f
∗
g ) produces output vector Y ∗i with intensity

I∗3 ≈ I∗2 > 0, the dataflow discontinuity is eliminated. Such cases are referred to as first-type

I.I. Levin, D.A. Sorokin, V.B. Kovalenko

2026, Vol. 13, No. 2 69



Figure 6. Overcoming dataflow discontinuity in the problem F

dataflow discontinuities. In this case, the pipeline execution with output intensity Iout = I∗3 can

be implemented.

The transformation fg −−−−−−−−−→
D(f∗

g )∩D(fg)
f∗g in this case enables pipeline data processing in the

problem F , reducing the solution time proportional to Tproc(I3)
Tproc(I∗

3 )
.

In practice, such substitution is not always possible, since the existence of f∗g ≈ fg depends

on the algorithm of the problem, required accuracy, and data processing velocity. Therefore, in

the general case, the influence of dataflow discontinuities can only be reduced.

Suppose that for solving a problem Z, containing subtasks zg−1, zg, and zg+1, it is necessary

to organize the pipeline processing of the input vector Xi. Without loss of generality, assume

that Xi is processed sequentially through zg−1, zg and zg+1, producing intermediate vectors

X ′i, X
′′
i , and output vector Yi with intensities I1 and I2, respectively. X ′i = zg−1(Xi, Yi−1),

X ′′i = zg(X ′i, Yi−1), and Yi = zg+1(zg(zg−1(Xi, Yi−1), Yi−1), Yi−1).
A simplified structure of the problem Z is shown in Fig. 7.

Figure 7. Simplified structure of the problem Z

A dataflow discontinuity arises (I2 = 0), since zg+1 cannot update the vector Yi−1 until the

entire vector Xi has been processed. The processing time Tproc for a set of vectors Xi, where

i = 1, . . . , N , in the problem Z can be estimated by expression (1).

At I2 = 0, the updating of vector Yi will begin only after the completion of processing

of Xi. In the case where ‖Xi‖ � ‖Yi‖, the update time can be neglected and pipeline execution

remains efficient, Tproc → t(Xi).

However, when ‖Xi‖ ≈ ‖Yi‖, Tproc → 2 · N · t(Xi), meaning that half of the computing

resources remain idle during updates of Yi−1.
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For time-consuming neural network training problems, the substitution Z −−−−−−−−−→
D(Z∗)∩D(Z)

Z∗

leads in practice to a change in architecture and training algorithm, which is unacceptable.

Therefore, the effect of this dataflow discontinuity can only be reduced by partitioning RAM

into p independent pages and organizing independent p-channel access to write Yi, as shown in

Fig. 8. Such cases are referred to as second-type dataflow discontinuities.

Figure 8. Structure of the problem Z with p-channel RAM access

The presence of a large number of high-speed horizontal and vertical links in the Arctur RCS

switching subsystem enables independent multi-channel access to distributed memory in each

FPGA. This reduces the write time of Yi by a factor of p. In this case Tproc → N ·
[
t(Xi) + t(Yi)

p

]
.

If p is such that t(Yi)
p � t(Xi), then Tproc → N · t(Xi).

The described methods for minimizing first- and second-type dataflow discontinuities under

structural organization of calculations improve the RCS performance by reducing the overhead

costs of organizing the computing process. However, the efficient implementation of neural data

processing on RCS is not possible using existing synthesis frameworks for neural network func-

tional blocks. Existing FPGA frameworks such as FPGA AI Suite (Altera) [18] and Vitis AI

(AMD Xilinx) [19] are intended for adaptation and deployment of pretrained neural network

models developed in TensorFlow, PyTorch, and ONNX. FINN (AMD Xilinx) is oriented toward

automated generation of specialized computing structures for execution of quantized neural net-

works on FPGAs in low-bit integer representations [20]. Universal frameworks are significantly

less developed for the full training cycle of neural network models on FPGAs. Implementation

of training, including forward pass, backpropagation, gradient calculation, and parameter up-

dates, requires dedicated RTL-level hardware architecture. Existing solutions such as F-CNN

are research-oriented and typically limited to small convolutional neural networks (up to five

layers) in integer representation [21]. To improve the efficiency of structural implementation of

neural calculations, the authors developed a library of neural functional blocks and a prototype

framework for synthesis on RCS of convolutional neural network computing structures, including

training structures. Using these developments, the authors synthesized the computing structure

for ResNet-50v1.5 neural network for the first time on multi-chip RCS with support for various

floating-point formats.

3. CNN Framework for the RCS

Convolutional neural networks (CNNs) are intended for data processing with spatial or

locally structured organization, in which feature extraction is performed through convolution
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operations using a set of local filters. Due to their ability to form hierarchical feature repre-

sentations, this class of neural networks is widely used in image analysis problems, including

classification, object detection, and segmentation. In addition to image processing, CNNs are

used to detect anomalies, identify characteristic patterns, and predict text, sound, and time se-

ries processing. The developed library of neural network functional blocks contains all necessary

components for designing CNNs on RCS, including: a linear convolution layer, normalization

layers (batch, layer, and group normalization), activation functions (ReLU, sigmoid, Softmax),

max-pooling layer, global average pooling layer, and fully connected layer. For neural network

training on RCS, the library implements the components, required for calculating errors based

on cross-entropy, calculating gradients of layers of all types, calculating gradients of normaliza-

tion and activation, and correcting the weighting coefficients. In addition, the library includes

synchronization and dataflow management blocks required for neural network construction on

RCS.

All library components are universal for RCS systems with different hardware configurations

and resource capacities. Therefore, to ensure the required RCS performance level, the prototype

framework enables synthesis of computing structures using different methods for organization of

calculations: procedural, pipeline, parallel-pipeline, nested pipeline, and macro-pipeline. Paral-

lelization of calculations or structural reduction can be performed across different dimensions,

including number of neurons, convolution kernels, data channels, operations, and other param-

eters, defined in the reduction transformation methodology [22].

Calculations in the developed functional blocks can be implemented using different numeric

formats: FP32 (IEEE754 standard), TF32 (NVIDIA format), NicFP (18-bit format developed

by SRC SC & NC), and BF16 (Google format).

Figure 9 shows a typical computing structure of a convolutional layer in training mode,

which can be synthesized in the prototype framework using the neural network functional block

library.

Figure 9. Computing structure of a convolutional layer in training mode
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The presented training computing structure includes the following functional blocks for

the forward pass: convolution layer (Conv), batch normalization block (BN), activation block

(ReLU), weight memory block Wi and bias memory block bi (WbRAM), scaling coefficient

memory blocks γi and βi (γRAM,βRAM), and mean and variance memory blocks Mi and Di

(MRAM,DRAM).

For backpropagation, the computing structure includes: input operand memory block Xi

(HBM1.1); pre-activation memory block Zi (HBM1.2); activation memory block XA
i (HBM1.3);

dataflow transformation blocks tf1–tf6 to reorder data flow between connected functional blocks

according to the execution order defined by the computing structure; gradient calculation block

for activations (BReLU); gradient calculation block for pre-activations dZi (BBN); scaling

coefficient update block (Corr γβ); mean/variance update block (CorrMD); weight and bias

update block (CorrWb); input gradient calculation block dXFj (BConv); dXFj accumulation

block with gradients of the dXSj traversal branch (sum).

Similarly, convolutional layer computing structures for both inference and training on RCS

can be implemented with different kernel types (1×1, 1×1/2, 3×3, 3×3/2, 7×7/2, etc.), dif-

ferent numbers of neurons per layer, kernel counts per neuron, and memory access channel

configurations. Based on this, CNNs of different architectures can be synthesized, including Se-

quential networks, Inception networks (parallel concatenation of Sequential branches), Residual

networks (accumulation of Sequential branches with shortcut connections), and Dense networks

(concatenation of outputs of all previous layers).

The authors’ research is established a strict functional relationship between available RCS

hardware resources, parallelization and reduction coefficients, the chosen calculation method,

data representation format, and the parameters with which convolutional layers and networks

can be implemented. For the developed framework prototype, this enabled the creation of a

methodology for automated calculation of neural network computing structure parameters.

This enabled a transition from native RTL design of FPGA computing structures to

structural-parametric RTL design [23], which significantly accelerates the development of multi-

FPGA neural network architectures and reduces synthesis time for a 12-FPGA RCS “Arctur”

implementation of ResNet-50v1.5 training from one and a half years to three months.

The developed library and prototype framework enabled synthesis of a computing structure

for ResNet-50v1.5 training with pipelined data processing and support for multiple floating-point

formats for the first time on a multi-chip RCS.

4. Analysis of the Arctur RCS Efficiency in Neural Network

Training Problems

The selection of the ResNet-50v1.5 neural network from the MLPerf benchmark for imple-

mentation the training problem on the Arctur RCS hardware platform is based on the fact that

ResNet-50v1.5 is a widely used reference model in image classification problems. Its training

results are used to compare different computing platforms in terms of performance and energy

consumption during the CNN training. In addition, a large number of scientific publications

are available that provide experimental data obtained during ResNet-50v1.5 training on tensor

computing systems. This makes it possible to perform a reliable analysis of the efficiency of the

proposed solutions. The ResNet-50v1.5 training task consists of two subtasks: Forward pass

and Backward propagation. Its computing structure is shown in Fig. 10.
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Figure 10. Computing structure of the ResNet-50v1.5 training task

The Forward Pass computing structure consists of the functional blocks L1–L51

and FC, implementing the linear convolution layer conv7×7/2, local maximum pooling

layer max pool3×3/2, linear convolution layers conv1×1, conv1×1/2, conv3×3,conv3×3/2,

global average pooling layer avgpool7×7, as well as the fully connected classification layer

full connect1000. The L1, L3–L50 linear layer blocks also implement the BatchNormalization

and ReLu activation functions. The FC block also implements soft max activation function.

The Backward Propagation computing structure consists of the functional blocks CE,

BFC, BL51–BL1, implementing the calculation error based on cross-entropy calc σ, gradient

calculation with respect to soft max input, and gradient calculation with respect to the input

and parameters of full connect1000 layer, as well as gradient calculation for avg pool7×7 and

max pool3×3/2 layers, and gradient calculation for convolution layers.

Before the training process of ResNet-50v1.5, initial values of the packet counter i = 0, layer

parameters Wi, bi, γi, βi,Mi, Di are initialized in the computing structure. The image counter

j = 0 is also initialized for images within a batch, and the BatchSize and LearningRate are

set.

In Forward Pass computing structure, pixel values of image Xj from the batch Batchi =

{X0, X1, . . . , XBatchSize} are fed into block L1. At the output of L1, an activation stream XA1
j

is formed, which is passed to L2 and simultaneously stored in HBM1. From L2, the activation

stream XA2
j is passed to L3 and stored in HBM2. For all other blocks L3–L51 and FC, data

streams are formed similarly and written to HBM3–HBM51.

In Backward Propagation computing structure, the vector of class probability predic-

tions Vj from FC is passed to block CE, where the error vector σj is formed. The input of

BFC receives the activation stream XA51
j together with vector σj . At the output of BFC, the

gradient stream dXA51
j is formed, which is passed to BL50 together with XA51

j and XA50
j . From

BL50, the gradient stream dXA50
j together with XA50

j and XA49
j is passed to BL49 and so on for

all BL48–BL1. Simultaneously, during gradient calculation for inputs dXA51
j –dXA1

j , in blocks

BFC, BL50–BL3 and BL1 for all images in the i batch (j = 1 . . . BatchSize), gradients with

respect to parameters are computed: weight coefficients dWFC
i , dW 50

i –dW 3
i , dW 1

i , bias coeffi-
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cients dbFC
i , db50i –db3i , db

1
i , scaling coefficients dγ50i –dγ3i , dγ1i , shift coefficients dβ50i –dβ3i , dβ1i , as

well as moving averages dM50
i –dM3

i , dM1
i and variances dD50

i –dD3
i , dD1

i .

After processing Batchi, new values Wi+1, Bi+1, γi+1, βi+1, Mi+1, Di+1 are calculated and

overwritten in the parameter memory WbRAM , γRAM , βRAM , MRAM , DRAM for each

layer L1, L3–L50. At this stage, LearningRate may also be updated. After that, the images

from Batchi+1 are fed into L1, and the process repeats. In CE block the total loss Σ is also

calculated, based on which training termination can be decided. Once training is complete, the

parameters obtained in Backward propagation can be used for image classification.

Experimental research studies of the proposed approach were performed on two Arctur RCS

computing modules (12 Xilinx XCVU37P FPGAs). The computing structure of ResNet-50v1.5

training was synthesized using Vivado 2022.1 in NicFP processing format. The clock frequency

of the computing structure was 500 MHz. Training of ResNet-50v1.5 was performed on the Im-

ageNet dataset with RGB-image resolution 224× 224, BatchSize = 256, LearningRate = 0.01.

The processing velocity of the computing structure was 2200 img/s. This corresponds to an

achieved performance of 55.44 TFLOPS on two computing modules or 27.72 TFLOPS per com-

puting module. The peak performance of a computing module in NicFP format is 38.16 TFLOPS.

Therefore, the computational efficiency of the computing module in the ResNet-50v1.5 training

task is 72.6%.

For comparison, the processing velocity of ResNet-50v1.5 training on a single NVIDIA

Tesla A100 80GB GPU in TF32+XLA processing mode is 938 img/s, with the real perfor-

mance of 23.63 TFLOPS [24]. At the same time, the peak performance of A100 in TF32 mode

is 156 TFLOPS [25], which corresponds to a computational efficiency of 15.14% during

ResNet-50v1.5 training.

The NicFP (18-bit) and TF32 (19-bit) data representation formats differ only in mantissa

length – 9 bits and 10 bits, respectively. The numerical analysis of the accuracy shows an error

of about 0.07%. Therefore, it can be argued that the computational efficiency of the Arctur RCS

exceeds the computational efficiency of the NVIDIA A100 GPU by almost 4.8 times.

Further scaling of the computing structure of the ResNet-50v1.5 training task on the Arctur

RCS block (16×computing module) enabled, due to the structural organization of calculations,

a linear increase at image processing velocity to 17600 img/s. The real performance of about

443.5 TFLOPS was obtained with the computational efficiency of 72%.

Based on experimental energy consumption data, obtained during the research, an evalu-

ation of the energy efficiency of the Arctur RCS block was performed in comparison with a

single NVIDIA DGX A100 block (8×Tesla A100 80GB GPUs + 2 AMD EPYC 7742 CPUs).

The DGX A100 block achieves a performance of 182.6 TFLOPS [24] with the estimated

power consumption of about 4.9 kW based on NVIDIA experimental data for the DGX A100

(4×Tesla A100 40GB) node [26]. The energy efficiency of DGX A100 node in this case is esti-

mated at 37.27 GFLOPS/W. The Arctur RCS block achieves a performance of 443.5 TFLOPS

with a power consumption of about 11 kW. Therefore, its energy efficiency is 40.3 GFLOPS/W,

which is about 8% higher than that of DGX A100 block.

At the same time, NVIDIA A100 GPUs, focused on solving AI problems, do not have linear

scalability. Published research results, conducted by NVIDIA [26] and the results of the MLPerf

benchmark [27], show that at training the ResNet-50v1.5 neural network an eight-fold increase

in the number of A100 GPUs in the computing system leads to a 7.7-fold increase in system

performance, while a 128-fold increase results in increase of only 79 times, and a 4000-fold
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increase results an increase of only 600 times. This is due to the fact that with an increase in the

scaling factor, the impact of the time required to exchange calculation results between system

nodes on the overall time to solve the problem increases. Unlike tensor systems, information

links between blocks of the computing structure (Fig. 9) on RCS are implemented in hardware,

which helps minimize the overhead costs of data exchange.

Theoretical researches show that the computing structure in NicFP format scaled to four

The Arctur RCS blocks provides the real performance of about 1.77 PFLOPS. Such performance

levels are only achievable on 16 DGX A100 nodes. At the same time, power consumption of four

The Arctur RCS nodes is approximately 50 kW, while 16 DGX A100 nodes consume about

78.4 kW.

A single RCS rack, consisting of 16 Arctur RCS blocks, can potentially provide the real

performance of 7 PFLOPS (NicFP). For neural network problems such as image classifica-

tion or training of ResNet-50v1.5, the performance of this rack is approximately equivalent to

12 NVIDIA DGX A100 racks. The power consumption of the Arctur RCS rack does not exceed

0.21 MW, which is 2.2 times lower than that of 12 DGX A100 racks (approximately 0.46 MW).

Conclusion

The main advantage of the structural organization of calculations over the procedural ap-

proach is the ability to adapt the RCS architecture to the information graph of the solving

problem. To exploit this advantage on the Arctur RCS for neural network data analysis and

training problems, methods for minimizing dataflow discontinuities have been developed and

experimentally validated. These methods enable the synthesis of pipelined neural network com-

puting structures on RCS with parallelization across both data and iterations.

A library of functional blocks has been developed to create and train multilayer CNNs

of various architectures (Sequential, Inception, Residual, and Dense) on RCS. Pipelined data

processing is supported for widely used floating-point formats (FP32, TF32, BF16), as well as

for the proprietary NicFP format.

A prototype framework has also been developed, enabling the transition from native to

structural-parametric RTL design, accelerating the development process of neural network com-

puting structures for RCS by up to six times.

Therefore, a hardware-software foundation has been formed, which can be the basis for

the development of domestic reconfigurable high-performance computing complexes that pro-

vide high quality and operational solutions to neural network problems. With linear scaling of

computing resources, these systems provide near-linear performance scaling. At the same time,

the energy efficiency of computing systems based on the Arctur RCS, consisting of dozens of

racks, is expected to be significantly higher than that of systems based on tensor accelerators

comprising hundreds of racks.
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Modern system software for field-programmable gate arrays (FPGA) and FPGA-based

computer systems implements individual task fragments as IP cores. It requires their further

integration into a unified computing structure, as well as ensuring correct information of data

flows. The “Theseus” parallelizing compiler was developed and characterized by a comprehensive

implementation of the entire problem for a variety of FPGA chips. The created automatic

parallelizing compiler significantly reduces the requirements for developer qualifications in FPGA

programming and does not require marking up the source code of a sequential program with

service directives. The parallelizing compiler implements a technology for converting sequential

calculations into the most parallel form an information graph of an application task algorithm

that is automatically mapped to the target configuration of a multichip reconfigurable computer

system using formal methods for reducing the performance of the computing structure. The

parallelizing compiler makes it possible to significantly reduce the conversion time of sequential

programs to parallel-pipelined solutions for reconfigurable computer systems containing multiple

FPGA chips connected by a spatial communication system, while ensuring a guaranteed level

of real performance. Due to the efficient organization of calculations and rational use of the

available FPGA hardware resources, the “Theseus” compiler will provide significantly higher real

performance of a reconfigurable computer system compared to the similar HLS compilers (High-

Level Synthesis Compiler). The results of creating application problems from various subject areas

for the “Arktur” reconfigurable computer systems using the proposed methods for performance

increasing are presented.

Keywords: high-level synthesis, HLS, program translation, C language, performance reduction,

reconfigurable computer system, programming of multiprocessor computer systems, increase

performance.

Introduction

The high complexity of developing hardware configurations for field-programmable gate

arrays (FPGAs) and computer systems based on them require the creation of new development

tools with significant reduction in the implementation time for FPGA solutions and the vendor

qualification requirements.

Currently, HLS compilers, allowing the FPGA programming in high-level languages, are

replacing automated circuit design tools based on HDL (Hardware description language). This

reduces the requirements for developers of computer systems and accelerates the programming

process by quickly creating individual IP cores, which are digital machines or specialized

processors, for computationally laborious program fragments. Automating of IP core generation

by an HLS compiler makes it possible to quickly port segments of sequential programs, for

example, written in C language, to the FPGA architectures. However, this does not guarantee

the efficient implementation, since dataflow organization remains the vendor responsibility, and

tools for scaling and synchronization (even within a single chip) are lacking. For reconfigurable

computer systems (RCS) [1, 2] with multiple FPGAs, connected via a spatial interconnection

network, the configuring of the synchronization and coordination of simultaneous operation of
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multiple IP cores is a complex and labor-intensive process, comparable in complexity to the

development of a new circuit design.

The “Theseus” parallelizing compiler described in this paper is designed to convert the

sequential C programs in the ISO/IEC 9899:1999 standard into multichip RCS solutions with

automatic synchronization of data and control signals for all used FPGAs.

The paper presents the results of the development of the “Theseus” parallelizing compiler

with automatic conversion of sequential C programs to an available hardware resource of

multichip RCS. The paper consists of an Introduction, five sections and a Conclusion.

The first section provides a brief overview of known HLS tools. In the second section, the

synthesis of the cadr structure of the parallel-pipeline program is considered. The third section

discusses methods for increasing the productivity of cadr structures. The fourth section presents

the structure of the modern “Theseus” complex, as well as the main operation stages of the new

Ariadne component. The fifth section presents the results of operation of the modern parallelizing

“Theseus” compiler on the modern high-performance computer system Arcturus. In Conclusion,

the obtained results are summarized, and directions are formulated for further research.

1. Overview of Known High-level Synthesis Tools

For FPGA programming, along with traditional hardware design systems such as Xilinx

Vivado and Intel Quartus Prime, high-level synthesis (HLS) tools or HLS compilers [3, 4]

are increasingly being used. These tools convert a program in one high-level languages

into configuration files of specialized hardware in Hardware Description Languages (HDL).

Depending on the input language, HLS compilers are either problem-oriented language

translators, i.e., versions of programming languages adapted to a specific problem domain,

or general-purpose language translators, i.e., high-level language dialects for traditional

microprocessors with some features and limitations. The classification of high-level synthesis

tools according to these criteria is given in Fig. 1.

It can be noted that despite the differences in code conversion methods and data formats,

HLS compilers have common limitations [3, 5, 6]:

• synthesis of the project is performed for a single FPGA chip located on a development

board or a single-chip reconfigurable computer system (RCS);

• to create an effective project, it requires pre-marking the code with directives (e.g.,

#pragma in Vivado), which requires deep and sometimes expert knowledge about the

synthesized project;

• synchronization and scaling of IP cores within a solution are performed by the vendor

independently.

The disadvantage of traditional HLS compilers is the focus on programming a single single-

chip FPGA, which simplifies synthesis but limits scalability. Problems requiring simultaneous

operation of several IP cores (for example, big data processing or neural network models) force

the development of complex synchronization systems manually. This increases development time

and increases the likelihood of errors, especially when working with multiple FPGAs.

The synthesis of multichip solutions is significantly more complicated, since it requires

the support and synchronization of a large number of computing devices for various forms of

computing organization, as well as the analysis and selection of rational options from a variety

of possible ones. Therefore, it is comparable in complexity to automatic parallelization.
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Figure 1. Classification of high-level synthesis tools

The “Theseus” parallelizing compiler developed at SRC SC and NC [7] converts a sequential

C program to an available hardware resource of multichip RCS. The differences between the

“Theseus” complex and the most well-known Xilinx Vivado HLS and Vitis HLS compilers are

as follows:

• there are no requirements for code annotation in sequential programs, which reduces the

requirements for application developers, and sequential programs become universal;

• the conversion is based on the analysis of the data dependencies in the input program,

rather than manual code annotation directives, similar to #pragma in Vivado HLS;

• for high-level synthesis and scaling of its results, the parameters of parallelism in the cadr

structure are reduced rather than parallelized, as is typical for a sequential program;

• arbitrary memory access in a sequential program is converted to regular read/write

operations for data streams;

• automatic adaptation of the application to the architecture and configuration of a user-

defined RCS;

• automatic synchronization of data and control signals across all utilized FPGA chips;

• support for problems from various application domains.

However, the parallelizing compiler [7] has significant disadvantages:

1. Creation of only one type of computing structure – information graphs with parallelization

by layers and iterations.

2. The expediency of creating procedural blocks in which nested conditional transitions and

recurrent expressions are effectively implemented is ignored.

3. No means for integrating pipeline and procedural blocks within a unified computing

structure, limiting the parallelizing compiler capabilities.

4. A parallelizing compiler does not provide rational generation of program constructs of

parallel-pipelined programs. It reduces the efficiency of synthesized applications and requires

a large number of iterations in a parallel-pipelined program, which leads to significant
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translation time reducing the performance of synthesized applications and requiring

extensive exploration of design alternatives, which leads to long compilation times.

In this regard, it is necessary to develop a new version of the compiler, which will implement a

fundamentally different approach to converting a parallel program to a parallel-pipeline program,

based on the use of performance reduction. Performance reduction is defined as a proportional

decrease in performance in all fragments of the information task graph with a possible reduction

in hardware costs for implementing the computing structure [8]. Performance reduction can be

performed by: memory channels, hardware resources, data width, and frequency.

The use of performance reduction makes it possible to adapt the cadr structure to the

available hardware resources of the target RCS. However, it can lead to inefficiency in the data

flows of the cadr structure and significant decrease in the performance, which is unacceptable.

2. Synthesis of the Cadr Structure of a Parallel-pipeline

Program

The operation of the parallelizing compiler consists of two stages: converting a sequential

program to a parallel-pipeline program and adapting the parallel-pipeline program to the

configuration of the target reconfigurable computer system (RCS).

At the first stage, the algorithmic scheme of a sequential program is transformed into

an information graph, the vertices (subgraphs) of which correspond to data operations, and

the edges represent data dependencies between them. Information-independent vertices are

located in layers corresponding to the layers of the algorithm graph [9], while the information

dependencies between subgraphs from different layers are reflected by iterations. The distribution

of subgraphs by layers and iterations makes it possible to visualize the information dependencies

between task fragments at different levels of the hierarchy.

In addition, the information graph is invariant to various forms of description of calculations

in a sequential program. Therefore, sequential programs of the same task that differ in syntax and

form are represented by the same information graph. By replacing the operational vertices with

computing devices, and the arcs with the connections of the switching system, the information

graph is transformed into a maximally parallel cadr structure [10] that combines the computing

structure of the task and the rules for organizing data flows. The cadr structure is characterized

by the number of layers and iterations, data width and number of devices in the base subgraph,

data processing interval, latency and operation frequency. Together these parameters determine

the degree of parallelism, execution time, and hardware resource utilization.

The cadr structures of sequential programs contain recursive expressions and nested

conditional transitions, specific to individual problems of digital signal processing, symbolic

processing, optimization and graph theory. For their formation, it is necessary to develop

new methods for converting sequential programs into an information graph and methods for

displaying it in the syntax of the COLAMO high-level language, taking into account the

irregularity of information exchanges and the specifics of the problem being solved.

At the second stage, the methodology [7] for converting the cadr structures is used to adapt

the cadr structure to the available resources of various RCS configurations.

At selecting transformations, the dynamics of the nonlinear variation of hardware costs

ACS = (aCS
1 , aCS

2 , ..., aCS
n ) of the cadr structure is analyzed as its main performance parameters
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PCS = (p1, p2, ..., pn) change, taking into account data dependencies both within and between

subgraphs (task fragments).

The performance parameters of the cadr structure PCS include: Lit
i is the number of data-

independent subgraphs in the layer Fij ; It
it
i is the number of iterations in the function fi; Ch

it
i is

the number of external channels of the cadr structure; Opiti is the number of devices in the cadr

structure FGit; ρiti is the data bit width, the method of hardware implementation of the base

subgraph gi and the data processing interval I.

Each of these parameters, depending on the subject area, structure, and problem dimension,

can be crucial for the critical hardware resource of the transformed program [11].

For RCS based on FPGAs, the total number of analyzed variants of rational cadr structures

with different parameters is relatively small; in the limiting case, for each base subgraph it does

not exceed the number of permutations of performance parameters, which in the considered

case equals 5!=120. As a rule, depending on the first variable cadr parameter, the remaining

transformations of the cadr structure are determined.

The influence of performance characteristics on the hardware resources occupied by the

cadr structure makes it possible to unify them in one view and present the transformation of

the cadr structure to the available RCS resources (the local goal of transformations) as a search

for rational values of performance parameters (the global goal of transformations).

The hardware cost ACS of the cadr structure depends nonlinearly on the performance

parameters PCS : ACS = Φ(PCS), where a single performance parameter pi may simultaneously

affect several hardware resource characteristics.

The main problem of cadr structure transformations is to search the performance

parameters P ′CS that will be the solution of the system:

{
A′CS = Ψ(P ′CS) ≤ AHCS

Perf(P ′CS) ≥ Perfreq
,

where AHCS is the available hardware resource of the target RCS; Perf(P ′CS) is the performance

of the cadr structure; Perf3 is the specified level of real performance.

However, the performance of the cadr structure depends not only on the rational use of

available hardware resources, but also on the organization of data flows.

If the computational resources are not sufficient to fully implement iteratively interconnected

subgraphs in the cadr structure, then feedback will be generated at performing the performance

reduction by subgraphs in the cadr structure. In this case, the processing of a single input

data requires M = N
r passes, where N is the number of subgraphs and r is the degree of

performance reduction across subgraphs. This leads to a necessity to provide the input data

with data initiation interval S = N ∗ Lat, where Lat is the latency of the reduced subgraph.

Note that regardless of the degree of performance reduction r, the processing time of

one data remains will not change. Therefore, according to [12], if there exists an information

graph G, consisting of a set of interconnected isomorphic subgraphs p1, p2, . . . , pN , and the

system resources are insufficient for hardware implementation of the entire graph G, then the

maximum efficiency (the specific performance) is achieved through the hardware implementation

of a single subgraph pi.

The optimal structure of graph implementation if the available hardware resources are

insufficient to implement all subgraphs F2, is presented in Fig. 2.
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Figure 2. Optimal graph structure

To ensure a uniform data flow processing rate, the reduction transformations over the chain

of F2 subgraphs require to use the performance reductions by the value r and to subgraphs F1

and F3.

The use of performance reduction for iterative and procedural subgraphs leads to a

significant decrease in performance, which is unacceptable at synthesizing cadr structures by

a parallelizing compiler.

To improve the performance of cadr structures, a modified methodology for cadr structure

synthesis has been proposed, consisting of the following steps:

1. Calculation of cadr structure parameters

1.1. Determine the critical resource and the reduction coefficient of hardware costs Kcr =

max
(

aCS
i

aHCS
i

)
> 1.

1.2. Determine the reduction coefficient R = dKcre.
1.3. Arrange the performance parameters pi in the tuple < PCS > according to the influence

degree on the critical resource.

1.4. If an unreduced parameter exists in < PCS >, then select the performance parameter

with the maximum impact on the critical resource: pi : ψ (pi) = max Kcr. else: go to item 7 to

select a card structure with the maximum performance.

2. Determination of the effective reduction step R∗.
2.1. For the selected performance parameter pi, determine one of the possible options for

the effective reduction step R∗:
1) R∗ = R;

2) R∗ = f (R, pi) , R
∗ < R;

3) R∗ = ‖pi‖, R∗ > R.

3. Reduction (decreasing of the performance parameters) of the cadr structure

3.1. Reduce the parameter pi with the effective step R∗: p′i = Θ(pi, R
∗) and save it to a

tuple: < P ′CS >= < PCS >← p′i
4. Evaluation of the current cadr structure and selection of alternatives

4.1. Calculate hardware costs and performance of the cadr structure A′CS = Ψ (P ′CS),

Perf(P ′CS).

4.2. Evaluate the achievement of porting purpose from the conditions A′CS = Ψ (P ′CS) ≤
AHCS and Perf(P ′CS) ≥ Perf3.

4.3. If both conditions are performed, then go to item 7 to save the current parameters of

the cadr structure

else: Analysis of alternatives for further reduction:

If A′CS > AHCS the hardware costs exceed the available RCS resource, then:

If R∗ = R, then

“Theseus” Parallel Compiler for Multichip Reconfigurable Computer Systems

84 Supercomputing Frontiers and Innovations



– increase the reduction coefficient R :− R+4, where ∆ =
⌈

A′
CS

AHCS
− 1
⌉
;

– restore the original value of the performance parameter < P ′CS >= < PCS >← pi;

– go to item 1.3 for reduction with the increased coefficient R.

Else

– go to item 1 to decrease the critical resource using the next performance parameter pi+1.

If A′CS ≤ AHCSandPerf(P ′CS) < Perf3, then we go naturally to induction.

5. Induction (increasing of the previously reduced performance parameters) of the cadr

structure

5.1. If the tuple of parameters |S| = 0, go to item 6.

5.1. Form the tuple of the previously reduced parameters < pi−1, . . . p1 >.

5.2. Select the next item of the tuple pk, determine its scaling coefficient according to the

hardware resource KM = min
(

A′
CS

AHCS

)
and the induction coefficient Ind = bKMc.

5.3. For the selected performance parameter pk, determine one of the possible effective

induction steps:

1) Ind∗ = Ind;

2) Ind∗ = ϕ (Ind, pk) < Ind;

3) Ind∗ = pk.

5.4. If increasing the parameter pk leads to the increased data initiation interval of the cadr

structure, then go to item 5.6.

5.5. Increase pk by the selected step Ind∗ : p′k = Θ−1(pk, Ind
∗
) and save it into the tuple:

< P ′CS >= < P ′CS >← p′k.

5.6. Go to item 4.

6. Performance improvement

6.1. Form a tuple of parameters S associated with changes in data initiation interval within

the cadr structure 〈pi−1, . . . , p1〉. If | S |= 0, go to item 7.

6.2. Select the next element of the tuple pk and determine the corresponding interval value sk.

6.3. Determine the degree of influence of the element pk on the data initiation interval sk.

6.4. If the data initiation interval value sk > 1, then increase the scaling factor by sk for all

parameters pt /∈ S.

6.5. Go to item 4.

7. Save the cadr structure

7.1. Add the current parameters of the cadr structure to the list, ordered by the minimum

performance.

7.2. If Perf(P ′CS) < Perf3 and there were other critical resources then select the next

critical resource and go to item 1.1.

8. Select a reasonable variant for reduction of the cadr structure

8.1. Issue the first item of the list of cadr structures with the highest performance.

The considered methodology changes the parameters of the cadr structure in such a way

as to ensure the rational use of available hardware resources and achieve a given level of real

performance. If the target performance level Perfreq is unattainable, the result will be a cadr

structure with the highest performance level among those analyzed.

Unlike the methods of structural and procedural organization of calculations, which find a

rational cadr structure for a predetermined and fixed resource, the transformation is a function

that depends on the architecture and configuration of the computing system in this methodology.

This ensures exploration of the cadr structure area not only “downward” toward reduced
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parallelism (reduction), but also “upward” toward increased parallelism (induction) if hardware

resources permit. Combining the reduction and induction makes it possible to define the rational

performance parameters for cadr structures even when there is a shortage of hardware resources

for the structural implementation of the basic subgraph.

The modified methodology for the synthesis of personnel structures allows for a finite number

of permutations to find a solution that ensures the rational use of hardware resources. It also

provides performance improvement of the cadr structure by reducing the complexity of data

flow organization by converting the cadr structure to efficient calculation forms.

3. Proposed Performance Increasing of the Cadr Structure

The modification of the cadr structure synthesis methodology is caused by the fact that

the cadr structure performance depends not only on the rational use of the available FPGA

hardware resources in a reconfigurable computer system, but also on the data initiation interval.

Data initiation interval depends on the processing intensity in different subgraphs of the cadr

structure.

Let the computing structure consist of a set of subgraphs P = {p1, p2, . . . , pn}, where the

intensity of input and output data flows is defined as pi = 〈sin, sout〉 for each subgraph pi. The

data initiation interval of a subgraph pi is calculated by the formula S = 1
v , where v = Sout

Sin
. The

total data initiation interval of the cadr structure is determined by the maximum interval among

all its subgraphs. Data initiation interval leads to the equipment downtime and, as a result,

reduced performance. Methods for converting computing structures can be used to reduce the

data initiation interval: nested pipelining (pipeline-to-pipeline) [13], macro-pipelining [14], and

auto-substitution [15].

If the cadr structure contains several data-independent subgraphs G = {g1, g2, . . . , gn} with

feedback, the most efficient “pipeline-to-pipeline” transformation can be performed to increase

specific performance. The “pipeline-to-pipeline” transformation reduces the subgraphs G by a

factor r, replacing the reduced subgraphs with registers in the feedback loop. Maximum efficiency

is achieved at r = Lat, where Lat is the latency of subgraph gi, provided that | G |≥ r. In

this case, instead of feeding a single datum into subgraph gi, a data packet can be supplied,

representing a slice of operands entering the reduced subgraphs G. The length of the operand

packet depends on the number of registers in the feedback loop.

Let the input data flows to the subgraphs G have the form:

〈xn0 , . . . , x20, x10, x00〉

〈xn1 , . . . , x21, x11, x01〉

〈xn2 , . . . , x22, x12, x02〉

...

〈xnr−1, . . . , x2r−1, x1r−1, x0r−1〉

Then, the data packets for subgraph gi will consist of r elements and have the form:

〈x0r−1, . . . , x02, x01, x00〉, 〈x1r−1, . . . , x12, x11, x10〉, . . . , 〈xnr−1, . . . , xn2 , xn1 , xn0 〉
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The data initiation interval of the reduced cadr structure will decrease proportionally,

becoming S = Lat
r . The “pipeline-to-pipeline” transformation does not reduce the task execution

time, but it significantly reduces hardware costs by a factor of r and increases specific

performance. The released hardware resources can be used to implement the other subgraphs

of the cadr structure. If the cadr structure lacks multiple data-independent subgraphs G,

i.e., | G |= 1, the “auto-substitution” method is appropriate for recursive procedures and

recurrent expressions. In general, an expression of the form xi = f(xi−1) can be rewritten

as xi = f(f(xi−2)). By expanding the expression and performing this transformation with the

depth k, the feedback length and consequently the data initiation interval of linearized recurrent

functions can be reduced by k times. For example, we consider an iterative process, described

by the formula xi+1 = axi + b. Expressing xi through xi−1 and substituting it into the original

expression, we obtain xi+1 = a(axi−1 + b) + b. Continuing substitutions for xi−2, xi−3 and g.e., a

formula expressing xi+1 in terms of any xi−r : xi+1 = ar−1xi−r + b+ c. As shown in [16], in the

case of a linear function describing the iterative process, the coefficients can be simplified and

calculated for any auto-substitution depth without intermediate steps. Thus, the latency of the

iterative procedure can be reduced depending on the depth of the performed auto-substitution,

which leads to a significant reduction in interval for linearized recurrent functions (Fig. 3).

(a) Computing structure before transformation

(b) Computing structure after transformation

Figure 3. Application of the “auto-substitution” method

The “auto-substitution” method leads to a certain increase in hardware costs for

implementation of the computing structure.

If a subgraph describes a non-linearized recurrent computational function, or if the structural

implementation of the subgraph is inefficient (e.g., deep nesting of conditional branches or

indirect addressing), then, according to [4], it is advisable to replace the computing structure

of the subgraph with a procedural block. Procedural blocks are characterized by the number of

clock cycles required to process a single operand, rather than the latency typical for pipeline

blocks. In this case, the cadr structure can consist of a combination of structural and procedural

blocks, which can result in varying data processing intensities between blocks and increased data

initiation interval in the cadr structure.

To reduce the execution time of the procedural block, it is advisable to develop a macro-

pipeline as proposed by V.M. Glushkov [14]. The essence of macro-pipeline development is scaling

the procedural block by a factor L, where each procedural block sequentially receives data at

intervals of Tp

L , with Tp being the execution time of the procedural block. Maximum efficiency
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of the macro-pipeline is achieved when L equals the procedural block execution time Tp. In this

case, the next data element from the stream is supplied to a free procedural block on every clock

cycle, ensuring a dense data flow.

Implementation of a macro-pipeline does not require additional memory channels, but it

does require additional hardware proportional to the value of L.

Let the execution time of subgraph F2 be equal to T ; then the data initiation interval in

the computational structure (see Fig. 4a) should also be equal to T .

(a) Computing structure before transformation

(b) Computing structure after transformation

Figure 4. Application of the “macro-pipeline” method

If sufficient hardware resources are available to scale subgraph F2 by a factor T , then the

data output from subgraph F1 can be fed to a free F2 subgraph on every clock cycle, ensuring

a dense data flow. The data flow for device F3 is generated according to the order in which

data is received at the F2 subgraphs. The application of the discussed methods for converting

the computing structure is implemented within a unified cadr structure synthesis algorithm, a

generalized diagram of which is shown in Fig. 5.

Figure 5. Diagram of the solution search for the cadr structure
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The selection of the first transformation of the cadr structure depends on the type of critical

resource (external memory channels or hardware resources). The subsequent transformations

depend on the current hardware costs and performance parameters at each transformation stage.

If the data initiation interval is in the synthesized cadr structure, then transformations must be

performed to reduce it.

The combining of the solution search procedures (reduction and induction transformations)

with performance improvement procedures into a single synthesis scheme – or using performance

improvement procedures as an intermediate step – can lead to repeat the re-adjustment of

previously determined scaling parameters of the cadr structure subgraphs and may exceed the

limits of the permissible hardware resources of the target RCS. Therefore a two-pass organization

of the synthesis is necessary for an efficient cadr structure of the parallel-pipeline program, which

cannot be implemented within the current structure of the parallelizing compiler.

4. “Theseus” Parallelizing Compiler

To implement a new trajectory selection scheme at searching effective cadr structures, a

new architecture of the “Theseus” parallelizing compiler is proposed, shown in Fig. 6.

The parallelizing compiler was extended with the “Ariadne” cadr structure synthesis

program for parallel-pipeline programs and the interaction architecture between programs was

modified to repeat invocation of programs for evaluating hardware costs at any stage of cadr

structure synthesis and for generating different representations of the parallel-pipeline program

depending on cadr structure parameters.

The “Ariadne” cadr structure synthesis program is designed to synthesize efficient

implementations of cadr structure transformations for various application domains. In general,

the operation of the “Ariadne” component consists of the following stages:

1. Generation of a universal parallel-pipeline program by the “Centaur” component.

2. Evaluation of the impact of scaling coefficients on the hardware costs of the computing

structure.

3. Search for the efficient scaling parameters of the basic subgraphs of the task graph, with

the calculation of the performance of the resulting solutions.

4. Performance improvement of the obtained solution.

5. Selection of the most efficient solution and generation of a specialized parallel-pipeline

program based on it by the “Centaur” component.

The “Ariadne” operation begins with the creation of a universal parallel-pipeline program by the

“Centaur” program. The universal parallel-pipeline program contains constants for describing

the scaling coefficients of computing structures and memory channels, transformed computing

structures into a parallel-pipeline form, as well as mechanisms for matching unbalanced data

flows and synchronization elements with each other. As a rule, channel matching is required for

adjacent subgraphs, and data synchronization for correct processing of data flows both within

the subgraph and between them is caused by data displacement in the channels.

The number of switching structures can be large, and their analysis and processing require

significant CPU time during the program translation. However, it is a necessary to assess the

impact of scaling coefficients on hardware costs of computing structure, memory channels, and

the data initiation interval in the channels. Based on the obtained coefficients, a search is

performed for possible solutions (a set of generated values for the program scaling coefficients),
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Figure 6. Parallelizing compiler architecture

the cadr structures of which satisfy with the available hardware resources of the target RCS.

The resulting combinations represent potential parameters for creating the cadr structure.

Next, a performance evaluation is performed for each result. If the obtained results do not

respond the given performance, then transformations are performed to increase the productivity

of the cadr structure.

For each obtained solution, a sequential analysis of the scaling (reduction) coefficients is

performed, corresponding to subgraphs in which input and output data flow intensity does not

correspond to each other. For each subgraph, data dependencies are analyzed both within the

subgraph and within adjacent subgraphs, and an efficient transformation method is determined
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(pipeline-to-pipeline, auto-substitution, or macro-pipeline). The transformation begins with the

subgraph exhibiting the maximum data initiation interval. After completing transformations for

the current subgraph, the interval of the cadr structure is analyzed before transfer to the next

subgraph.

Let us consider an example to illustrate the synthesis process of a parallel-pipeline program.

Suppose that for a parallel program, the information graph of which is given in Fig. 7, the

channels of external memory are a critical resource. Let us assume that the total number of all

external memory channels should not exceed 10.

Figure 7. Computing structure of the parallel program

As a result of the synthesis, three variants of cadr structures will be obtained (Fig. 8),

ensuring balanced data processing in data channels.

(a) Computing structure

before transformation (b) Computing structure after

transformation

(c) Computing structure after

transformation

Figure 8. Variants of cadr structures for different scaling factors

If all obtained variants of the cadr structures correspond to the specified performance level,

the final solution will be the cadr structure with the maximum performance. In this case, the

cadr structure given in Fig. 8c is obtained.

If the obtained cadr structures do not provide the required performance, a search for

performance-improving solutions will be launched for each cadr structure. All solutions in Fig. 8

have iterative dependencies at calculating the next data input to the subgraph F2. This indicates

the necessity to organize the data initiation interval for input to subgraph F2. The pipeline-
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to-pipeline cadr transformation method can be used to increase the performance in the cadr

structures with iterative dependencies.

Let us consider the pipeline-to-pipeline transformation using the cadr structure given in

Fig. 8a as an example. Let the data initiation interval of the functional device correspond to

its latency and be equal to 4 cycles. Then all subgraphs and external memory channels should

be scaled according to the latency of the subgraph F2, and markings in the graph is performed

defining the application field of the pipeline-to-pipeline method. The cadr structure with a

scaling factor of 4 and the logical elements of the method application are given in Fig. 9.

Figure 9. Cadr structure synthesized by the “Ariadna” program

The “Begin PaP” and “End PaP” serve as syntactic brackets for describing subgraphs for

which the pipeline-to-pipeline transformations are applied, and they appear as directives in the

parallel-pipeline program. Based on the placement of the “Begin PaP” and “End PaP” blocks

in the information task graph, the Fire!Constructor synthesizer (Fig. 7) will transform the cadr

structure into a single subgraph F2 with a set of registers in the feedback loop. The modified

cadr structure produced by the Fire!Constructor synthesizer is given in Fig. 10.

Figure 10. Modified graph using the pipeline-to-pipeline method

The scaling by a factor of 4 did not lead to an excess of elements in the memory channels

and ensures correct data delivery to the computing structure. Note that the application of this

approach to the cadr structures in Fig. 8b, Fig. 8c will lead to an excess of the number of elements

in channels X, Y, and Z, and incorrect effect at data processing in the computing structure. Such

transformation variants of the cadr structure will be discarded and not be considered as potential

cadr structure options.

The “auto-substitution” method can be applied for subgraph F2. In this case, additional

solution variants for computing structure in Fig. 8 will be obtained, among which the solution

with the maximum performance will be selected.

The stages of transforming the cadr structure of the input parallel program are not fixed

and are largely determined by the information task structure and the type of information
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dependencies. Thus, a number of symbolic processing problems are characterized by the absence

of iterations, but the number of layers is extremely large. Therefore, transformations of the

iterative structure for such problems are meaningless.

At the same time, in mathematical physics problems, the rational implementation of the

iterative component of the cadr structure is crucial for the efficiency of the overall solution. In

addition, the RCS hardware resource may not be sufficient to implement even the basic subgraph

in some cases. This requires the application of the reduction transformations described in [8]

to the basic subgraph, but it allows to subsequently use scaling methods and algorithms to the

reduced frame structure to reduce the time for problem solution.

Next, the “Centaur” component generates a specialized pipeline-parallel program, based on

the selected solution. The specialized application contains data synchronization and alignment

fragments that are strictly necessary, based on the obtained scaling coefficient values. The output

of the “Ariadna” program is a pipeline-parallel program adapted to the target architecture

and configuration of the reconfigurable computer system, significantly simplified compared to a

similar program produced by the previous version of the “Theseus” compiler [7]. This leads to a

significant reduction in the total synthesis time of FPGA configuration files of multichip RCS.

In general, the efficiency of the generated pipeline-parallel program depends on the specifics

of the information task structure and data flows, which may differ significantly in different task

classes, as well as on the available hardware resources of the target reconfigurable computer

system.

5. Results of Parallel-pipeline Program Synthesis

The analysis of the effectiveness of the proposed methods for performance increasing of

parallel-pipelined programs, created for reconfigurable computer systems, was performed for

a number of model problems. They were tested for operability by launching on the high-

performance reconfigurable computer system “Arktur” (Fig. 11).

The “Arktur” computing unit, with a performance of 230 TFLOPS, contains

16 computational modules, 96 Virtex UltraScale+ XCVU37P FPGAs, 4GB of RAM, and 768GB

of HBM memory.

(a) Computing module

(b) Computing unit

Figure 11. The RCS hardware for testing “Arktur” applications

The “Arktur” RCS is a universal reconfigurable computer system developed by the

“Scientific Research Center of Supercomputers and Neurocomputers” (Taganrog, Russia). It is

designed to solve problems in various domains: mathematical physics, digital signal processing,

symbolic processing, and artificial intelligence.
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Two classes of problems have been selected as model problems: linear algebra and symbolic

processing. The implementation of problems from different domains makes it possible to

verify the effectiveness and correctness of the modified methodology for synthesis the cadr

structures and performance-enhancing methods, implemented in the “Ariadna” application. The

effectiveness of the synthesis of cadr structures and the method of increasing productivity “auto-

substitution” have been tested on linear algebra problems: the problem of solving systems of

linear algebraic equations (SLA) by the Gauss method and the Gauss-Seidel method.

The effectiveness of cadr structure synthesis and the performance-enhancement method

“autosubstitution” were tested for linear algebra problems: the specifically solving systems of

linear algebraic equations (SLAEs) using the Gauss method and the Gauss-Seidel method.

Note that the Vivado HLS-synthesized solution for the Gauss model problem contains a

single iterative step, compared to 3512 steps at the problem translation using the “Theseus”

parallelizing system. Using manual code annotation with #pragma directives in Vivado HLS

allowed obtaining a solution for two iterative steps of the forward elimination algorithm. It

is still significantly lower than by the parallelizing compiler. It can be noted that there is a

slight decrease in the number of pipeline steps at synthesizing a solution using the performance

enhancement methods and the “Theseus” parallelizing compiler, compared to the creation of a

specialized solution by application programmers – 4210.

The efficiency of SLAE solution by the Gauss-Seidel method depends on the available

hardware resources; insufficient resources lead to feedback loops in the computing structure.

At the same time, calculations in feedback have associative properties, which allows using the

“auto-substitution” performance-enhancing method. The solution, obtained as a result of using

the “auto-substitution” method, contains 5376 data processing steps and the data initiation

interval of 21. This is inferior to the specialized solution, obtained by application programmers –

6563, but significantly exceeds the data initiation interval of the existing version of the compiler

by 1.7 times.

The performance results for the linear algebra model problems using the parallelizing

compiler, application vendors, and the HLS compiler (Vivado HLS) is presented in the Tab. 1.

Performance was defined as the number of basic graphs in synthesized solutions and the data

initiation interval value.

Table 1. Performance results for model problems in mathematical physics

Researches Gauss Gauss–Seidel

Porting time, sec 5073 7752

Number of graphs / interval

The existing version of the “Theseus” compiler 3512/1 5380/36

Application vendors (application of performance

increasing methods)

3512/1 5376/21

Application vendors (specialized solution) 4210/1 6563/17

HLS compilers 2 -

Level of real performance 0.68 0.81

The effectiveness of using methods for converting cadr structures has been evaluated on

symbolic processing problems: the encryption problem, the SSL authentication problem, and
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the password hashing problem in the FreeBase database a macro conveyor and a pipeline-to-

pipeline.

The DES encryption problem showed that the number of implemented subgraphs by the

parallelizing compilers coincided, as the cadr structure did not contain procedural blocks or

feedback loops. For the synthesis of the SSL authentication cadr structure, based on the MD5

and RC4 algorithms, the “macro-pipeline” performance-enhancing method was used. The scaling

degree of the procedural subgraph implementing RC4 by the “Theseus” parallelizing compiler

was 1253 subgraphs in a single pipeline, compared to 970 subgraphs implemented by application

vendors. This indicates to a more efficient implementation of procedural calculations in the RC4

block. In contrast, Vivado HLS implemented only a single subgraph. The data initiation interval

in the first two cases was 1, the Vivado HLS solution has 2100 cycles.

Due to the insufficient available hardware resources, the feedback loop with the latency of

12340 cycles has been implemented in the cadr structure of the password hashing problem in

the FreeBase (MD5-Crypt) database. As a result of the problem implementation by application

vendors using the “pipeline-to-pipeline” performance increasing method, the latency of the

feedback subgraph implemented by the parallelizing compiler was reduced to 8870 cycles, which

is 1.6 times higher than that achieved by application vendors (5544 cycles). This leads to the

decrease of specific performance.

The results obtained for symbolic processing problems are presented in the Tab. 2.

Table 2. Performance results for model symbolic processing problems

Researches DES MD5-RC4 MD5-Crypt

Porting time, sec 28952 53779 36095

Number of graphs / interval

The existing version of the “Theseus” compiler 1335 106/1253 112/132056

Application vendors (application of

performance increasing methods)

1335 7518 (6 pipe)/1 26210 (3 pipe)/24

Application vendors (specialized solution) 1740 6790 (7 pipe)/1 22176 (4 pipe)/24

HLS compilers 1 1/2100 -

Level of real performance 0.76 0.9 0.84

Solving MD5-RC4 and MD5-Crypt problems by application vendors and using pipeline-

in-pipeline and macroconveyor methods and specialized solutions shows that the application

vendors perform more efficient implementation of subgraphs in feedback, despite achieving the

same data flow rate in the cadr structure. This results in lower latency of all feedback and

reduced hardware costs. The released resource was directed by application vendors to implement

an additional pipeline in the computing structure, which increased specific performance by 1.16

and 1.33 times, respectively.

Researches performed on model performance problems of synthesized solutions, presented

in Tab. 1 and Tab. 2, have shown that the application of the presented methods to increase the

productivity of cadr structures the pipeline-to-pipeline, auto-substitution and macro-pipeline

demonstrates the productivity increasing up to 234 times on model problems by various classes,

depending on the type and computing structure of the problem.
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Comparing the results obtained for model problems using the previous version of the

parallelizing compiler, the new compiler version, and application vendors demonstrates the

significant advantage of the new version of the “Theseus” parallelizing compiler.

Conclusion

The differences between the proposed version of the “Theseus” automatic parallelizing

compiler and the most well-known Xilinx Vivado HLS and Vitis HLS compilers are fully

automatic transformation of the input program without requiring manual code annotations

(e.g., #pragma directives), support for complex parallelism forms (macro-pipeline, pipeline-to-

pipeline) unlike the previous version of the “Theseus” compiler, automatic scaling of solution to

a given RCS resources and synchronization of data and control signals.

The “Theseus” compiler will significantly reduce the conversion time of sequential programs

to parallel-pipeline solutions for reconfigurable computer systems with multiple FPGA modules

connected via a spatial communication network, while ensuring a guaranteed level of real

performance. Due to the efficient organization of calculations and rational use of the available

FPGA hardware resource, the “Theseus” compiler will provide significantly higher real

performance of the reconfigurable computer system compared to the similar compilers.

The new version of the “Theseus” parallelizing compiler will enable to significantly expand

the class of problems to be solved. Thanks to the efficient use of the target reconfigurable

computer systems hardware resources and the transformation of the CADR structure into

effective computational forms (pipelinetopipeline, autosubstitution, and macropipeline), the

systems actual performance is guaranteed to reach at least 60% of its peak capacity.

Future research directions for the “Theseus” compiler include expanding the classes and

ranges of solving problems and reducing requirements on C-code, in particular, support for

dynamic memory allocation for arrays, data loading/unloading, and support of structures and

unions.
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Existing synthesizers (software tools that convert models implemented in hardware descrip-

tion languages into a list of logic gate connections) for field-programmable gate arrays (FPGAs),

such as Vivado (Xilinx), Quartus II (Intel), and Libero (Microsemi), are designed to implement

applications within a single chip. These tools perform optimization of the computational compo-

nents of algorithms only at the level of logical primitives. Such optimization is inherently local

and, therefore, cannot substantially reduce the hardware resources utilized on an FPGA. More-

over, conventional FPGA synthesizers do not analyze the implemented algorithms with respect to

potential computational redundancies or inefficient design realizations. To date, the only synthe-

sizer for multichip reconfigurable computer systems, developed at the Scientific Research Center of

Supercomputers and Neurocomputers, provides automated mapping of the algorithms information

graph onto multiple FPGA devices, as well as inter-chip routing and synchronization of control and

data flows within the reconfigurable computing system. The novel version of the optimizing mul-

tichip synthesizer for parallel-pipelined programs for reconfigurable computer systems, presented

in this paper, incorporates a library and a general algorithm for information-equivalent trans-

formations, along with an original method of nested auto-substitutions for recursive expressions.

These features enable a substantial and automated improvement in the performance of generally

specified algorithms when implemented on reconfigurable computing systems.

Keywords: synthesis of parallel-pipelined programs, information graph, optimizing synthesizer,

reconfigurable computing system.

Introduction

Reconfigurable computer systems (RCS), whose primary hardware resources are field-

programmable gate arrays (FPGAs) integrated into a unified multichip computational device,

are currently being effectively applied to solve problems across various fields of science and

engineering [1, 2]. The high achieved performance and energy efficiency of RCS, in compari-

son with traditional cluster systems, demonstrate their competitiveness in the domain of high-

performance computing [3].

Existing FPGA synthesis tools, such as Vivado (Xilinx), Quartus II (Intel), and Libero

(Microsemi), are designed to implement applications within a single-chip or across a set of inde-

pendent FPGAs. If efficient problem implementation requires a large number of interconnected

FPGAs, the use of single-chip synthesis tools becomes labor-intensive, as developers must man-

ually partition program fragments across individual devices and ensure proper alignment of data

flows both within and between FPGAs. It should be noted that automatic synthesis tools exhibit

low efficiency with a high density of chip filling, as exemplified by the Vivado synthesis tool [4].

It leads to reducing the effective performance of RCS or increasing the development time for

FPGA-based solutions.

The only synthesis tool for multichip RCS, developed at the Scientific Research Center of

Supercomputers and Neurocomputers, provides automatic mapping of the algorithms informa-

tion graph (IG) across multiple FPGA devices, inter-chip routing, and synchronization of control

and data flows in RCS [5]. The information graph of an algorithm for solving the problem is

1“Scientific Research Center of Supercomputers and Neurocomputers” Co Ltd (“SRC SC & NC” Co Ltd), Tagan-

rog, Russian Federation
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defined as a directed graph in which vertices correspond to operations, data sources, and data

sinks, while edges represent data dependencies between them [6].

This paper presents a new version of the multichip synthesis tool and describes the imple-

mented methods of information-equivalent transformations of the algorithms IG. These methods

take into account the properties of associative and distributive operations, as well as the reg-

ularity of graph structures. Such transformations make it possible to reduce the number of

operations in many times for some problems and automatically obtain efficient parallel-pipeline

solutions that are often not obvious or even known to the vendor at application development.

Section 1 provides a brief overview of existing synthesis tools, high-level synthesis (HLS)

compilers, and the multichip synthesis tool, as well as their application in the development of

programs for multichip RCS. Section 2 presents a general algorithm for information-equivalent

graph transformations developed for the new version of the optimizing synthesizer, which has

been verified for problems from three distinct application domains. Section 3 introduces a method

of nested auto-substitution for pipelining calculations of recursive expressions. Section 4 presents

the results obtained using the optimizing synthesizer for a number of applied problems. Finally,

the obtained results are analyzed in the conclusion.

1. Development of Efficient Programs for Reconfigurable

Computer Systems

Currently, standard synthesis tools, such as Xilinx Vivado or Intel Quartus Prime, are used

to obtain highly efficient implementations of RCS solutions. Due to the use of low-level digital

circuit description languages such as VHDL or Verilog, the vendor can detail the design of the

computing structure of a parallel-pipeline program and achieve a high device utilization taking

into account the FPGA architectural features.

However, the development time for an efficient solution on a multichip RCS using this

approach typically ranges from several months to a year, even for highly qualified hardware

engineers. This is due both to the use of low-level design tools and to the necessity of developing

multiple projects simultaneously, each of which implements a fragment of the overall program

mapped onto a separate FPGA device.

The use of high-level synthesis (HLS) compilers [7], such as Vivado HLS or Vitis, re-

duces development time by automatically generating complex functional units (IP-cores) from

C-language program fragments. However, this approach does not guarantee efficient implemen-

tation on RCS for arbitrary C programs. Moreover, issues related to scaling and integration of

IP-cores across a multichip RCS remain within the vendors responsibility.

At the Scientific Research Center of Supercomputers and Neurocomputers (Taganrog), a

Fire!Constructor multichip synthesis tool is being developed and improved to relieve vendors

of a number of routine problems, associated with designing solutions across multiple FPGAs.

The inputs to this synthesizer are the IG of a parallel-pipelined program and a description of

the RCS architecture. The synthesizer automatically performs automatic layout of the IG into

non-overlapping subgraphs, each of which is subsequently located on a separate FPGA device.

The objective of the partition and placement stages is to create favorable conditions for

subsequent inter-chip routing. However, even “optimal” solutions of partition and placement

problems according to selected criteria cannot guarantee successful routing. Therefore, these
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tasks are solved repeatedly using different algorithms, which increaces the probability of suc-

cessful routing in Fire!Constructor.

As a rule, the operation time of graph partition algorithms has a polynomial or even ex-

ponential dependence on the number of vertices in the graph. Therefore, a multilevel partition

scheme is employed for large-scale graphs (from several thousand and more) in the synthesizer

Fire!Constructor [8], which iteratively contracts pairs of adjacent vertices (Coarsening Phase).

Afterward, partition and placement tasks are performed by a graph refinement stage in which the

contraction process is iteratively reversed (Uncoarsening Phase). During inter-chip routing, the

synthesizer assigns external connections of subgraphs to the available physical communication

links between FPGAs in the RCS.

Additionally, Fire!Constructor performs synchronization of control and data flows by in-

serting delays to align input streams at each pipeline stage of the computational structure. The

synchronization problem is solved on the IG by assigning each vertex a latency value correspond-

ing to its pipeline stage. Then, for each incoming edge, the cumulative signal latency from data

sources is calculated. Based on these values, flow alignment is achieved by inserting delays into

leading signals.

The resulting synchronization subsystem can consume FPGA resources comparable to those

required for the computational logic itself. Three types of FPGA resources are used to implement

delay elements: flip-flops, programmable delay elements (MLUTs), and block memory (BRAM).

Therefore, Fire!Constructor incorporates a set of procedures aimed at reducing both the total

number of delays and the utilization of critical hardware resources allocated for synchroniza-

tion [9].

Using single-chip synthesis tools, all of the above tasks must be handled manually by the

vendor. Thus, the use of a multichip synthesizer such as Fire!Constructor significantly reduces

development time for RCS-based solutions.

At the final stage of Fire!Constructor synthesis, a single-chip project for the Xilinx Vivado

environment is generated for each FPGA involved in the multichip RCS. Each single-chip project

contains the corresponding fragment of the circuit-level implementation of the target algorithm,

which is subsequently compiled into FPGA configuration files.

Existing FPGA synthesis tools perform optimizations primarily at the level of logical prim-

itives. However, such transformations are local in nature, including the removal of unused ele-

ments or simplification of constant logic. The computing structure of the implemented algorithm

largely remains as specified by the vendor and may exhibit significant redundancy or inefficiency.

Therefore, the efficiency of the final implementation depends heavily on the vendors expertise

in parallel-pipelined computing.

A new version of the multichip synthesizer is being developed. In addition to the previously

implemented functions for displaying a parallel-pipelined program on the RCS, it automatically

identifies fragments of the IG program that are ineffective from the point of view of their parallel-

pipelined implementation on the RCS. Analyzing and upgrading the identified fragments through

information-equivalent transformations, the synthesizer can significantly increase the real or

specific performance of the RCS compared to the execution of the original program.
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2. General Algorithm of Information-Equivalent

Transformations on a Graph

The structure of a parallel-pipelined program is transmitted to a multichip synthesizer in

the form of IG. It is independent of the source programming language and, consequently, is not

overloaded by unique syntactic constructions (such as switch-case, union, etc.). Note that the

same IG can correspond to multiple program texts (including written in different languages),

differing both in the order of independent operators and syntactic constructions, which determine

the sequence of operators. This contrasts with program text, where related calculations can

be placed in different lines of code, procedures, or even program modules. These IG features

described above enable algorithmic simplification of structural analysis procedures, identifying

redundant and inefficient structures and procedures for information-equivalent transformations,

unlike the program text.

The term “optimizing compiler” refers to the implementation of various algorithms to gener-

ate a more optimal program code while preserving its functionality. Similarly, the new developed

version of the multichip synthesizer is referred to as an “optimizing synthesizer”, since it per-

forms transformations analogous to those of optimizing compilers, but applied to configuration

files for multiple FPGAs.

A library of information-equivalent transformations is realized in the optimizing synthesizer.

It includes such transformations on individual vertices as calculating expressions for which all

operators are constants, exclusion of multiplications and logical “AND” operations with the con-

stant “1” and additions and logical “OR” with a constant “0”, and replacing the multiplication

or division of an integer by a constant equal to 2, to an integer extent, by shifts (since due to the

FPGA architectural features, the shift is implemented in it by bit recomputation, which does

not take up hardware resources), etc.

The library also includes transformations for groups of operations which take into account

the associativity and distributivity properties. Based on the transformation method of homoge-

neous IG from sequential to parallel-pipelined form [10], the optimizing synthesizer implements

a procedure for graph fragment transformation consisting of sequential associative operations of

the same type (e.g., addition, multiplication, logical AND) into a pyramidal form (Fig. 1) or a

series of intermediate forms.

Figure 1. Transformation of a homogeneous IG from sequential to parallel-pipelined form

Note that such transformation does not reduce the number of operations, but can be per-

formed to decrease the latency of the IG fragment. The optimizing synthesizer can more easily

analyze input operands in the pyramidal form. If they are constants, then identify functional

dependencies between them. Two smaller pyramids can be obtained, which can be further trans-

mitted for analysis, excluding the closing vertex from such a fragment.
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Based on the transformation method of heterogeneous IG from the sequential to parallel-

pipelined form [10], the optimizing synthesizer also implements transformations of graph frag-

ments the analogues of which are putting the common multiplier in parentheses and opening

parentheses in mathematics (Fig. 2).

Figure 2. Transformations involving distributive operations

The IG transformation, similar to opening parentheses, is performed to reduce either the

latency of the IG fragment or the number of operations. The transformation analogous to ex-

pansion may reduce the number of operations when expressions contain identical operands or

constants. After opening parentheses, similar terms are combined, and part of the expression

with constants can be calculated in advance.

Note that all these transformations, as well as transformations in single-chip synthesizers,

are local in nature. Their implementation violates the regularity of the IG structure of algorithm

to solve the problem, although it reduces the hardware resource. This complicates its analysis for

redundancy and inefficiency. Therefore, in the optimizing synthesizer, the first stage involves the

search and reduction of calculation redundancy in initial graph structure and the transformation

of inefficient fragments to more efficient ones from the point of view of the procedural pipeline

organization of calculations.

A general algorithm has been developed to perform information-equivalent transformations

on graphs, representing solutions to various problems, including those from different application

domains:

1. The initial graph G is placed into the array Mas of processed graphs.

2. All graphs in Mas are transformed into structures that can be decomposed into pairs

of equivalent subgraphs solving identical subtasks of the original problem, along with “merge”

subgraphs that combine the results of these pairs.

3. If such decomposition is not possible, proceed to step 9.

4. All processed graphs are partitioned into subgraphs.

5. Isomorphic subgraphs (with respect to operations) are analyzed, and computational re-

dundancy is eliminated.

6. Information-equivalent transformations are performed both in computational subgraphs

and in “merge” subgraphs.

7. The array Mas is cleared and filled with the resulting subgraphs.

8. Return to step 2.

9. End.

This algorithm is based on a divide-and-conquer approach, in which the original IG of the

problem is divided into two subgraphs, each of which implements the processing of its own half

of the original input data. These subgraphs are checked for redundancy and transformed in order

to reduce it. Each of resulting subgraphs becomes a new graph for analysis, and so on until not
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obtained subgraphs of minimal dimension that cannot be separated. The information-equivalent

transformations described in step 6 are specific for each type of initial IG. The transformations

described in step 2, as well as the methods for partitioning graphs into subgraphs in step 4, also

depend on the original graph type.

Let us consider the application of a general algorithm for functionally equivalent transfor-

mations using the example of IG algorithms for problems in various subject areas.

2.1. Transformation of an Information Graph via Vandermonde Matrix

Multiplication by a Vector of Unknowns

We demonstrate how an optimizing synthesizer automatically performs an IG transformation

of the discrete Fourier transform (DFT) into an IG similar to the fast Fourier transform (FFT)

using a general algorithm.

The DFT problem is solved through the multiplication of the complex Vandermonde ma-

trix W of dimension N ×N by a vector X. Figure 3 shows a fragment of the IG of an 8-point

DFT algorithm for calculation of the elements of the output vector Y with indices 0 and 4.

Figure 3. Fragment of the DFT IG

The elements of the complex Vandermonde matrix for the DFT have a functional depen-

dence, using which it is possible to reduce the number of operations using information-equivalent

transformations on IG. According to step 1 of the general algorithm, the entire DFT IG is loaded

into an array of processed graphs. If the matrix-vector multiplication algorithm uses a sequential

for-loop, the adders on the graph are connected sequentially (Fig. 3). Further, in accordance

with step 2, the original graph is transformed so that the structure of the adders takes on a

pyramidal form (Fig. 4).

According to step 4, in this graph fragment, the two original pyramids of adders are split into

four equivalent subgraphs G1, G2, G3 and G4, as shown in Fig. 4. Each of them is a pyramid of

three adders and four multipliers, and two “merge” subgraphs G5 and G6 containing one adder

each.

Figure 4 shows that the sequence of multipliers differs from the original (Fig. 3). Since the

sequence of addition of the multiplication results can be any, due to the associativity of the

addition operation, the input arcs of the pyramid of adders can be reversed. It is performed in

the implementation of step 5 in the analysis of isomorphic operations of subgraphs.

Subgraph G1 is isomorphic to G3 by vertices, with identical input data. Subgraph G2 is

isomorphic to G4 by vertices, but the input data (constants) differ. Their difference can be

expressed as WG2 = (−1) ·WG4. Since they have a common functional dependency, using the
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Figure 4. Fragment of the transformed DFT graph

corresponding information-equivalent transformation in the step 6, the graph G4 can be made

such that the input data will coincide with graph G2, namely, by making a transformation similar

to taking the common denominator out of brackets. To do this, multiply the coefficients WG4

by “-1” and add the multiplication by “-1” after the last adder of the G4 subgraph (we will add

this multiplication to the G6 merge subgraph).

By combining the subgraphs G1 with G3 and G2 with G4, we obtain the graph structure

shown in Fig. 5.

Figure 5. Fragment of the transformed DFT graph

As given in Fig. 5, the addition and multiplication by “-1” can be replaced by subtraction.

However, such transformation can generally disrupt the regularity of the IG structure. Therefore,

such transformations are performed in the optimizing synthesizer after executing the general

information-equivalent transformation algorithm.
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For subgraphs that calculate other values of the output vector, similar subgraphs are gener-

ated, differing only in the constants of the multipliers, corresponding to their functional depen-

dencies. After step 7, the array of processed graphs includes subgraphs G1(G3), G2(G4), and

similar subgraphs for computing other output values.

By iteratively dividing processed graphs into pairs of smaller subgraphs, the algorithm

terminates once the minimal subgraphs containing a single addition are processed. Consequently,

the original DFT IG is automatically transformed into an IG analogous to the FFT graph

with computational complexity O(N) = 3
2N · log2N . The original DFT IG has the complexity

O(N) = N · (2N − 1).

The general algorithm of information-equivalent transformations for matrix-vector multipli-

cation can be supplemented with additional transformations to ensure that the resulting graph

represents the FFT algorithm itself, rather than a merely equivalent structure. These trans-

formations rely on the uniqueness and functional dependencies of the complex Vandermonde

coefficients W and are not generally applicable to arbitrary matrix-vector multiplication tasks.

The proposed general algorithm was also verified on another problem, the Walsh-Hadamard

transform [11], which, like the DFT, is a matrix-vector multiplication problem. Similar compu-

tational complexity estimates were obtained: O(N2) for the original graph and O(N · log2N)

for the “fast” version [12].

Due to the developed general algorithm of information-equivalent graph transformations, the

optimizing synthesizer automatically produces a solution with higher computational efficiency

than the original, general implementation.

2.2. Transformation of an Information Graph for a Sorting Network

The developed general algorithm of information-equivalent transformations was also used for

graphs solving problems from a different area, the sorting of an input sequence. Let us consider

the operation of this algorithm using the transformation of the bubble sorting algorithm into an

initial array A containing eight elements. The original IG (Fig. 6a), developed on the “head-tail”

combining steps principle described in [13], is transformed, according to step 2 of the algorithm,

into a sorting network, developed using the “divide-in-half” principle (Fig. 6b). According to

step 4, pairs of equivalent subgraphs F1 and F2 are formed, each of which implements subtask

of sorting half of the array, along with a merge subgraph Merge(n/2) that combines the results

of the subgraph pairs.

(a) Bubble sorting IG
(b) IG after combinig steps

Figure 6. Transformations of sorting networks

Since the graph structure of the sorting algorithm does not contain isomorphic subgraphs

with identical input data, step 5 is skipped. Further, due to the functional redundancy shown
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in [13], the described transformation methods and changing the order of operations in accordance

with step 6, information-equivalent transformations of the Merge(n/2) subgraph are performed

(Fig. 7a).

(a) Transformations of the Merge(n/2) (b) Subgraphs F1 and F2 transformation

Figure 7. Transformations of sorting networks

According to step 7, subgraphs F1 and F2 are placed into the array of processed graphs.

At the next iteration, in accordance with step 2, transformations are performed to subgraphs

F1 and F2. Each of subgraphs is further divided into two subgraphs that sort one-quarter

of the original array, along with two merge networks Merge(n/4) (Fig. 7b). After performing

step 6 transformations on the Merge(n/4) networks, the resulting sorting algorithm structure

corresponds to the Batchers odd-even sorting network (Fig. 8).

Figure 8. Batchers odd-even sorting network

The resulting four sorting subgraphs contain a single sorting element and cannot be fur-

ther transformed, so the algorithm completes its work. Therefore, the original IG of the

bubble sorting algorithm with computational complexity O(N) = 1
2N

2, is automatically

transformed into the IG of Batchers odd-even sorting network with computational complex-

ity O(N) = 1
4(N · log22N + 2 · log2N). The sorting networks automatically obtained through

information-equivalent transformations have been simulated and analyzed in [13, 14], which also

verify the correctness of such transformations.

2.3. Transformation of an Information Graph for Solving Tridiagonal SLAEs

Using the Jacobi Method

The general algorithm of information-equivalent transformations was verified on problems

of solving tridiagonal systems of linear algebraic equations (SLAEs) by the Jacobi method. In
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this method, the vector of unknowns is calculated as:

Y v
i =

1

2
(Y v−1

i+1 + Y v−1
i−1 ) +

∆2Ci

2
, (1)

where v is the current iteration number; i is the iteration layer from which the data is taken;

∆ is the grid step; Ci are the free terms. The computational complexity of the classical Jacobi

method for tridiagonal SLAEs is O(N) = N · K in a sequential implementation, where N is

the matrix dimension and K is the number of iterations required to reach a specified accuracy.

Figure 9 shows the IG for SLAE of dimension N = 9 and the number of iterations K=4, where

the vertex f implements the calculation of the function f = 1
2(Y v−1

i+1 +Y v−1
i−1 ). Calculations related

to the free terms Ci vector (1) have been omitted so as not to overload the illustrative material,

but the transformations described below take into account all operations of the original formula

for calculating the vector of unknowns.

Figure 9. IG of the Jacobi method for tridiagonal SLAEs

According to step 1 of the general algorithm, the initial IG of the algorithm for solving

tridiagonal SLAEs by the Jacobi method is placed in an array of processed graphs. According to

paragraphs 2-4 of the general algorithm, the IG is transformed to the following form (Fig. 10a),

where a subgraph G1 is formed to calculate the Y4 central element of the vector of unknowns

with a given depth of iterations and two subgraphs G2 and G3, each of which implements a

half-size SLAE calculation.

Since the resulting graph structure (Fig. 10a) does not contain isomorphic subgraphs with

identical input data, step 5 is skipped. According to step 6, the subgraph G1 is processed: the

vertices f are expanded into arithmetic addition and multiplication operations, and information-

equivalent transformations corresponding to the expansion of brackets and combination of like

terms are applied. As a result, the subgraph G1 acquires a pyramid structure of adders with

multiplications at the base, where the total number of computational operations scales logarith-

mically with the input array size (Fig. 10b).

According to step 7, the array of processed subgraphs is cleared, and subgraphs G2 and G3

are added with the general algorithm continuing from step 2. Each of G2 and G3, is further

subdivided, according to steps 2-4, into subgraphs G4, G5, G6 and G7, G8, G9 respectively

(Fig. 11a). Subgraphs G4 and G7 are transformed into pyramid structures as in G1 after applying
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(a) Divide Jacobi IG by two (b) Transformation subgraph G1

Figure 10. Transformations of the Jacobi IG

step 6 (Fig. 11b). The remaining subgraphs G5, G6, G8 and G9 contain only a single function f

and cannot be further transformed, marking the completion of the algorithm.

(a) Divide subgraphs G2 and G3 by two (b) Transformation subgraphs G4 and G7

Figure 11. Transformations of the Jacobi IG

The resulting “fast” Jacobi method represents an iterative calculation of the midpoint of the

computational grid, where the next step processes two halves of the original range. The number

of operations for the classical Jacobi method is given by Sclassic = (4 · N − 2) ·K ≈ 4 · N ·K,

while for the fast Jacobi method it is Sfast = 67 ·K · (log2(N − 1)− 1) ≈ 67 ·K · log2N , where

N is the row length of the SLAE, and K is the number of iterations required to achieve the

required accuracy. Due to information-equivalent transformations, the optimizing synthesizer

automatically generates a new computational method that can be structurally implemented on

a RCS, achieving higher specific performance than the original method. Such transformations

for tridiagonal SLAEs using the Jacobi method have been simulated and analyzed in [15], which

also verify their correctness.

3. Nested Auto-Substitution Method

In addition to the general algorithm and the library of information-equivalent transfor-

mations, the optimizing synthesizer implements an original nested auto-substitution method
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described in [16], which increases the efficiency of parallel-pipelined implementation of recursive

expressions.

The input data rate to the structure implementing a recursive expression depends on the

execution time of all operations along the critical path of the feedback loop at pipelined com-

puting. In other words, you can submit the next input count only after processing the previous

count is completed. It is known that the velocity of such calculations can be increased using the

well-known method of recursive expression pipelining-sequential auto-substitution.

The principle of this method is that any recursive expression of the form:

yi = f(yi−1, ai), (2)

where yi is the current calculated value; yi−1 is the previous value; ai are certain coefficients of

the function f , can be expanded recursively. Expressing yi−1 as

yi−1 = f(yi−2, ai−1), (3)

and substituting (3) into (2), we obtain

yi = f(f(yi−2, ai−1), ai) = f2(yi−2, ai, ai−1) (4)

Continuing this procedure, yi can be expressed recursively:

yi = fn(yi−n, ai, ai−1, ..., ai−n+1) (5)

Sequential auto-substitution can be implemented on a graph using information-equivalent

transformations. The initial graph corresponding to (2) is given in Fig. 12a, where the vertex

corresponding to the delay of the operand stream by one sample is indicated as empty rectangle

in the feedback.

(a) Recursive expression IG (b) Auto-Substitution IG (c) Transformed

auto-Substitution IG

Figure 12. Sequential auto-substitution on a graph

Graph transformation corresponding to (2) is performed by cascading the node represent-

ing f and adding delays to its input arcs (Fig. 12b). If f is a linear function, further trans-

formations, corresponding to bracket expansion and combining like terms, can be performed

resulting in the graph shown in Fig. 12c. In this resulting graph, the critical path length remains

the same as in the original graph, while the number of registers in the feedback loop increases,

allowing a higher input data rate for pipeline processing [16]. Repeating such transformations

allows continuous data flow; however, computing fn requires more operations than the original

expression, with the number of additional operations scaling linearly with the recursion depth.

The new nested auto-substitution method improves upon sequential auto-substitution. After

obtaining formula (4), instead of expressing yi−2 from the original formula (2), it is expressed
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from formula (4) itself:

yi−2 = f2(yi−4, ai−2, ai−3) (6)

Substituting (6) into (4) we obtain:

yi = f2(f2(yi−4, ai−2, ai−3), ai, ai−1) = f4′(yi−4, ai, ai−1, ai−2, ai−3) (7)

Note that f4 from sequential auto-substitution differs from f4 in the nested method. Subse-

quent steps follow the same principle, applying the previously obtained formula at each iteration:

yi = f4′(f4′(yi−8, ai−6, ...), ai, ...) = f8′(yi−8, ai, ...),

yi = f8′(f8′(yi−16, ai−14, ...), ai, ...) = f16′(yi−16, ai, ...),

yi = fN ′(yi−N , ai, ...),

where N is a power of two corresponding to the number of recursion-unfolding steps.

On a graph, transformations in accordance with the nested auto-substitution method, un-

like sequential, consist in the fact that for cascading, not the subgraph describing the original

function f is selected, but the subgraph, obtained at the previous step. Therefore, for linear

function f (Fig. 12c) the second iteration of graph transformations is given in Fig. 13.

Figure 13. Nested auto-substitution on a graph

In sequential auto-substitution, the growth of additional hardware from pipelining is esti-

mated as Oseq(N) = K1 ·N , where N is the degree of pipelining and K1 depends on function f . In

the new nested method, the additional hardware growth is reduced to Onested(N) = K2 · log2N ,

where N is always a power of two corresponding to the recursion-unfolding steps. Synthesized

solutions were simulated on RCS of various configurations, confirming the correctness of the

information-equivalent transformations.

The nested auto-substitution method can also be used for the simple iteration method

for solving SLAEs [17], described by −→x i = T × −→x i−1 +
−→
φ . In this case, the function on the

right-hand side involves matrix and vector operations. The computational complexity of the

original algorithm is O(n) ≈ (2 ·M2 + M) · n, where n is the number of iterations, M is the

SLAE dimension. Using nested auto-substitution, the “fast” version reduces the complexity to

O(n) ≈ (2 ·M2 +M) · log2 n.

4. Results of Application of the Optimizing Synthesizer

The effectiveness of the new version of the multichip optimizing synthesizer for parallel-

pipelined programs for RCS was investigated on a number of benchmark tasks on the RCS Tertius

architecture [18] with a peak performance of 2.5 TFLOPS. The system includes four Xilinx

Kintex UltraScale XCKU095 FPGAs, each with 100 million equivalent logic gates, connected in

a ring using LVDS and GTY/GTH channels.
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Note that the solutions generated by the developed optimizing synthesizer can also be di-

rectly implemented by a vendor in the program code of a parallel-pipelined program for RCS.

However, in this case, the program size, debugging time and the vendors skill requirements in-

crease, often reducing the program readability. In addition, the source C programs almost never

contain an effective structural and procedural organization of calculations for parallel-pipelined

RBC programs obtained during the automatic conversion of an input sequential program in C.

The performance of the optimizing synthesizer was tested on graphs for solving discrete

Fourier transform problems, sorting networks, solving tridiagonal SLAE using the Jacobi

method, and for a second-order recursive filter with constant coefficients. The results of the

optimizing synthesizer implementation were the structures of “fast” algorithms that were auto-

matically transformed in accordance with the general algorithm and nested auto-substitution,

where the effectiveness of the solutions obtained was evaluated.

The result of the optimizing synthesizer for DFT problem with dimension 8 is given

in Fig. 14. The resulting transformed graph is not isomorphic to the graph of the well-known

FFT method, but contains the same number of computational elements. The original DFT IG

includes 56 adders and 64 multipliers for complex numbers. The resulting IG contains 24 adders

and subtractors and 6 multipliers (25% from the original). The synthesizer was also verified

on larger DFT problems, producing graphs with computational complexity equivalent to FFT

graphs.

Figure 14. Result of the optimizing synthesizer for DFT problem

An odd-even Batcher network for sorting 16 elements, automatically generated by the syn-

thesizer from a bubble-sort network, is given in Fig. 15. The synthesizer was tested on networks

with dimensions 16, 32, 128 and 256.

For solving a tridiagonal SLAE using the Jacobi method with dimension 128, the synthesizer

automatically produced a “fast” Jacobi IG, containing approximately five times fewer operations

than the classical Jacobi method. As the matrix dimension increases, this indicator increases,

since for the classical Jacobi method the number of operations depends linearly on the size of

the matrix, and in the “fast” Jacobi method this dependence is logarithmic.
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Figure 15. Result of the optimizing synthesizer by sorting problem

Figure 16 presents the result of the synthesizer on a second-order recursive filter problem

with constant coefficients.

Figure 16. Result of the optimizing synthesizer by recursive filter problem

The additional hardware required for pipelining the second-order recursive filter using se-

quential auto-substitution is equal to Oseq(N) = 2 · N , where N is the pipeline depth, while

for nested auto-substitution it is equal to Onested(N) = 6 · log2N . Based on these formulas, it

is obvious that for this filter, using the nested auto-substitution becomes more effective than

sequential auto-substitution at N > 8.

To ensure that adders and multipliers operate at the maximum RCS Tertius frequency of

500 MHz, they were implemented in a pipelined configuration. The adder and multiplier contains

12 and 8 pipeline registers, respectively. In the case of development a recursive part of the filter on

this element base, the feedback circuits contain two adders connected in series and one multiplier.

Therefore, the result is formed after 32 cycles in feedback circuits. It determines the choice of

the pipelining degree. The efficiency of the second-order recursive filter solution automatically

created in the synthesizer with constant coefficients on the Tertius RCS implementation was

approximately twice that of the previously known sequential auto-substitution method. Similar

results were obtained for adaptive filters with variable coefficients.
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Conclusion

The new version of the optimizing synthesizer for parallel-pipelined programs described in

this paper not only maps the IG algorithm of the solved problem on multichip RCS but also

significantly reduces the number of operations in programs created by an unqualified user. The

library implemented in the optimizing synthesizer and the general algorithm of information-

equivalent transformations, as well as the original method of nested auto-substitutions, allow to

automatically obtain the “fast” algorithms, the effectiveness of which is not inferior to previously

known methods or new ones based on original methods developed by the research team at

Scientific Research Center of Supercomputers and Neurocomputers (Taganrog).

The number of computational operations in traditional algorithms for solving the considered

model problems is determined by the formula O(N) = C1 ·Nm, where C1 and m depend on the

specific problem. In all resulting “fast” algorithms, the number of operations is determined by

the formula O(N) = C2 ·Nm−1 · log2N . Therefore, the efficiency of the optimizing synthesizer

only increases with increasing problem dimension. So, for the problem dimension N = 1024, the

number of operations in the algorithm can be reduced by two decimal orders of magnitude, and

the specific productivity will increase a hundredfold, which is unattainable for similar synthesis

tools.

Future research directions include the development of optimization methods for computing

structures in problems with variable operand stream intensity and IGs containing structural

analogs of unconditional jumps.
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High-performance computing (HPC) systems face growing complexity and uncertainty that

limit the accuracy of classical methods for predicting computational processes and task execution.

To address the problem of tasks failing to complete within allotted time windows, termed

“censored” events, survival machine learning methods are proposed for predicting execution time

and minimizing such losses. Survival analysis plays an important role for solving the task of

time-to-event prediction. While traditional methods handle censored data effectively, they often

rely on strong parametric assumptions that may limit their flexibility. This paper introduces

a novel survival analysis framework, called CiSurv (Contaminated imprecise Survival model),

that integrates imprecise probability theory with attention-based multi-label classification. By

reformulating survival prediction as an imprecise classification problem, CiSurv provides an

approach to modeling uncertainty in censored observations while improving predictive accuracy.

The proposed framework incorporates the imprecise contaminated model to refine interval-valued

probabilities associated with censored data. Two models are developed: CiSurvN, which uses the

neural network-based attention mechanism for solving the classification task, and CiSurvG, which

employs Gaussian kernel-based attention with a single kernel parameter. Experiments on real and

synthetic data demonstrate that CiSurvN generally outperforms CiSurvG due to its ability to learn

complex feature dependencies. Key findings reveal that intermediate contamination parameter

values yield optimal performance, outperforming a special case when the parameter is 1 in most

cases. Codes implementing the proposed models are publicly available.

Keywords: high-performance computing, survival analysis, censoring, attention mechanism,

imprecise contaminated model.

Introduction

High-performance computing (HPC) is a powerful tool used for a wide range of scientific

research requiring large volumes of data and high levels of algorithmic complexity. Although

the peak performance of HPC systems continues to grow steadily, reflecting the potential of

hybrid computing electronic component, the complexity of using such systems is simultaneously

increasing. Furthermore, the high uncertainty in describing the characteristics of computational

environment and multifunction application workflows limits the accuracy of classical methods

for planning and predicting both stochastic and deterministic characteristics of computational

processes. One of the important problems of a functioning supercomputer system is to success-

fully complete the execution of a specific applied task executed on behalf of a specific user in the

time interval allotted for this by the dispatcher and to minimize losses arising when the task does

not complete the execution due to various reasons. The actual execution time of tasks depends

on many factors and always differs from the estimated time. When the task is not completed,

then the corresponding event can be regarded as the censored event which means that the task

cannot be executed in a predefined period of time. To predict the execution time of the task

and to minimize the number of “censored events, the survival machine learning methods can be

applied.
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Survival analysis, commonly known as time-to-event analysis, is a core statistical method-

ology used to model the time until a specific event occurs [10]. Its broad applicability has made

it indispensable in such fields as medicine, engineering, finance, and industrial reliability [1].

A major strength of this methodology is its capacity to incorporate censored data, where event

times are incompletely observed, enabling more accurate and interpretable results for evidence-

driven decisions. Survival analysis supports engineering tasks such as predicting system failures,

optimizing maintenance schedules, and evaluating reliability [18].

Survival analysis has spurred the development of numerous machine learning models to ad-

dress time-to-event prediction challenges [23, 27]. These models include adaptations of traditional

machine learning methods, for example, random forests, neural networks, transformer-based ap-

proaches, to survival data [4, 12, 28]. Methodological perspectives of survival analysis are offered

in [8].

Attention-based approaches [20] have enhanced survival analysis. Transformers capture

long-range dependencies [11, 24], with applications spanning medical survival analysis [13]

and competing risks scenarios [25]. These methods demonstrate improved performance in high-

dimensional settings while providing feature importance insights.

Alternatively, survival analysis can be reframed as classification by discretizing time inter-

vals [7, 19] with likelihood-based loss functions [15]. The main idea of the models is to consider

the event probabilities over intervals. Another approach [14] for survival analysis with discretiz-

ing time intervals is to consider non-parametric probability distributions over time intervals for

each instance in the training set. For uncensored observations, the event time distribution is

deterministic, assigning probability 1 to the true interval and 0 elsewhere. For censored obser-

vations, uncertainty arises: the event could occur in any interval after censoring, yielding a set

of possible distributions and reflecting partial knowledge. It is assumed that the probability of

the event occurring in any interval after the censored time can range from zero to one, reflecting

prior ignorance. To aggregate the probability distributions generated for each instance from the

training set, it is proposed in [14] to employ kernel Nadaraya-Watson regression [17, 26] with

trainable dot-product attention weights [16, 20]. A model implementing the approach is called

iSurvJ.

We propose to extend the approach introduced in [14] by applying the imprecise

ε-contaminated model [21] to reduce the set of probability distributions over the time to event

intervals. A goal of incorporating the imprecise ε-contaminated model into the model [14] is to

enhance the prediction accuracy of the model by searching for the optimal hyperparameter ε

which controls imprecision of probabilities over the time intervals. The proposed model, called

CiSurv (Contaminated imprecise Survival model), aims to open a door for incorporating various

imprecise models into survival analysis. It illustrates that there are optimal parameters of the

imprecise models which can improve a survival model analyzed. Two modifications of CiSurv are

studied: CiSurvN and CiSurvG. The first model, CiSurvN, uses the neural network to compute

the matrix of attention weights. The second model, CiSurvG, uses the Gaussian kernels with

a single parameter for computing the weights. On the one hand, the model CiSurvN is more

powerful due to using the neural network. On the other hand, when a dataset is rather small,

the model CiSurvG may provide better results due to a small number of training parameters.

It should be noted that imprecise models have been proposed in survival analysis offering

robust alternatives when distributional assumptions are violated. Key approaches include the

Hill model framework for right-censored data [6] and the imprecise Dirichlet model [5, 22].
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However, the models provide lower and upper bounds for the survival concepts, for example,

for survival functions. Moreover, in contrast to the proposed approach, they do not take into

account relationships between the feature vectors.

Various numerical experiments with real and synthetic datasets are provided to compare

the proposed survival models with each other for different values of the hyperparameter ε. It

is shown by numerical examples that there is an “optimal value” of ε which provides the best

accuracy measure for a certain dataset.

The corresponding codes implementing the proposed models are publicly available at:

https://github.com/NTAILab/isurv_reducing_imprecision.

The paper is organized as follows. Section 1 provides basic definitions of survival analysis.

The model iSurvJ proposed in [14] is considered in Section 2. The approach to reduce impre-

cision of probabilities in iSurvJ and the model CiSurv are described in Section 3. Numerical

experiments with well-known public real and synthetic data illustrating CiSurv are provided in

Section 4. Concluding remarks are provided in Section 5.

1. Preliminaries: Survival Analysis

Datasets in survival analysis are represented by a set of triplets A =

{(x1, δ1, T1), ..., (xN , δN , TN )} [10]. Here the vector xi ∈ Rd consisting of d features char-

acterizes the i-th object. The time Ti corresponds to one of two types of the event observations.

The first type is when the event is observed. In this case, the observation is called uncensored

and the censoring indicator δi is equal to 1. The second type is when the event is not observed,

it is greater than Ti, but its ‘true’ value is unknown. In this case, the observation is called

censored and the censoring indicator δi is equal to 0. A survival model is trained on the set A to

predict probabilistic measures of an event time T for a new object represented by the vector x.

An important concept in survival analysis is the survival function (SF) S(t | x), which is

defined as the probability of surviving up to time t, i.e., S(t | x) = Pr{T > t | x}. Most survival

measures can be derived through the SF. Comparison of survival models is often carried out by

means of the Brier Score (BS) [3, 9] which is defined as

BS(t, Ŝ) = E
[(

∆new(t)− Ŝ(t | xnew)
)2]

, (1)

where ∆new(t) = 1 (Tnew > t) is the true status of a new test subject; Ŝ(t | xnew) is the predicted

survival probability.

The Integrated Brier Score (IBS) extends the BS by averaging it over a range of time points,

typically from t = 0 to a maximum time tmax. It is defined as:

IBS =
1

tmax

∫ tmax

0
BS(t, Ŝ) dt. (2)

2. Survival Analysis as an Imprecise Multi-Label Classification

Problem

First, we introduce the model iSurvJ proposed in [14] which considers the survival analysis

problem as an imprecise classification task under condition of total ignorance.
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Consider a partition of the time axis into discrete intervals:

[0,∞) = [0, t1] ∪ [t1, t2] ∪ ... ∪ [tT−2, tT−1] ∪ [tT−1,∞), (3)

such that

0 = t0 < t1 < t2 < ... < tT−1 <∞. (4)

The partition divides the time axis into T intervals denoted as τi = [ti−1, ti] for i = 1, . . . , T .

Let us define the probability π
(i)
k that an event corresponding to the i-th object is observed in

the interval τk. This generates a probability distribution for each subject π(i) = (π
(i)
1 , ..., π

(i)
T ),

i = 1, ..., N . If the observation is uncensored, then there holds

π
(i)
j = 0, if j 6= k, π

(i)
j = 1, if j = k. (5)

For censored observations, the true event time must occur in some interval after tk−1, though

the specific interval remains unknown. Consequently, the probability that the event is at each

interval after the time tk−1 can be from 0 to 1, i.e., there holds

π
(i)
j = 0, if j < k, π

(i)
j ∈ [0, 1], if j ≥ k. (6)

The interval [0, 1] is a form of prior ignorance. We have the constraint
∑T

j=1 π
(i)
j = 1 for

precise probabilities. However, this condition is not fulfilled when the upper or lower probabilities

are summed. Due to imprecision of probabilities π
(i)
j , we suppose that the i-th instance produces

a set of probability distributions π(i) denoted as R(i).

Let us consider the following classification problem. There is a set of feature vectors

x1, ...,xN . The k-th interval [tk−1, tk] can be viewed as the k-th class represented by the vector

πk = (π
(1)
k , ..., π

(N)
k )T. Then the Nadaraya-Watson kernel regression [17, 26] can be applied to

find the class probability distribution p(x) = (p1(x), ..., pT (x)) of a new instance x. Since a part

of probabilities π
(i)
k are interval values, then it is obvious that the predicted class probabilities

p1, ..., pT are also interval-valued. They are determined as follows:

pk(x) =

N∑

i=1

w(x,xi)π
(i)
k , k = 1, ..., T, (7)

where w(x,xi) is an attention weight expressed through kernels K(x,xi), i = 1, ..., N .

The attention weights satisfy the condition:

N∑

i=1

w(x,xi) = 1. (8)

We extend the above weights w(x,xi) to a more general form accepted in transformers [16,

20]. Introduce a matrix of the input keys K ∈ RN×d (the matrix of N vectors xi), and a matrix

of the input queries Q ∈ RN×d (the matrix of the same feature vectors). We also introduce the

trainable matrices WK ∈ Rd×d and WQ ∈ Rd×d. Then the matrix W ∈ RN×N of attention

weights w(xj ,xi), i = 1, ..., N , j = 1, ..., N , can be computed as [16, 20]:

W = softmax

((
QWQ

)
(KWK)√
d

)
. (9)
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Hence, (7) is rewritten as:

pk(x) = Wkπk, k = 1, ..., T, (10)

where Wk is the k-th row of the matrix W.

By having the probability distribution p(x), the predicted SF at time t ∈ [tj−1, tj ],
j = 1, ..., T , can be computed as follows:

Ŝ(t | x) =

T∑

k=j+1

pk(x). (11)

The matrix W can be computed in a more simple way by using the Gaussian kernel

w(xj ,xi) = softmax

(
−‖xi − xj‖2

ψ

)
, (12)

where ψ is the kernel parameter.

On the one hand, this way simplifies the model because it learns only the parameter ψ for

computing the matrix W and can be applied to cases of small datasets. On the other hand, this

simplified model may provide worse accuracy results.

2.1. Model iSurvJ

To solve the above classification problem under condition of the interval-valued class prob-

abilities, we have to define how to train the classifier when the class probabilities are interval-

valued.

In the model, iSurvJ, the class probabilities and the attention weights are jointly learned.

To implement the learning, the probability logits are initially initialized as zeros. At each epoch,

the softmax(logits) operation is applied to the logits to obtain probabilities of intervals π̃
(i)
k

and ensuring the condition
∑T

k=1 π̃
(i)
k = 1. Here π̃

(i)
k are precise analogues of interval-valued

probabilities π
(i)
k obtained by means of learning.

Let c(i) be an index of a time interval in which the event, corresponding to the i-th instance,

occurs, and pc(i)(xi) be the probability of the interval with the index c(i). The whole loss function

for learning the model is defined as

L(p) =

N∑

i=1

l(p(xi)), (13)

where l(p(xi)) is determined as

l(p(xi)) = −1[δi = 1] · log
(
pc(i)(xi)

)
− 1[δi = 0] · log




T∑

j=c(i)+1

pj(xi)




− γ
T∑

k=1

π̃
(i)
k · log

(
π̃
(i)
k

)
. (14)

For the i-th instance, p(xi) = (p1(xi), ..., pT (xi)) represents a precise probability distribution

over time intervals, computed at each epoch using W and π̃
(i)
k via equation (10). The hyper-

parameter γ controls the influence of the regularization term in the loss function (14), which is
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defined as the entropy of the probability distribution π̃(i). This regularization prevents iSurvJ

from overconfident decision-making during the joint optimization of weights and probabilities.

An implementation of training the model iSurvJ is presented as Algorithm 1.

Algorithm 1 The training algorithm for iSurvJ [14]

Require: Training set A; hyperparameters pmask, T , d; the number of epochs E

Ensure: Weight matrix W; probability distribution p(xi)

1: Initialize randomly WQ, WK and compute W

2: Initialize logits of π̃k, k = 1, ..., T , as zeros

3: while Number of epochs ≤ E do

4: Compute π̃k, k = 1, ..., T , using the softmax applied to logits y

5: Compute the distribution p(xi) using W and π̃k, k = 1, ..., T

6: Learn W and π̃k, k = 1, ..., T using (14) and (13)

7: Compute logits of π̃k, k = 1, ..., T

8: end while

It is important to point out that the constraints for some probabilities in the form of intervals

[0, 1] are automatically fulfilled due to the use of the softmax operation. It always produces a

probability distribution.

3. Reducing Imprecision of Probabilities

3.1. Precise Estimates of Interval Probabilities

One of the problems of using the above approach is that the probability distributions π(i)

are too imprecise if the i-th observation is censored. In order to reduce the imprecision, it

is proposed to apply the imprecise ε-contaminated model. However, if we do not exploit any

additional information about the i-th object behavior, it is impossible to reduce the probability

intervals [0, 1] for π
(i)
j . One of the ways to overcome this difficulty is to use a statistical model

constructed from other observations available in the dataset A. It should be noted that the

probability distributions π(i) corresponds to the i-th object and does not take into account

other objects because they have different feature vectors. There are several approaches to take

into account the difference of the feature vectors. All the approaches are based on a common

idea.

Let us consider the probabilities π
(i)
j for j ≥ k when the corresponding event will occur after

the interval τk (an uncensored observation). Since the observation is censored at tk, we know

that the random time to event X is satisfied to the condition X > tk. Thus, the conditional

probability that the event will occur in the interval τj = [tj−1, tj ] for j > k is of the form:

π
(i)
j = P (tj−1 ≤ Xi ≤ tj | Xi > tk) =

S̃(tj−1 | xi)− S̃(tj | xi)
S̃(tk | xi)

, (15)

where S̃(t | xi) is an estimate of the conditional SF for the i-th object.

It is important to note that π
(i)
j = 0 for all j < k and there holds:

T∑

j=1

π
(i)
j = 1. (16)
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SFs S̃(tj | xs) can be obtained in several ways. One of the ways taking into account rela-

tionships between feature vectors is the Beran estimator [2] which estimates the SF as follows:

S̃(t | x) =
∏

ti≤t

{
1− α(x,xi)

1−∑i−1
j=1 α(x,xj)

}δi
, (17)

the weight α(x,xi) corresponds to location of xi relative to x under condition that the closer xi

to x, the greater the weight α(x,xi).

Weights are defined through kernels as

α(x,xi) =
K(x,xi)∑n
j=1K(x,xj)

. (18)

If K(x,xi) is the Gaussian kernel with a parameter ω, then weights are of the form:

α(x,xi) = softmax

(
−‖x− xi‖2

ω

)
. (19)

It should be noted that the set A can be restricted to the M nearest neighbors of x to

simplify computations. In this case, SFs S̃(tj | xi) can be efficiently computed by fitting a

Kaplan-Meier model to these M neighbors. This implementation corresponds precisely to the

Beran estimator with uniform weighting.

3.2. Imprecise Statistical Models

3.2.1. Imprecise contaminated model

The linear-vacuous mixture, or imprecise ε-contaminated model [21], produces a set P(ε, π)

of the probability distributions π∗ = (π∗1, ..., π
∗
T ) such that π∗j = (1 − ε)πj + ε · hi, where

π = (π1, ..., πT ) is an elicited probability distribution, h = (h1, ..., hT ) is an arbitrary proba-

bility distribution, and ε ∈ [0, 1] is a model contamination parameter which reflects imprecision

of the model. The set P(ε, π) is a subset of the unit simplex with the dimension d. Moreover, it

coincides with the unit simplex when ε = 1. The ε-contaminated model for the i-th object can

be represented as

π∗(i) = (1− ε) · π(i) + ε · h. (20)

Probabilities π
(i)
j , j = k, ..., T , are defined through (15). Using the imprecise ε-contaminated

model and the definition of π
(i)
j for uncensored observations given in (15), we can reduce the

interval [0, 1] in (6) and control the obtained interval by means of the contamination parameter ε.

The lower probability of π
(i)
j is determined under condition hj = 0 as follows:

π
∗(i)
j = (1− ε) · π(i)j . (21)

The upper probability of π
(i)
j is determined under condition hj = 1 as follows:

π
∗(i)
j = (1− ε) · π(i)j + ε. (22)

The lower and upper predicted class probabilities p1, ..., pT from (7) are determined as

p
k
(x0) =

N∑

i=1

w0,iπ
(i)
k , pk(x0) =

N∑

i=1

w0,iπ
(i)
k k = 1, ..., T. (23)
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However, according to Algorithm 1, we do not need to compute the lower and upper class

probabilities. Algorithm 1 could be applied to compute the SF for a new subject without

these bounds. However, it assumes that elements of the probability distributions are restricted

by the interval [0, 1] to simply use of the softmax operation. An advantage of the imprecise

ε-contaminated model is that the probability distribution h in 20 belongs to the unit simplex.

Hence, the i-th elements π̃
(i)
k of learned vectors π̃k, k = 1, ..., T , in Step 4 of Algorithm 1 are

replaced with

π
∗(i)
k = (1− ε) · π(i)k + ε · π̃(i)k . (24)

Therefore, Algorithm 1 is extended by additional calculations of probabilities π
∗(i)
k through

learned probabilities π̃
(i)
k and probabilities π

(i)
k obtained by using (15) and the Beran estima-

tor (17).

4. Numerical Experiments

The main goal of numerical experiments is to show that the proposed model can provide

better results for certain values of the contamination parameter ε in comparison with the model

iSurvJ which can be regarded as a special case of CiSurv under condition ε = 1. The model

iSurvJ has been compared with different survival models and demonstrated outperforming re-

sults [14]. Therefore, we show that the contamination parameter ε impacts on the model CiSurv

performance.

4.1. Conditions of Experiments

For research purposes, we consider two modifications of the proposed model: CiSurvN and

CiSurvG. The first model, CiSurvN, uses the neural network to compute the matrix W. The

model CiSurvG uses the Gaussian kernels with a single parameter for computing W. On the

one hand, the model CiSurvN is more powerful due to using the neural network. On the other

hand, when a dataset is rather small, the model CiSurvG may provide better results due to a

small number of training parameters.

20 independent experiments are conducted for models CiSurvN and CiSurvG. In each ex-

periment, the dataset is diveded into training and test sets in a 60% to 40% ratio. The well-

established metric IBS is used for comparison. The resulting metric values are averaged over

20 runs.

In all experiments, the following values of hyperparameters are used for both models: num-

ber of training iterations: 300; learning rate: 10−2; regularization: α = 2 · 10−3; entropy

regularization coefficient: γ = 2.0; kernel parameter (temperature) in the Beran estimator: 0.4;

batch size: 100% of the training set.

Prior to model training, all numerical features are standardized using z-score normalization,

while categorical features are encoded using one-hot encoding to ensure compatibility with the

machine learning algorithms.

4.2. Results of Experiments: Real Datasets

To evaluate the performance of the proposed model, we study several publicly available sur-

vival datasets: Veterans, Breast cancer, LND, GCD. These datasets from medical observations

are used in experiments instead of real data with times to the successful execution of tasks in
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Table 1. IBS obtained for real datasets by using CiSurvN for different ε

ε Veterans Breast cancer LND GCD

0.0 0.0993 0.2414 0.2574 0.1984

0.1 0.0990 0.2268 0.2491 0.1936

0.2 0.0982 0.2101 0.2290 0.1907

0.3 0.0975 0.2010 0.2283 0.1864

0.4 0.0980 0.1924 0.2273 0.1855

0.5 0.0993 0.2015 0.2175 0.1844

0.6 0.0993 0.2022 0.2120 0.1843

0.7 0.0993 0.2053 0.2234 0.1820

0.8 0.0993 0.2153 0.2288 0.1785

0.9 0.0994 0.2160 0.2300 0.1845

1.0 0.0995 0.2166 0.2303 0.1867

HPC systems due to two reasons. First, data on the success or failure of tasks on HPC sys-

tems is generally unique and typically inaccessible to many users and readers. This prevents the

requirement for reproducibility of results, as the model parameters are tuned to specific data.

Second, real datasets from observations of task solving on HPC systems are quite large and have

complex structures, which significantly complicate or make impossible the study of features of

the proposed models. Therefore, we test and investigate CiSurvN and CiSurvG on the open

datasets having restricted sizes.

The Veterans’ Administration Lung Cancer Study (Veteran) Dataset includes data on 137 in-

stances characterized by 6 features. It is available through the R package “survival”.

The Breast Cancer Dataset consists of 198 samples described by 80 features. It can be

obtained from the Python library “scikit-survival”.

The Lupus Nephritis Dataset (LND) consists of 87 observations. The dataset is available at

http://www.stat.rice.edu/~sneeley/STAT553/Datasets.

The Gastric Cancer Dataset (GCD) includes 90 observations with 4 features. It is available

through the R package “coxphw”.

Table 1 shows IBS obtained for real datasets by using the CiSurvN modification for different

values of ε from 0 to 1. The best metric values are highlighted in bold. It can be seen from Tab. 1

that there exist “optimal” values of ε different from 1, which correspond to the smallest values of

IBS. This implies that incorporation of the imprecise ε-contaminated model into CiSurvN may

lead to outperforming results.

Figure 1 illustrates how IBS depends on the parameter ε for some datasets when the CiSurvN

modification of CiSurv is used.

Table 2 shows the IBS metrics obtained for real datasets by using the CiSurvG modification

of CiSurv for different values of ε from 0 to 1. It is interesting to point out that the results

differ from the results obtained by using CiSurvG and presented in Tab. 1. First of all, one

can see from Tab. 2 that CiSurvG provides worse results in comparison with CiSurvN because

only one training parameter of the attention weight is used (the parameter of the Gaussian

kernel). Second, we can see that some datasets show the best IBS in “extreme” cases when the

contamination parameter ε is 1 or close to 1. Figure 2, where the dependence of IBS on the

parameter ε is shown for real datasets using CiSurvG, illustrates this peculiarity of results.
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Figure 1. IBS metrics as functions of the contamination parameter ε for some real datasets

obtained by using CiSurvN

Table 2. IBS obtained for real datasets by using CiSurvG for different ε

ε Veterans Breast cancer LND GCD

0.0 0.1585 0.3378 0.2867 0.2089

0.1 0.1571 0.3285 0.2802 0.2037

0.2 0.1560 0.3216 0.2750 0.2004

0.3 0.1550 0.3167 0.2706 0.1980

0.4 0.1542 0.3136 0.2690 0.1964

0.5 0.1536 0.3124 0.2698 0.1952

0.6 0.1531 0.3128 0.2706 0.1944

0.7 0.1527 0.3152 0.2714 0.1932

0.8 0.1524 0.3193 0.2723 0.1926

0.9 0.1522 0.3245 0.2730 0.1925

1.0 0.1521 0.3297 0.2734 0.1928

4.3. Synthetic Datasets

To rigorously benchmark the capabilities of the proposed survival analysis models under di-

verse and adversarially designed conditions, we construct synthetic datasets Linear, Quadratic,

Friedman 1, Noisy. These datasets incorporate structured complexity, including non-linear de-
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Figure 2. IBS metrics as functions of the contamination parameter ε for some real datasets

obtained by using CiSurvG

pendencies, feature interactions, and noise regimes. Let x = (x1, x2, . . . , xd)
> ∈ Rd be a feature

vector.

For all synthetic datasets, censoring indicators δi ∈ {0, 1} are generated as independent

Bernoulli random variables with fixed probabilities Pr{δi = 0} (censored) and Pr{δi = 1}
(observed). Event times T are sampled from a Weibull distribution with shape parameter k > 0

and are of the form:

T =
y

Γ
(
1 + 1

k

) · (− log(u))
1

k , (25)

where u ∈ U(0, 1) is a random number uniformly distributed in the interval [0, 1]; y is a function

of features, which is defined for each dataset and shown below; Γ(·) is the gamma function.

The Friedman1 dataset defines y as:

y = 10 sin(πx1x2) + 20(x3 − 0.5)2 + 10x4 + 5x5, (26)

where xi ∼ U(0, 1) for i ≤ 5, the remaining d − 5 features (if d > 5) are considered as noise

variables and do not influence y.

The Noisy dataset generates T by applying the function y = Xw and k ≤ 1. The parame-

ter k leads to high-variance noise. Here X ∈ Rn×d is a feature matrix with elements xij ∼ U(0, 1);

w ∈ Rd is a coefficient vector whose elements are generated as: wj ∼ U(0, 1).

L.V. Utkin, A.V. Konstantinov, V.S. Zaborovsky, V.A. Muliukha

2026, Vol. 13, No. 2 125



Table 3. IBS obtained for synthetic datasets by using CiSurvN for different ε

ε Linear Quadratic Friedman1 Noisy

0.0 0.2021 0.2892 0.1336 0.1208

0.1 0.1924 0.2783 0.1310 0.1175

0.2 0.1870 0.2741 0.1240 0.1161

0.3 0.1892 0.2601 0.1202 0.1162

0.4 0.1848 0.2622 0.1160 0.1152

0.5 0.1824 0.2538 0.1142 0.1120

0.6 0.1839 0.2561 0.1139 0.1107

0.7 0.1826 0.2541 0.1144 0.1103

0.8 0.1811 0.2580 0.1158 0.1136

0.9 0.1780 0.2569 0.1164 0.1177

1.0 0.1825 0.2574 0.1175 0.1190

The Linear dataset uses the linear function:

y =

d∑

i=1

wixi = x>w, (27)

where xi ∼ U(0, 1); w = (w1, w2, . . . , wd)
> ∈ Rd is a vector of weights, wi ∼ U(0, 1).

The Quadratic dataset implements the quadratic dependency between features such that

y = x>Qx, where xi ∼ U(0, 1), Q ∈ Rd×d is a symmetric positive semi-definite matrix defined

as Q = A>A, A ∈ Rd×d is a matrix with normally distributed elements aij ∼ N (0, 1).

In each experiment, a new training set of 500 samples with 5 features and the censoring

rate 0.2 is generated. The test set is the same across all experiments and consisted of 300 samples

with the same censoring rate. In all other aspects, the experimental procedure is identical to

that used for the real datasets.

Numerical results provided by CiSurvN with synthetic data are given in Tab. 3. The results

are depicted in Fig. 3. One can see that from the results that there exist “optimal” values of ε

between 0 and 1, corresponding to the smallest values of IBS. Numerical results provided by the

model CiSurvG with synthetic data are given in Tab. 4. The same results are depicted in Fig. 4.

It can be seen from Tab. 4 and Fig. 4 that, for half of the datasets, experimental results obtained

using the CiSurvG model show that the optimal value of ε is 1. This indicates that with a small

number of trainable parameters, the model attempts to relax constraints on the probability

distribution set in the ε-contaminated model to allow greater freedom for the parameter of the

Gaussian kernel.

Experiments conducted on real and synthetic datasets demonstrate the effectiveness of the

proposed CiSurv model and its two modifications, CiSurvN and CiSurvG. For the CiSurvN

model, which utilizes a neural network to compute the weight matrix W, experiments showed

that values of the parameter ε (typically between 0.3 and 0.7) yielded the best performance

across most datasets. This confirms a hypothesis that the ε-contaminated model can indeed

improve upon the special case of iSurvJ for which ε = 1.

The improvement in the IBS scores across multiple datasets when using optimal values of ε

provides strong evidence for the value of the contamination model framework in survival anal-

ysis. The numerical results demonstrate that the proposed CiSurv framework, particularly the
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Figure 3. IBS metrics as functions of the contamination parameter ε for some synthetic

datasets obtained by using CiSurvN

Table 4. IBS obtained for synthetic datasets by using CiSurvG for different ε

ε Linear Quadratic Friedman1 Noisy

0.0 0.2032 0.3264 0.1222 0.1322

0.1 0.2018 0.2961 0.1210 0.1263

0.2 0.2008 0.2741 0.1194 0.1231

0.3 0.1998 0.2670 0.1175 0.1213

0.4 0.1989 0.2650 0.1166 0.1209

0.5 0.1982 0.2632 0.1157 0.1207

0.6 0.1976 0.2601 0.1151 0.1205

0.7 0.1971 0.2584 0.1154 0.1203

0.8 0.1968 0.2578 0.1157 0.1202

0.9 0.1967 0.2569 0.1161 0.1202

1.0 0.1965 0.2574 0.1170 0.1201

CiSurvN variant, offers an approach to survival analysis that can adapt to different data char-

acteristics through appropriate selection of the contamination parameter ε. The findings suggest

that relaxing the strict assumptions of traditional survival models through the ε-contaminated

approach can lead to improved predictive performance.
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Figure 4. IBS metrics as functions of the contamination parameter ε for some synthetic

datasets obtained by using CiSurvG

Conclusion

The proposed CiSurv framework introduces a novel approach to survival analysis by inte-

grating the imprecise ε-contaminated model into an attention-based multi-label classification

method. This reformulation of survival analysis as an imprecise probability problem provides

a flexible and robust solution for time-to-event prediction, particularly in scenarios involving

censored data.

The main contributions of this work include the successful integration of imprecise proba-

bility theory through the ε-contaminated model, which reduces uncertainty in censored obser-

vations by refining interval-valued probabilities. This refinement leads to more accurate survival

predictions compared to the existing iSurvJ approach, where ε = 1.

Numerical experiments confirmed that intermediate values of ε often yield the best pre-

dictive performance. The results have illustrated that modeling uncertainty explicitly via the

ε-contaminated framework offers a promising pathway for developing robust, flexible survival

analysis tools capable of managing real-world data heterogeneity and uncertainty. It should be

noted that the neural network-based CiSurvN tends to outperform simpler kernel-based variants,

underscoring the benefit of increased model capacity in complex data regimes.

The model capacity to handle imprecision in probabilistic estimates makes it well-suited

for real-world applications characterized by data uncertainty, limited sample sizes, or complex

censoring patterns. Extending CiSurv to incorporate other imprecise probability models, for ex-

ample, the pari-mutuel model, the constant odds-ratio model [21] could enhance its applicability.
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This is a direction for further research. It is interesting to extend the approach to competing

risks and time-varying covariates. These are also directions for further research.

The proposed survival analysis model CiSurv and its variants CiSurvN and CiSurvG can

be employed to predict system reliability and proactively schedule maintenance in HPC en-

vironments minimizing downtime. By modeling task execution times and failure probabilities,

CiSurv enhances resource allocation and workload management in high-performance computing

systems. The imprecise probabilistic framework enables more accurate failure prediction under

uncertain and incomplete HPC system monitoring data. Finally, applying CiSurv can improve

fault-tolerance strategies in HPC, ensuring more resilient operation and optimal utilization of

computational resources.
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This paper investigates the design principles of analog photonic computing devices for pat-

tern recognition tasks. As a result of the conducted research, an analog photonic computing device

(APCD) based on a diffractive neural network (DNN) is developed and implemented in two config-

urations. The DNN is realized using a phase spatial light modulator (SLM) placed in the Fourier

plane of a two-lens optical system (4F system). Benefits of combining an optical DNN with a com-

pact computer neural network for post-processing the optical recognition results are demonstrated.

The presented results show the effectiveness of using the APCD for processing and recognition of

high-dimensional imagery in real-time video streams. A comparative performance analysis of the

APCD and a family of GPU-based YOLO neural networks is conducted for object image recogni-

tion in video streams. The results demonstrate that when processing high-dimensional frames, the

power consumption of the APCD is an order of magnitude lower than that of modern GPU-class

graphics platforms such as the RTX 4090.

Keywords: optical computing, diffractive neural network, image processing and classification,

spatial light modulator, YOLO neural networks, video-streams.

Introduction

Artificial neural networks have achieved significant success in a wide range of machine learn-

ing tasks, including image and video classification and analysis, medical diagnostics, speech

recognition, solving various inverse problems, and so on. At the same time, the training and

inference processes of neural networks used, for example, in modern models of video imagery

recognition and analysis impose enormous demands on digital processors in terms of computa-

tional volume and speed, which cannot always be met. These constraints have driven the rapid

advancement of a research field focused on the optical implementation of neural networks [1–3].

It should be noted that this line of research lies within the general trend of augmenting or

substituting digital computing devices with their optical analogs, which are expected to over-

come the limitations of digital computing systems related to insufficient computational speed

and high energy consumption [4]. As shoun in Fig. 1, interest in this research area has grown

exponentially since 2017 The data presented in demonstrate an exponential growth in interest

in this research direction since 2017.

Among optical neural networks, particular interest is attracted by so-called diffractive neu-

ral networks (DNNs), which are realized as a cascade of phase diffractive optical elements

(DOEs) [5–16], (see Fig. 2). It is important to note that the research field concerned with the

design of DOEs – including cascaded DOEs – for solving various problems of laser light transfor-

mation and focusing has a long history and has been actively evolving for over 50 years [17–24].

At the same time, the use of cascaded DOEs to optically solve machine learning problems was

first demonstrated only in 2018 in the seminal work [5]. In that work, several analogies were

drawn between a cascade of DOEs and an artificial neural network. Specifically, it was noted

that, by the Huygens-Fresnel principle, each pixel of a DOE emits a spherical wave that illumi-

1S.P. Korolyov Samara National Research University, Samara, Russian Federation

DOI: 10.14529/jsfi260208

132 Supercomputing Frontiers and Innovations

https://orcid.org/0000-0001-8514-7156
https://orcid.org/0000-0001-8649-028X
https://orcid.org/0000-0002-0180-7522
https://orcid.org/0009-0008-8173-3359
https://orcid.org/0009-0000-9741-1444
https://orcid.org/0000-0003-4239-4389


Figure 1. Annual number of publications in the field of optical computing.

Blue: total publications in the Scopus database; Red: including publications

on the subject of optical neural networks

Figure 2. Geometry of a DNN implemented as a cascade of DOEs

for solving a classification problem

nates the pixels of the subsequent DOE in the cascade, thereby mimicking the interconnections

between neurons in a multilayer perceptron. On this basis, the term “diffractive neural network”

was introduced, and the possibility of optically solving classification problems using cascaded

DOEs was demonstrated both theoretically and experimentally.

The optical solution to the classification problem is schematically shown in Fig. 2. We assume

that optical images belonging to N distinct object classes – for instance, images of handwritten

digits – are generated in an input plane by means of an SLM. These images propagate through

the optical system (a DOE cascade) towards the output plane. In the output plane, a set of

energy detection regions are specified, with the number of regions corresponding to the number
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of input image classes. In a particular case, the registration regions can be implemented as

an array of photodetectors that measure the total energy of the incident optical signal. The

number of the region (photodetector) with the highest energy then determines the class of

the input image. By way of example, Fig. 2 schematically illustrates that for an input image

of the digit ‘5’, the maximum energy is attained in the region associated with that digit. The

above-described operation of the DNN presupposes its prior ‘training’, which involves solving the

inverse problem of determining the phase function of the constituent DOEs such that the desired

operational condition is satisfied (i.e., forming the maximum energy in the registration region

that corresponds to the class of the input object). Typically, the afore-mentioned inverse problem

is solved in the framework of scalar diffraction theory under the thin-element approximation.

The phase functions of the DOEs are calculated using a gradient-based method within the

artificial neural network methodology, utilizing a training dataset (a set of characteristic input

images) [5–16].

It is important to note that in the DNN shown in Fig. 2, the relationship between the fields

in the input and output planes is described by a linear operator. Considering that a multilayer

neural network without nonlinearities is equivalent to a single-layer linear neural network, the use

of a cascade of DOEs instead of a single DOE is not always justified. In particular, the authors

of [25] showed that with properly chosen parameters, a single DOE can solve classification tasks

with high accuracy, not only matching but even exceeding the classification accuracy achieved

with complex cascaded DOEs. Moreover, it is well known that in the physical realization of a

DNN designed to operate with visible light, a major challenge is the stringent requirement for

precise positioning of the constituent DOEs [10, 12, 15, 16]. Moreover, cascaded DOEs prove

to be substantially more sensitive to misalignment than single DOEs, so that with positioning

errors of only 10–15 wavelengths, they become inferior to single DOEs in terms of operational

performance [15, 16]. In this regard, the present authors consider DNNs implemented as a single

DOE as the most suitable option for practical applications. Furthermore, studies conducted by

the present authors (not reported in this paper) have shown that the variant most tolerant to

positioning errors is the DNN realization in a 4F-system configuration (see Fig. 3), in which a

single DOE is placed between two lenses that perform Fourier transforms. This particular DNN

configuration is discussed further in this paper.

Figure 3. A 4F-system [26] (f are focal lengths of lenses L1 and L2)
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In this work, we discuss two versions of an analog photonic computing device (APCD)

employing a DNN in a 4F-system configuration. These devices were developed at S. P. Korolyov

Samara University under a contract with RFNC-VNIIEF in 2024 and 2025. The APCD uses two

UPOLabs HDSLM36R liquid-crystal SLMs with a resolution of 4096 × 2140 and a maximum

frame rate of 60 Hz. One modulator serves for image input, whereas the other realizes a diffractive

neural network as a single phase-only DOE positioned in the frequency plane. The results of the

processing are captured using two DAHENG ME2P-1231-32U3M cameras with a resolution of

4096 × 3000 and a maximum frame rate of 60 Hz. A more detailed description of the APCDs

is provided in Section 1. The methods for designing DOEs employed in the APCD are set forth

in [15, 16].

1. APCD-2024 and APCD-2025

In 2024 and 2025, two experimental APCD prototypes based on a 4F-system were designed

and studied.

1.1. APCD-2024

Figure 4a depicts a schematic optical arrangement of the developed APCD. The linearly

polarized output beam from a solid-state laser LS (LSR532HX, λ = 532 nm, maximum output

power 2.5 W) was converted into a near-plane-wave distribution by using a collimation system

comprising a microscope objective MO (20×) and a pinhole D with a 10-µm diameter. The

plane wave passed through a half-wave plate (denoted λ/2 in Fig. 4a), which served to rotate

the linear polarization plane of the laser beam. This linearly polarized beam was then directed

via a beam splitting cube Bs1 onto a reflective SLM M1 (SPSLM36R, 4096 × 2240 pixels, pixel

size 3.6 µm). To perform amplitude modulation, a polarizer P was placed behind the SLM. A

combination of lens L2 (focal length 150 mm) and reflective SLM M2 (SPSLM36R) was utilized

to implement a 4F optical correlator system, wherein the phase mask of the DNN, displayed on

modulator M2, served as the spatial filter. We note that the beam splitting cube Bs2 served as

an extra correlator component to observe the reflected modulated light field with video camera

Cam1 (Daheng ME2P-1231-32U3M, 4096× 3000 pixel array, pixel size 3.45 µm). Light splitting

cube BS3 combined with lens L3 (focal length 75 mm) enabled observation of the intensity

distribution of the optical field generated in the display plane of the reflective modulator M2.

Here, the lens distance to both the modulator display plane and the video-camera Cam 2 sensor

(Daheng ME2P-1231-32U3M, sensor size 4096×3000, pixel size 3.45 µm) was equal to double the

focal length of the lens. In this case, the actually recorded intensity corresponded to the optical

field spectrum generated in the display plane of the first light modulator M1. The experimentally

realized device (Fig. 4b and 4c) basically corresponds to the optical setup in Fig. 4a; however,

to minimize the system’s footprint, a large number of rotating mirrors were utilized, and the

beam splitter cubes Bs2 and Bs3 were replaced with semi-transparent mirrors. To further reduce

the device footprint, a two-tier optical setup was realized, with the second tier containing both

cameras (Fig. 4b and 4c). A 3D model of the APCD assembly is shown in Fig. 4b and a APCD

photograph is shown in Fig. 4c.

Camera Cam 2 is intended for capturing the intensity distribution in the Fourier plane. Data

from this distribution allows implementation of an electronically controlled nonlinear operational

mode of the APCD-2024, with the transmittance of each pixel varying nonlinearly as a function

R.V. Skidanov, L.L. Doskolovich, N.L. Kazanskiy, et al.

2026, Vol. 13, No. 2 135



of the detected intensity level. Nonlinearity is introduced into the modulator M2 via correcting

the DNN phase function.

The APCD-2024 setup mounted in a compact housing demonstrated a fairly good perfor-

mance: in an experiment on recognition of handwritten digits from the MNIST dataset [27],

which comprises 60,000 training images and 10,000 test images, a recognition error rate of 3.14%

was achieved (corresponding to an accuracy of 100% – 3.14% = 96.86%). According to the orig-

inal website of MNIST creators [28], error rates of 12% are observed when using simple linear

classifiers without preprocessing [29].

(a) Schematic optical layout: LS – a 532-nm laser, M – a rotating mirror, MO – a 20× microlens,

D – a pinhole, λ/2 – half-wave plates, L1 – a collimating lens, Bs1, Bs2, Bs3 – beam splitters,

M1 – an input SLM, P – a polarizer, L2 – a lens performing a Fourier transform, L3 – an imaging

lens generating an intensity pattern in the Fourier plane, Cam1 – an output camera,

and Cam2 – a camera capturing the intensity pattern in the Fourier plane

(b) A 3D model of the assembled APCD (c) An APCD photograph

Figure 4. A 4F-system-enabled APCD

The two-tier arrangement suffers from several drawbacks: access to the components on the

first tier for alignment is only possible after removal of the second tier. The high density of
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heat-dissipating elements within a confined volume induces distortions in the optical layout.

Furthermore, the forced-air cooling system calls for frequent cleaning of the optical surface.

In addition, the optical scheme depicted in Fig. 4a proved to be suboptimal in terms of the

position of beam splitter Bs3, thus leading to extra light losses.

In 2025, a new version of the APCD was developed, in which the optical components and

electronic modules were integrated into a standard form-factor housing designed for installation

in a server rake.

1.2. APCD-2025

Two main modifications were introduced into the APCD-2025 optical scheme. The first

modification consists in image feeding via phase – rather than amplitude – modulation of the

electromagnetic wave. All known approaches – starting from the classic work [26] to recent

publications [30–32] – have relied on amplitude-based input of the image under recognition. This

stems from the inertia of human visual perception, as the eye perceives the intensity distribution,

which is determined by the light amplitude. The use of phase-modulated input nade it possible to

exclude the half-wave plate located behind the beam splitter and the polarizer from the optical

scheme. The second modification affected the beam splitter Bs3 deflecting light to the camera

Cam2. With the light passing through the beam splitter twice, it was moved to the arm of back

reflection from beam splitter Bs2. Figure 5a shows the new optical layout of the APCD-2025,

while Fig. 5b presents a photograph of the APCD-2025 in a housing intended for mounting in a

server rack.

As seen from Fig. 5, the beam splitter Bs3 is relocated from modulator M2 closer to cameras

Cam1 and Cam2, enabling a single passage of light through the beam splitter, so reducing

energy losses in the element by more than twice (minus one beam splitting and two Fresnel

reflections). With the half-wave plate and polarizer not found behind the beam splitter Bs1,

the modulator M1 can be used in a regular mode of phase modulation. Another benefit is an

essential reduction in light energy losses. A polarizer typically transmits only half of the incident

power and about 4% is additionally reflected at each surface of the two elements. Thus, their

combined transmittance was 0.5*0.964=0.42, so that their removal from the optical scheme

reduced energy losses by nearly a factor of 2.5. Overall, by eliminating both the half-wave plate

and the polarizer, reduced the energy losses by approximately a factor of 5, allowing a five-fold

reduction in the laser power in the APCD. The total energy consumption decreased from 72 W

to 56 W.

2. Experiments on Hand-Wwritten Digit Recognition Using

the APCD-2024

In image recognition (classification) tasks, a sequence of images from several distinct classes

is fed to the input of the APCD-2024 (with image dimensions up to 2048×2048 pixels). Typically,

handwritten digit images from the MNIST database [29] are used as a standard test [5–16]. In

accordance with the description of the classification task in the Introduction, several energy

registration zones are defined at the output plane of the optical system, with the zones used in

the experiment shown in Fig. 6a. The diffractive neural network realized as a phase-only DOE

(the DOE design methods employed are described in detail in [15, 16]) on phase modulator M2 is

required to generate the maximum energy in the detection zone whose index matches the class of
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(a) Optical layout of the APCD-2025: LS – a 532-nm laser, M – a rotating mirror,

MO – a 20× microlens, D – a pinhole, λ/2 – a half-wave plate, L1 – a collimating lens, Bs1, Bs2, Bs3 –

beam splitters, M1 – an input modulator, L2 – a Fourier transforming lens, M2 – a modulator

in the Fourier plane, L3 – a lens for imaging the Fourier-plane intensity distribution,

Cam1 – an output camera, Cam2 – a camera for capturing the Fourier-plane intensity distribution

(b) A photograph of the APCD in the housing

Figure 5. APCD-2025

the input image. In the experimental setup, it is hardly possible to ensure the exact alignment of

the modulator in the Fourier plane as well as precise camera positioning, so the positions of the

registration zones are determined experimentally by means of a special phase mask uniformly

illuminating each zone. Figure 6b shows actual positions of the detection zones within the full

field of view of camera Cam1, while Fig. 6c represents the actual intensity distribution when an

image of the digit 5 is fed to the input.
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(a) Layout of the detection zones of the diffractive neural network (diagram)

(b) Actual positions of the zones in the field

of view of camera Cam1

(c) Output intensity pattern when an image

of 5 is fed to the input

Figure 6. Layout of the detection zones of the diffractive neural network

A series of experiments on handwritten digit recognition and classification using the MNIST

database was conducted with the APCD-2024. In the experiments, a sequence of 5,000 digit

images was loaded into the input SLM. The resulting intensity pattern across 10 detection zones

at the optical system output plane was recorded and classification outcomes were subsequently

determined. The classification accuracy achieved did not exceed 85%.

The relatively low classification accuracy can be attributed to several shortcomings of the

optical system:

1. The wavefront from the collimator deviates from an ideal plane wave;

2. There are spurious reflections from numerous optical surfaces;

3. The effective active area of the modulators is only 80% of their total active surface area;

4. A significant proportion of the incident light is directed to the zero diffraction order (at the

center of Fig. 6c);

5. Geometric inaccuracies result in errors when locating the detection zones.

A technique for reducing the recognition error that eliminates all systematic inaccuracies of

the optical system was proposed. To achieve this, every other image in the sequence should be
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formed as a background image. Then, the intensity pattern from the object under recognition

is analyzed and the intensity distribution corresponding to the background input image is sub-

tracted from it. Using this technique, the classification accuracy reached 96% in the very first

experiments. Unfortunately, this approach reduced the APCD’s performance by half. Therefore,

to compensate for the influence of systematic errors on the classification results, a tiny digital

neural network – a linear perceptron digitally implemented on a computer – was introduced to

post-process the recognition results. A similar approach was discussed in [33, 34].

The input layer of the digital neural network was formed by the integrated intensities mea-

sured in the registration zones. The hidden layer comprised 10 neurons and the output layer also

comprised 10 neurons, associated with the classes of the input objects. Training of this neural

network was performed using the output images generated by the APCD. From each image,

between 10 and 90 numerical features were extracted – namely, the total intensities within each

registration zone, or within subdivisions of the zones into 4 and 9 subregions. These features

were computed for 50,000 handwritten digit images taken from the MNIST database. The neural

network employed a linear neuron activation function. At the output layer, the computer neural

network returned the object class, enhancing recognition accuracy. Table 1 presents the experi-

mental recognition results obtained using the APCD-2024 augmented with the above-described

neural network, evaluated on 5,000 characters from the MNIST test set.

The first column of Tab. 1 specifies the character presented at the APCD-2024 input, and the

rows indicate the counts of correct and incorrect recognition outcomes. In the confusion matrix

shown in Tab. 1, the rows represent the true classes, while the columns give the predicted classes.

Recognition accuracy is computed as the sum of all values on the diagonal from the top-left to the

bottom-right corner (highlighted in green in Tab. 1) divided by the total number of digits under

recognition (5,000): (476 + 552 + 475 + 477 + 528 + 418 + 490 + 535 + 449 + 443)/5000 = 0.9686.

In the case of perfect system performance, the diagonal of the table should contain the largest

values, while all off-diagonal entries should be zero.

Table 1. Recognition results for 5,000 handwritten characters from the MNIST database

obtained with the APCD-2024 augmented with a supplementary neural network

with 90 input neurons

0 1 2 3 4 5 6 7 8 9

0 476 0 0 0 0 1 1 1 0 2

1 0 552 4 2 1 0 0 1 3 0

2 0 1 475 3 1 2 0 1 4 1

3 1 1 2 477 0 3 0 3 4 2

4 0 0 0 0 528 1 1 1 0 4

5 0 1 1 5 0 418 3 1 4 1

6 0 0 1 0 6 4 490 0 1 0

7 0 1 3 3 2 0 0 535 1 5

8 0 1 1 3 2 3 0 0 449 3

9 4 2 1 4 15 2 1 17 6 443

The confusion matrix presented in Tab. 1 enables computation of the primary classifi-

cation quality metrics for the digits. For instance, the precision (which indicates the pro-

portion of digits predicted as class “X” that truly belong to class “X”) for the digit “5”
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is 418/(0+1+1+5+0+418+3+1+4+1)=0.9631. The recall – representing the proportion of

true class “X” digits that the classifier successfully identifies – for the digit “5” equals

418/(1+0+2+3+1+418+4+0+3+2)=0.9631. The F1-score, defined as the harmonic mean of

precision and recall and considered the most informative metric for imbalanced data for the

digit “5”, equals

F1 = 2 × (Precision × Recall)/(Precision + Recall) = 0.9631. (1)

A compact auxiliary neural network enables the APCD to achieve substantially improved

recognition performance within a time frame of approximately several tens of microns. A recog-

nition rate error of 3.14% was achieved. The processing time required by the auxiliary neural

network to analyze the output data is on the order of several tens of microseconds, which is

substantially shorter than the 16.7 ms operational cycle of the APCD-2024. Thus, the proposed

hybrid approach practically does not slow down the operation of APCD-2024.

3. Experiment with the APCD-2025

In the APCD-2025, images are input via phase modulation of the optical field. This results

in a high level of background illumination around the images under recognition and hence a pro-

nounced intensity peak at the center of the spatial spectrum in the Fourier plane. To suppress

this on-axis intensity peak, the phase function of a binary phase grating with a high spatial

frequency (Nyquist frequency) is superimposed on the DNN phase function on modulator M2 in

the Fourier plane. This grating redirects the light originally concentrated in the central region

away from the APCD-2025 detection region. Table 2 presents recognition results from exper-

iments conducted with the APCD-2025 in combination with the aforementioned DNN when

recognizing 10,000 characters from the MNIST test set.

Table 2. Recognition results for 10,000 handwritten digits from the MNIST database

obtained with the APCD-2025 augmented by a neural network featuring 90 input neurons

0 1 2 3 4 5 6 7 8 9

0 998 0 0 0 0 0 0 0 0 2

1 0 997 0 0 1 0 0 2 0 0

2 0 17 981 1 0 0 0 1 0 0

3 0 0 1 989 0 9 0 0 0 1

4 0 1 0 0 986 0 0 2 0 11

5 0 1 0 0 9 983 6 0 0 1

6 9 0 0 0 7 0 982 0 1 1

7 0 7 0 0 0 1 0 984 0 8

8 0 0 0 2 1 0 7 0 982 8

9 0 0 0 0 6 0 0 1 0 993

Employing phase-based image input together with post-processing of the intensity distribu-

tion in the target regions using a linear perceptron resulted in a 1.3% classification error rate for

handwritten digits from the MNIST database. The fairly high classification accuracy achieved

on tests images provided a sufficient basis for proceeding to the recognition of real-world ob-

jects. Meanwhile, it is worth noting that developers of computer neural networks for the MNIST

R.V. Skidanov, L.L. Doskolovich, N.L. Kazanskiy, et al.

2026, Vol. 13, No. 2 141



database reported reaching an error rate of 0.21% as early as 2013 using DropConnect regular-

ization [35], while researchers employing Random Multimodel Deep Learning (RMDL) achieved

a 0.18% error rate in 2018 [36].

4. Assessment of the APCD Performance

The authors deem it incorrect to compare the performance of the APCD and a conventional

computer by evaluating the time required for a computer to solve the mathematical relationships

describing the APCD’s operation (computing two Fourier integrals via the fast Fourier transform

and so on). We propose comparing the image recognition speed of the APCD with that of a

modern graphics processor employing a convolutional neural network, such as YOLO family [37].

Currently, the YOLO (You Only Look Once) family [37, 38] serves as a kind of a bench-

mark among computer networks for object recognition. This neural network was specifically

developed to achieve maximum processing speed while ensuring guaranteed recognition accu-

racy. Studies have demonstrated that YOLO performs efficiently in real time and can reliably

detect small objects in video streams [37]. The authors of [37, 38] conducted a comparative anal-

ysis of the inference times required for object recognition using different neural networks from

the YOLO family. However, those results were achieved on outdated graphics cards, namely,

NVIDIA RTX 2080 (≈4 TFLOPS) and NVidia Tesla T4 16 Gb (8.1 TFLOPS in FP32). Be-

cause of this, in this paper, the comparison is made with a contemporary GPU, the RTX 4090

(52.2 TFLOPS).

The APCD can process images with resolutions ranging from 512 × 512 up to 4096 × 2140

(the dimension of the UPOLabs HDSLM36R modulator used) at a 60Hz frame rate, i.e. in

16.7 ms. Importantly, the APCD-aided image processing time is independent of the input image

dimensionality and determined by the slowest input/output component in the system.

In this paper, we examined the YOLO neural network in a regime where it does not down-

sample the input image but instead processes every pixel of the frame. This is motivated by

the fact that digit images from the MNIST dataset are only 28 × 28 pixels in size [28]. Down-

sampling the entire frame would inevitably downsample the digit images as well, leading to a

deteriorating recognition quality. When no downsampling is applied, the inference speed of the

YOLO neural network depends on the input frame dimensionality. Additionally, the operating

speed of the YOLO neural network also depends on the size (type) of the neural network itself.

Table 3 gives the image recognition times for images of varying resolution on a GPU RTX 4090

using the YOLO v.8, which was selected as the fastest modification of this family. Three network

variants were evaluated (medium, large and extra-large), each providing recognition accuracy

comparable to that of the APCD-2025.

Table 3 shows that, considering the APCD’s constant processing time of 16.7 ms per frame,

YOLO exhibits a superior performance for image resolutions up to 1024×1024 pixels. However,

for larger-dimension images, the APCD-2025 outperforms YOLO with a significant margin. This

advantage of the APCD-2025 could be further extended by operating the SLM at a higher clock

frequency.

A further metric for comparing the performance of the graphic card and the APCD is energy

efficiency – specifically, the energy consumed per processed frame. The RTX 4090 GPU consumes

about 420 W (WGPU) [39], whereas the APCD-2025 consumes about 56 W (WAPCD). The

energy per frame for the GPU is given by EGPU=WGPU×YOLO. For the APCD-2025, the

energy required per frame is EAPCD = WAPCD×16.7×10−3s = 0.94J . Table 3 presents the per-
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frame energy consumption of the RTX 4090 GPU. Here, the energy advantage of the APCD-2025

already starts to be seen at 512× 512-pixel resolution, and beginning at 2000× 2000 pixels, the

APCD’s energy consumption is an order of magnitude lower than that of the RTX 4090 GPU,

even for the lightest YOLO modification, YOLO v.8 medium. Thus, the energy efficiency of

optical computing with the APCD-2025 is an order of magnitude higher than that of graphics

accelerators for frame resolutions of 2000 × 2000 pixels and above.

Table 3. Recognition results for 10,000 handwritten digits from the MNIST database

obtained with the APCD-2025 augmented by a neural network featuring 90 input neurons

Frame size YOLO v.8

medium (ms/J)

YOLO v.8

large (ms/J)

YOLO v.8

xlarge (ms/J)

512 × 512 5.5 / 2.3 6.6 / 2.8 7.8 / 3.3

1024 × 1024 13.8 / 5.8 13.1 / 5.5 17 / 7.1

2048 × 2048 30.3 / 12.7 47.6 / 20 58.8 / 24.7

4000 × 3000 100 /42 154 / 64.7 232 / 97.4

Conclusion

Summing up, we have analyzed two versions of an analog photonic computing device

(APCD) and have demonstrated the advantages of the APCD-2025 over the APCD-2024, with

the former implementing phase modulation for image input and featuring several design sim-

plifications. The effectiveness of combining the APCD with a compact digital neural network

for post-processing the optical recognition results has also been demonstrated. The APCD-2025

has shown clear advantages over GPU-based neural networks in both processing speed and en-

ergy efficiency for frame resolutions exceeding 1024 × 1024 pixels. Specifically, at resolutions of

2000 × 2000 and higher, the APCD-2025 outperforms a state-of-the-art RTX 4090 GPU by an

order of magnitude in energy efficiency. Hence, the use of the APCD enables real-time object

recognition in video streams.
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This paper addresses the problem of escalating computational complexity arising from the

transition from classical Active Electronically Scanned Arrays to fully-fledged Multiple-Input

Multiple-Output (MIMO) radars for airborne Earth remote sensing (ERS) systems. It is shown

that the formation of a virtual aperture increases the number of virtual channels to 105–106,

making classical adaptive processing methods based on direct access to covariance matrices of di-

mension NN impossible for existing onboard computers. Modifications of the MUSIC and ESBM

(Estimation of Signal Parameters via Beamspace Mapping) algorithms have been developed. These

algorithms are adapted to operate with sparse covariance matrices, which makes it possible to radi-

cally reduce the amount of stored and processed data. Based on the proposed methods, a pipelined

processing architecture has been developed and implemented on hybrid CPU+FPGA computers,

providing latency compatible with real-time requirements for detection tasks in air-ground and

air-sea circuits. The results obtained pave the way for the creation of next-generation airborne

radar systems with unprecedented spatial resolution and high noise immunity.

Keywords: MIMO radar, supercomputer processing methods, reduced-rank algorithms.

Introduction

The evolution of airborne Earth remote sensing (ERS) systems over the past decades has

been characterized by a consistent transition from mechanically scanned antenna systems to

Active Electronically Scanned Arrays (AESAs) and, more recently, to multiple-input multiple-

output (MIMO) radars. While classic AESAs have provided significant advances in scanning

speed and beamforming flexibility, they have nevertheless reached the physical limit of their

resolution with a fixed aperture.

In contrast, MIMO radars open up fundamentally new possibilities for airborne ERS sys-

tems. Creating a virtual aperture equivalent to the product of the number of transmitting and

receiving elements, they enable a substantial increase in angular resolution without increasing

the physical size of the antenna system [3, 4]. In MIMO radars, each channel emits orthogonal

(independent) signals. This method implies a virtual receive antenna array whose size is equal

to the product of the number of transmitting and receiving channels. This approach signifi-

cantly improves angular resolution and the accuracy of reflected signal with the same physical

antenna size, suppressing fluctuating signals and increasing the probability of detecting small

and maneuvering objects [7, 8].

As in many areas of radar, a significant increase in the tactical and technical characteristics

of a MIMO radar requires a significant increase in computing resources. As in many areas of

radar, a significant increase in the tactical and technical characteristics of a MIMO radar requires

a significant increase in computing resources. The transition to full-fledged MIMO radars raises a

fundamental problem related to the “curse of dimensionality.” Indeed, the formation of a virtual

aperture (Virtual Array) leads to the fact that the number of virtual receiving channels reaches
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the value of Nrx ×Ntx, where Nrx, Ntx are the number of receiving and transmitting elements,

respectively. In promising remote sensing complexes, the number of virtual channels reaches 105.

Classical Space-Time Adaptive Processing (STAP) algorithms, which form a space-time

filter to protect against interference, the parameters of which adapt depending on the motion

parameters of the radar carrier and the interference environment, require computational costs of

the order of O(N3) for an N×N correlation matrix, which at N ≈ 105, it makes them physically

unrealizable on existing onboard computers.

At the same time, the tasks of detecting small objects: unmanned aerial vehicles of a small

class, submarine periscopes or hypersonic missiles, impose strict requirements on processing

latency [1, 2]. The acceptable processing window for detecting small objects is units-tens of

milliseconds. Thus, there is a “computational gap” between the potential capabilities of MIMO

radars and the actual performance of existing onboard computing systems.

A number of approaches to reducing the computational complexity of STAP algorithms have

been proposed in the literature. Rank reduction methods such as multichannel Wiener filtering

(MWF) and auxiliary channel filter (ACS) can reduce the effective dimension of the processing

space by projecting onto a subspace of a smaller dimension. Knowledge-Aided (KA) methods use

a priori information about terrain and interference conditions to reduce the size of the training

sample.

However, as the number of virtual channels grows to 105, the performance of these methods

decreases significantly: the required subspace size is still too large, and the gain in computational

complexity is insufficient to achieve real-time mode. In addition, classical spectral estimation

algorithms (MUSIC, ESPRIT) in their traditional formulation also face insurmountable compu-

tational difficulties when processing such a high dimension [5, 6].

This article aims to overcome the described computational gap by synthesizing new algo-

rithmic and architectural solutions. The main hypothesis is the transition to a heterogeneous

computing architecture of the onboard supercomputer core, combining general-purpose central

processors (CPUs) and field-programmable gate array (FPGAs).

This work is divided as follows: Section 2 discusses the basics of the method used to reduce

computational complexity. Section 3 describes the detection algorithm in detail. The architecture

of the onboard computer suitable for the proposed algorithm is presented in Section 4. Possible

applications and practical value of the algorithm and the computer architecture presented is

discussed in Conclusion.

1. Matematical Signal Model and Computational Complexity

1.1. Geometry of Shooting in MIMO Radars

Let us consider an aviation complex for remote sensing of the Earth (remote sensing),

equipped with a MIMO radar. In general, the system configuration can be monostatic, when

the transmitting and receiving antenna arrays are placed on the same aircraft, or bistatic, in

which the transmitter and receiver are separated into different carrier. For the sake of certainty,

the monostatic configuration, characteristic of most promising aviation complexes, is further

considered, however, the results obtained can be generalized to the bistatic case.

Let the transmitting antenna array contain Ntx radiating elements, and the receiving an-

tenna contain Nrx receiving channels. With time or code separation of signals, each of the Ntx

transmitters emits an orthogonal (or quasi-orthogonal) signal. Figure 1 shows the geometry of
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the MIMO radar survey. After consistent filtering, a virtual aperture is formed at the receiving

point, the number of channels of which is equal to the product Nv = Ntx · Nrx. The vector

v ∈ CNv is the result of convolution of the transmitting and receiving antenna patterns and

contains all information about the angular position of objects.

Figure 1. Principle of operation of the MIMO radar

The moving carrier of ERS is characterized by the presence of a Doppler frequency shift

due to both the movement of the carrier itself by the possible movement of targets. Let M

transmitting pulses with a repetition period of T be processed in a coherent packet. The space-

time domain vector of the signal is formed as a result of the Kronecker product of the time and

space vectors. The synthesized MIMO covariance matrix (signals from all virtual channels for

the entire observation time) makes it possible to consider joint space-time processing as a single

task of estimating signal parameters in the dimensional space Nv ×M .

1.2. Model of the Signal and Interference Environment for MIMO Radars

In MIMO radars, the received signal is represented as a superposition of reflections from

target objects, passive interference from the underlying surface, and active noise interference.

Passive interference (reflections from the ground, water surface, urban buildings) is characterized

by high space and time correlation and dominates in terms of energy. Active noise interference is

created by special electronic warfare equipment and can have both broadband and narrowband

structures.

Let x ∈ CNvM denote the space-time vector of the received signal samples, where Nv is the

number of virtual channels, M is the number of transmitted pulses in a coherent packet. The

vector x can be represented as:

x = xs + xi + xn, (1)
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where xs is the component of the signal reflected from the object, xi is the component of passive

and active interference, and xn is the component of the receiving channels noise.

The covariance matrix of the received signal is defined as R = E[xxH ], where E[·] is the

expectation operator, (·)H is the Hermitian conjugation. In practice, R is unknown and must

be estimated from a training sample:

R̂ =
1

L

L∑

l=1

xlx
H
l , (2)

where xl are independent implementations.

ForR to be non-degenerate and there to be an inverse matrix, it is necessary that L ≥ 2·NM .

1.3. Computational Complexity of the Classical Space-Time Processing

Approach

The classical approach to STAP involves solving the optimal filtering problem using a weight

vector w that minimizes the output power of interference with a fixed response to the target

signal. The optimal weight vector is determined by the expression:

wopt = µR−1s, (3)

where µ is a normalization multiplier that provides wHopts = 1, s is the “true” reflected signal that

we expect to receive from the target in the direction we are interested in. The key computational

problem is the need to calculate the inverse covariance matrix R−1 with dimension NM ×NM .

The computational complexity of solving the inverse of an R−1 matrix with dimension

NM ×NM by the Gaussian or LU decomposition method is O((NM)3) arithmetic operations.

For promising MIMO radars with Nv on the order of 104 virtual channels and M on the order

of 100–500 pulses per packet, the NM product can reach 5× 106.

When using classical space-time processing algorithms to find the inverse R−1 covariance

matrix with a dimension of 5×106×5×106, the computational complexity will be about O(1020)

floating-point operations, which is physically impossible even on modern supercomputers with

a capacity of about 1018 operations per second.

As for the required amount of RAM, a preliminary estimate shows that to store only the

R matrix, the required minimum amount of memory should be (NM)2×16 bytes = 5×1014 bytes

(approximately 500 TB). It is impossible to store a matrix of this size in RAM on board existing

and promising ERS.

The classical approach to space-time processing becomes inapplicable when switching to full-

fledged MIMO radars with a high-dimensional virtual aperture. This fact forms a fundamental

limitation, the overcoming of which requires the development of fundamentally new algorithmic

and architectural solutions proposed in the following sections of this work.

1.4. Problem Statement and Initial Data

Suppose there is a MIMO radar with Nrx receiving and Ntx transmitting channels forming a

virtual aperture of dimension Nv = Ntx ·Nrx. A coherent packet contains M pulses, so that the

space-time vector of the signal has dimension NM = NvM . The received signal is a superposition
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of reflections from K targets, passive interference, and noise:

x(t) =
K∑

k=1

αka(θk, ϕk)⊗ b(fd,k) + xi(t) + xn(t), (4)

where αk is complex amplitude reflections from the k-th target, a(θk, ϕk) ∈ CNv is a vector of

the reflected signal in the spatial basis (depends on the azimuth ϕk and elevation θk), b(fd,k)

is a vector of the reflected signal in a temporal basis (depends on the Doppler frequency fd,k),

⊗ is a work of Kronecker, xi(t) is the interference component of the reflected signal and xn(t) is

the noise component of the reflected signal.

It is necessary to develop an algorithm for estimating the angular coordinates (θk, ϕk) and

the Doppler frequency fd,k of all objects K with minimal computational effort and high resolu-

tion. To achieve this goal, we will decompose the task. Since calculations based on the covariance

matrix are necessary in the framework of space-time adaptive signal processing, it is impossible

to solve the problem in this form. At the first stage, it is necessary to reduce the dimension of

the covariance matrix. At the second stage, the azimuth, elevation angle, and Doppler frequency

are estimated.

2. The Dimensionality Reduction Method

The central problem formulated in the previous sections is that the dimension of the space-

time vector of the NM signal for promising MIMO radars reaches values of the order of 106,

which makes classical processing methods computationally unrealizable. This section proposes

several complementary approaches to reducing the effective dimension of the, based on the use

of sparse representations, adaptive rank reduction methods, and coherent restoration of the

covariance structure.

The first stage is the projection of the initial space-time vector x into the space of rays of

a smaller dimension Q� NM . At the second stage, the projection matrix is optimized. At the

third stage, the signal is projected into a smaller dimensional space.

2.1. Projection Matrix Formation

The projection matrix B ∈ CNM×Q is formed based on a priori information about the

expected directions of arrival of the signal. In general, the pillars B are a set of signal vectors

corresponding to the Q reference directions:

B = [ã(θ1, ϕ1)⊗ b̃(fd,1), ã(θ2, ϕ2)⊗ b̃(fd,2), ..., ã(θQ, ϕQ)⊗ b̃(fd,Q)], (5)

where ã(θq, ϕq) is the approximation of the reflected signal in the space basis, b̃(fd,q) is the

approximation of the reflected signal in the time (frequence) basis.

2.2. Projection Matrix Optimization

The KAC-JIOAF (Knowledge-Aided Constrained Joint Iterative Optimization Framework

for Adaptive Filters) optimization procedure [6] is used to minimize information loss. The prob-

lem is formulated as an optimization with confines:

min
B,W
‖BHRB −WWH‖2F + λ‖B‖∗ + µ‖W −W0‖2F , (6)
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where R is the covariance matrix of the initial reflected signal, W is the matrix of weights of the

adaptive filter, W0 is the initial approximation obtained from a priori data, ‖·‖F is the Frobenius

norm, ‖ · ‖∗ is the nuclear norm providing a low-rank solution and λ, µ are the regularization

parameters.

Since optimization is performed using two parameters, the search for a solution is carried

out iteratively:

Step 1 (fixing B, optimizing W ):

Wt+1 =
(BH

t RBtWt + µW0)

(BH
t RBt + µI)

, (7)

where I is the identity matrix.

Step 2 (fixing W , optimizing B):

Bt+1 = arg min
B
‖BHRB −Wt+1W

H
t+1‖2F + λ‖B‖∗. (8)

The solution of the second stage is performed by the algorithm of proximal gradient descent

with soft threshold processing of singular values.

2.3. Projecting a Signal into a Smaller Space

After the optimal matrix Bopt is found, the projection of the signal is performed:

y = BH
optx (9)

and the projection of the reduction in the dimension of the covariance matrix:

Ry = BH
optRBopt. (10)

At the same time, the dimension of the processing space is reduced from NM to Q, where

Q is selected in the range from 100 to 1000, depending on the complexity of the scene.

3. Estimation of Target Parameters in Space-Time Signal

Processing

At the next stage of processing, an adapted version of the MUltiple SIgnal Classification

algorithm (MUSIC) is applied to the projected covariance matrix Ry [7, 9, 10], which is based

on the decomposition of the covariance matrix R ∈ CNvM into signal and noise subspaces.

3.1. Decomposition into Signal and Noise Subspaces

Decomposing the matrix into eigenvectors:

Ry = UyΛyU
H
y , (11)

where Uy = [u1, u2, ..., uQ] – the matrix of eigenvectors, Λy = diag(λ1, λ2, ..., λQ) is a diagonal

matrix of eigenvalues, ordered in descending order λ1 ≥ λ2 ≥ ... ≥ λQ.

The number of objects K̂ is estimated using the minimum description length criterion:

Us = [u1, u2, ..., uK̂ ]. (12)
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The noise subspace is formed from the remaining vectors:

Un = [uK̂+1, uK̂+2, ..., uQ]. (13)

3.2. Projection of Reflected Signals into the Ray Space

For each potential direction (θ, ϕ) and the Doppler frequency fd, the original reflected signal

is projected into the ray space:

c(θ, φ, fd) = BH
opt(a(θ, ϕ)⊗ b(fd)). (14)

3.3. Calculation of Parameter Estimates

To calculate the estimates parameters using the MUSIC algorithm, a pseudospectrum in

the ray space is calculated:

PMUSIC(θ, ϕ, fd) =
1

‖UHn c(θ, ϕ, fd)‖2
=

1

c(θ, ϕ, fd)HUnUHn c(θ, ϕ, fd)
. (15)

The peaks of the pseudospectrum correspond to estimates of the parameters of the objects:

θ̂k, ϕ̂k, f̂d,k = arg max
θ,ϕ,fd

P̂MUSIC(θ, ϕ, fd), k = 1, 1, ..., K̂. (16)

The proposed hybrid algorithm of MUSIC with a reduction in the dimension of the covari-

ance matrix is an effective solution to the problem of space-time processing of MIMO radar

signals for remote sensing aircraft systems, providing an optimal compromise between compu-

tational complexity and accuracy of estimates of the parameters of detected objects.

3.4. Analysis of the Computational Complexity of the Proposed Hybrid

Algorithm and the Capabilities of onboard Computing Systems

Table 1 presents a comparative analysis of the computational complexity of the classical

MUSIC method and the proposed hybrid method.

Table 1. Comparison of computational complexity of classical MUSIC and hybrid method

Stage / Method Classical MUSIC Proposed hybrid method

Formation of the covariance matrix O((NM)2L) ≈ 1012 O(Q2L) ≈ 108

Calculation of eigenvectors of the covariance matrix O((NM)3) ≈ 1018 O(Q3) ≈ 109

Calculation of the pseudospectrum (per object) O(NM) ≈ 106 O(Q) ≈ 103

Iterative optimization of KAC JIOAF - O(T ·Q3) ≈ 1010

Overall difficulty 1018 109

Table 1 shows that the computational complexity of the proposed algorithm is 8 orders

of magnitude less than the classical MUSIC algorithm, which allows it to be implemented in

modern and promising remote sensing systems.

Considering that the accumulation time of 1 coherent packet is 10 microseconds, the onboard

computing system must be able to process the received signals before the next packet arrives

(pipelining). Thus, the minimum performance of the onboard computing system should be at

least 1010 operations/ 0.01s = 1012 operations/s. Taking into account the fact that for accurate
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calculations it is necessary to use the double precision data type (double 64), the number of

operations should be an order of magnitude greater. Thus, in order to perform pipelining using

the proposed hybrid method, the onboard computing system performance should be at least

1013–1014 operations per second (10–100 TFLOPs).

onboard computing systems are characterized by severe performance, power consumption,

and size limitations. The high computational complexity of classical MUSIC makes it inappli-

cable in such conditions. The hybrid method, on the contrary, has a number of properties that

make it promising for implementation in onboard computing systems:

• reduced load on central processing unit (CPU);

• the possibility of parallelism;

• adaptability to resources;

• compatible with hardware accelerators.

Thus, the hybrid method is not only significantly superior to classical MUSIC in computa-

tional efficiency, but also optimally meets the requirements for signal processing algorithms in

onboard computing systems.

4. Architecture of the Onboard Supercomputer

Overcoming the “computational gap” formulated in Section 2 requires not only the develop-

ment of new dimensionality reduction algorithms but also the creation of a specialized computing

architecture capable of implementing these algorithms in real time under severe restrictions on

weight, energy consumption, and vibration loads typical of remote sensing aircraft systems. This

section proposes the architecture of an onboard supercomputer core based on the principles of

heterogeneity, pipelining, and specialized computing coprocessors.

4.1. The Principle of Heterogeneity: Separation of Computing Load

The classical approach to implementing radar algorithms on a universal central processing

unit (CPUs) does not provide the required performance when processing MIMO signals. An

alternative is to use a heterogeneous computing architecture that combines different types of

computing devices, each of which is optimal for its class of tasks. In the proposed architec-

ture, the computing load is distributed as follows. FPGAs are assigned tasks that require high

bandwidth and deterministic low latency: pre-filtering, compressed range sampling, fast Fourier

transform (FFT) in range and Doppler frequency, as well as primary signal detection. FPGAs

provide hardware parallel processing of the data stream coming from analog-to-digital converters

(ADCs), which allows for pipelining with minimal latency.

Multicore processors (CPUs) and graphics processing units (GPUs) are tasked with adaptive

processing and spectral analysis, requiring high computational complexity and flexibility of

algorithms. Such tasks include: estimation and access to low-dimensional covariance matrices,

implementation of MUSIC and KAC-JIOAF algorithms, space-time adaptive processing, as

well as post-processing (trajectory filtering, targets classification). For performing sequential

and control operations CPUs are efficient, while GPUs provide massively parallel processing of

matrix operations typical for spectral analysis.
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4.2. Pipelining Calculations: Cascading Processing

A key requirement for an onboard remote sensing system is to ensure continuous processing

of radar data in real time. The traditional processing model “assemble frame – process – output

result” leads to unacceptable latency due to waiting for the completion of the full processing

cycle of the previous frame. To eliminate this disadvantage, a pipeline (cascade) data processing

architecture is proposed. Figure 2 shows the structural and functional diagram of an onboard

supercomputer.

The structural and functional scheme of the mentioned supercomputer consists of 5 main

modules. In module 1, the received reflected signals are digitized, transferred to a zero inter-

mediate frequency, and accumulated to increase the signal-to-noise ratio and reduce data flow.

The main computing unit in module 1 are FPGAs with buffer memory and ADC boards. In

module 2, a space-time vector of reflected signals is formed, the initial covariance matrix R

is estimated, and a fast Fourier transform is performed along the time coordinate. The main

computing unit of module 2 are FPGAs.

Figure 2. Structural and functional diagram of an onboard supercomputer

Module 3 (heterogeneous computing cluster) implements iterative optimization of KAC-

JIOAF for calculating the Bopt projection matrix and the subsequent eigenvalue decomposition

of the projected covariance matrix Ry of dimension Q×Q. The heterogeneous computing cluster

includes an Intel Xeon-D multi-core processor and graphics processors based on video cards. The

central processor performs the KAC-JIOAF iterative optimization control, the formation Bopt

of the projection matrix, and the process stop. Graphics processors perform parallel matrix

multiplication.

Module 4 consists of a specialized FPGA computer that performs calculations to find the

MUSIC pseudospectrum for the entire grid of directions.
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The final stages of processing are performed: filtering of trajectories, iterative refinement

of estimates. A central processor is used for these purposes. In addition, modules 3, 4 and 5

are connected by a high-speed bus (bandwidth up to 10 Gbit/s per line), which ensures end-

to-end pipelining of processing and a delay of no more than 5 ms per coherent packet. The

proposed architecture fully covers the computational needs of the proposed hybrid algorithm

and ensures its operation in real time under the conditions of severe weight and size limitations

of the airborne remote sensing system.

Conclusions

As a result of the conducted research, it was possible to successfully solve the problem of

computational gap in signal processing in MIMO radars for remote sensing aircraft systems. The

developed hybrid algorithm demonstrates an impressive reduction in computational complexity

by more than 108 times compared to the classical MUSIC method.

The practical significance of the work is confirmed by the possibility of implementing real-

time signal processing with limited computing resources. The developed approach ensures robust-

ness to small data samples and a high level of compatibility with onboard computing systems.

The prospects of the proposed solution are determined by the possibility of computing

parallelism, adaptability to computing system resources, and compatibility with hardware ac-

celerators. It is especially important to maintain high-quality signal processing while significantly

reducing the computing load. The practical implementation of the developed algorithms opens

up wide possibilities for use in modern aviation complexes. This includes real-time signal process-

ing, improved direction finding accuracy, operation in high-noise environments, reduced power

consumption of onboard equipment, and scalability of the solution for various classes of onboard

systems.

Thus, the conducted research has made it possible to create an innovative method for

processing space-time signals, which can be successfully applied in promising aviation complexes

for remote sensing of the Earth. The developed algorithms and architecture of the computing core

ensure an optimal balance between computational efficiency and signal processing quality, which

makes them suitable for practical use in conditions of severe limitations of onboard systems.
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