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Abstract. This study addresses problem of low efficiency of software implementation of combinatorial
optimization algorithms on RISC-V processors. The main obstacle is the quadratic growth of the Ising model
interaction matrix. Using double-precision floating-point representation leads to high cache miss rates and
degrades performance. The aim of the study is to improve efficiency of solving combinatorial problems on the
RISC-V platform by reducing the bit width of the interaction matrix using quantization methods. The proposed
approach implements three classes of rounding methods: simple rounding, stochastic rounding, and eight
diffusion rounding schemes. A software prototype is developed for the Lichee Pi 4A board, integrating matrix
quantization with simulated annealing adapted for integer data types. Experiments are conducted on three NP-
hard problems: the traveling salesman problem, the knapsack problem, and the max-cut problem, with bit
widths from 2 to 16 bits. The novelty lies in a systematic comparison of these methods on three classical NP-
hard problems and in the analysis of their effectiveness depending on the problem structure and available bit
width. The results show that quantization effectiveness depends on the problem structure. For the max-cut
problem, diffusion rounding improves solution quality by 10% compared to the unrounded matrix. For the
knapsack problem, diffusion methods offer no advantage over simple rounding, while stochastic rounding
requires at least 8 bits. For the traveling salesman problem, diffusion rounding is beneficial only at 2 bits.
Performance evaluation on Lichee Pi 4A shows that switching from double-precision to 8-bit integer matrices
reduces execution time by a factor of 3.6-4.7 and decreases cache miss rates from 2.64% to 0.13-0.25%. The
best performance is achieved with int8 matrix and int32 accumulator. The findings enable solving larger
combinatorial problems on resource-constrained RISC-V platforms.
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Annoranus. B pabore paccmaTtpuBaercs mpobiiemMa HH3KOH 3((EKTHBHOCTH NPOrpaMMHOI peanu3amuu
anroputMoB KomOuHaTtopHOH ontumusanuu Ha RISC-V  npoueccopax. OCHOBHOE MpensTCTBHE —
KBAJIPaTUYHbIA POCT MaTpULlbl B3aUMOAEHCTBUS Mojenu M3uHra, KOTOpBIH NpPU HCIIOIb30BAHUU YMCEN C
IUIABAIOIIE TOYKOH [BOMHOW TOYHOCTH HPHUBOJUT K BHICOKOMY YPOBHIO KOII-IPOMAaxoB M IaJCHHIO
MPOM3BOAUTENbHOCTH. 1enb HccaenoBanus — MOBbIIeHHE d(P()EKTHBHOCTU PEIIeHHsT KOMOMHATOPHBIX 331a4
Ha RISC-V mnardopme 3a c4€T yMEHBIICHHs PpaspsiIHOCTH MATPHIBI C KCIOJIb30BAHHEM METOIOB
KBaHTOBaHUA. IIpeUIOKCHHBI IIOAXOJ pealusyeT TpU Kiacca METOJOB OKPYIVICHHS: IPOCTOe,
CTOXacTHYeCKoe U BoceMb cxeM auddy3noHHOTOo OKpyrieHus. HoBusHa paboThl 3akmodaeTrcs B
CHCTEeMaTHYEeCKOM CPaBHEHHHM ITHX METOJIOB Ha TPEX Kinaccuueckux NP-TpyHBIX 3a/1a4axX, a TaKKe B aHAIIH3€
ux 3(Q(HEKTHBHOCTH B 3aBUCUMOCTH OT CTPYKTYPbI 3aa4dl U TOCTYIHOM Pa3psiAHOCTH AaHHBIX. Pa3paboran
MporpaMMHBIi npototun yist wiatel Lichee Pi 4A, uHTerpupyromnmii KBaHTOBaHHE MATPHUIBI C AJITOPUTMOM
HMMUTALUU OT)KUTa, KOTOPBII afaNTUPOBAH /I LETOYUCICHHBIX THIOB JaHHBIX. DKCIEPUMEHTHI IPOBEICHBI
Ha TpéX NP-TpyJHBIX 3a]a4ax: KOMMHBOSIKEDA, O PIOK3aKe M MAKCUMAJIBHOTO pa3pesa rpada, ¢ pa3psaHOCThIO
oT 2 710 16 6ut. Pe3ynbraThl NOKa3bIBaIOT, 4TO 3((EKTUBHOCTh KBAHTOBAHUS 3aBUCUT OT CTPYKTYPbI 3aJa4H.
Jinst 3aia4n MaKCUMAabHOTO paspesa Jupdy3uoHHOE OKpyIIeHHe yIydllaeT KadecTBO penrenus Ha 10% mo
CPaBHEHMIO C HEKBAHTOBaHHOH Matpmiei. J{ns 3amaum o prok3ake auQy3HOHHbIE METOABl HE AAIOT
MPEeuMyIIecTBa Mepes MPOCTHIM OKPYIJIEHHEM, a CTOXacTHdyeckoe TpeOyer He MeHee 8 Out. Jlns 3amaum
KOMMUBOSDKEPA TU(Py3nOHHOE OKpyriIeHue 3()(PEeKTUBHO TONBKO Ha 2 6uTax. OLEeHKa IPOU3BOJUTEILHOCTH
Ha Lichee Pi 4A mokasbiBaeT, 4TO MEPEXOJ C MATPHUIIbI IBOWHON TOYHOCTH Ha 8-OUTHYIO LEIOYHCIICHHYIO
COKpAILAaeT BpeMs BBINOMHEHMS B 3,6—4,7 pa3za M CHWXKAET AOJIO K3II-IpoMmaxoB ¢ 2,64% no 0,13-0,25%.
Haunyumiass npou3BOJUTENBHOCTE JOCTHIAeTCst ¢ MaTpuued int8 u akkymymsatopom int32. Pesymbrarh
MO3BOJLIIOT pelIaTh 3aJayd KOMOWHATOPHOH onTuMusanuu Oosbhorero pasmepa Ha RISC-V cucremax c
OrpaHUYCHHBIMH PECypCaMH.

Kuaruesbie cioBa: RISC-V; Lichee Pi 4A; komOuHaTopHas ontuMu3aus; MoJeb V3uHra; KBAHTOBaHHE
Matpuiibl; 1U(OY3HOHHOE OKPYTIICHHE; CTOXACTUYECKOE OKPYIJICHHE; UMHUTALIMS OTXKUTa.

Jns nurupoBanus: bparenkoB A.M., Crenuna H.O., Hukudopos N.B., FOcynosa O.A. KBaHTOBaHHE
Marpull Moaenu M3unra mns komOuHatopHol ontumusaiuu Ha RISC-V ¢ ucnone3oBanuem Lichee Pi 4A.
Tpynet UCIT PAH, tom 38, Bbim. 4, vacts 2, 2026 r., ctp. 143-160 (nma anrnumiickom s3bike). DOI:
10.15514/ISPRAS-2026-38(4)-23.

1. Introduction

The RISC-V architecture is an open and free instruction set architecture [1] based on the principles
of reduced instruction set computing. Unlike proprietary architecture such as x86 (Intel/AMD) and
ARM, which are controlled by commercial organizations, RISC-V is developed under the oversight
of the non-profit organization RISC-V International and is available for use without payment. Due
to its modularity, extensibility, and openness, RISC-V is being actively adopted across various
domains — from embedded systems to high-performance computing [2-4].

High-performance computing (HPC) plays a key role in solving complex scientific and engineering
problems, including physical process modeling, weather forecasting, materials development, as well
as tasks in artificial intelligence and machine learning [5].

Among the many application areas of HPC, combinatorial optimization problems are particularly
important. Such problems occur in logistics (optimal vehicle routing), planning (scheduling),
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telecommunications (optimal network topology), as well as in machine learning (optimal
configuration of neural networks). A key feature of combinatorial problems is that they are NP-hard:
the solution space grows exponentially with problem size, making exhaustive search practically
impossible even for relatively small dimensions [6].

We use metaheuristics as approximate methods to solve NP-hard combinatorial optimization
problems efficiently. These do not guarantee finding the global optimum but allow obtaining a
solution close to the optimal one. Among such methods, notable examples include genetic
algorithms, ant colony optimization algorithms, tabu search, and particularly simulated annealing,
which has been successfully applied to a wide range of optimization problems [7].

For practical implementation on computing platforms, including the RISC-V architecture, the
application of simulated annealing within the Ising model framework becomes especially important.
The Ising model is a mathematical model from statistical physics that describes a system of
interacting spins. Interest in the Ising model in the context of optimization stems [8] from its
universality: any problem from the NP class can be reduced to an Ising energy minimization
problem. This enables a unified approach to solving various combinatorial problems [9].

However, practical implementation of methods based on the Ising model is limited by quadratic data
growth. This creates substantial limitations:

e for software implementation on general-purpose processors, since large matrices do not fit
in cache memory, leading to a multiple increase in the number of accesses to RAM and a
decrease in performance [10];

e for specialized hardware solutions (annealing processors, FPGA implementations),
physical constraints on chip area and power consumption impose strict requirements on the
bit-width for coefficient representation (typically 4-16 bits) [11].

A promising way to overcome these limitations is quantization of the interaction matrix — reducing
the bit-width of coefficient representation to integer types such as int8 or int16. However, simple
rounding of real-valued coefficients distorts the energy landscape of the problem: the global
minimum of the original problem may no longer be a minimum for the quantized version, and
spurious local minima may appear [12].

To minimize the loss of solution quality during quantization, advanced rounding methods can be
used:

e (diffusion rounding, where the quantization error of each element is distributed to
neighboring elements, preserving the integral information of the matrix;

e stochastic rounding, where rounding is performed probabilistically, which preserves the
statistical properties of the data.
This work aims to improve the efficiency of solving combinatorial optimization problems on the
RISC-V architecture through the use of advanced quantization methods for the Ising model
interaction matrix.
To achieve this goal, the study addresses the following tasks:

1) implement quantization methods for the Ising model interaction matrix, including simple
rounding, stochastic rounding, and eight diffusion rounding schemes (Floyd-Steinberg,
Jarvis-Judice-Ninke, Stucki, Atkinson, Burkes, Sierra-3, Sierra-2, Sierra-Lite);

2) develop a software prototype on the RISC-V architecture that integrates matrix quantization
with simulated annealing adapted for quantized integer data types;

3) experimentally evaluate the impact of different rounding methods and bit widths (2—16 bits)
on solution quality for three NP-hard problems: the traveling salesman problem, the
knapsack problem, and the max-cut problem;

4) measure the performance of the quantized simulated annealing algorithm on RISC-V
hardware (Lichee Pi4A) across different data type configurations, analyzing execution time
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and cache miss rates.

This requires a detailed analysis of the theoretical foundations, including the formulation of
combinatorial problems in terms of the Ising model and the simulated annealing algorithm. These
aspects are detailed in the next section. The novelty of this work lies in a systematic comparison of
these rounding methods on three classical NP-hard problems (knapsack, max-cut, traveling
salesman) and in the analysis of their effectiveness depending on the problem structure and available
bit width.

2. Related Work on Ising Model Quantization

This section presents an analysis of modern research on solving NP-hard combinatorial optimization
problems using the Ising model, as well as data quantization methods and their application to the
RISC-V architecture. This section summarizes key works and their main contributions and
limitations.

In [13], the authors propose methods to reduce the required bit depth of coefficients in the Ising
model by adding auxiliary spins, which reduces the coefficient bit-width without distorting the
objective function. However, this approach increases the problem dimensionality, which amplifies
the quadratic growth of the interaction matrix and leads to higher memory and computational
requirements, limiting its applicability to large-scale problems.

In the context of annealers and Ising machines, the work most closely related to this paper is [14],
where diffusion rounding of the interaction matrix was first proposed for a CMOS annealer. The
authors demonstrate improved performance on a 512-spin knapsack problem: using a matrix
quantized to 7-9 bits and processed with the Floyd—Steinberg method, they achieve constraint
satisfaction where simple rounding fails to produce a single feasible solution. However, this study
is limited to a single problem (0—1 knapsack) and does not investigate the impact of different error
diffusion schemes on solution quality.

In [15], the DSAPS (Dual Scalable Annealing Processing System) is proposed, which enables
simultaneous scaling of both the number of spins and the interaction bit-width. The authors show
that for the knapsack problem, increasing the bit-width from 10 to 37 bits reduces the weight
constraint violation from 99% to 0.73%, confirming the importance of high bit-width for accurate
constraint representation. However, this work uses only simple rounding and does not explore other
methods.

In the context of solving NP-hard combinatorial optimization problems, the combination of
metaheuristic methods and the Ising model formalism occupies a special place. As shown in [16],
metaheuristics, including simulated annealing, allow finding near-optimal solutions without
requiring complete knowledge of the search space structure, which makes them indispensable for
intractable problems. On the other hand, as established in [17], any problem from the NP class can
be reduced to an Ising energy minimization problem. This means that classical NP-hard problems
such as the traveling salesman problem, the knapsack problem, and the maximum cut problem can
be formulated within a unified formalism. However, practical implementation of this unified
approach faces two major obstacles: first, the quadratic growth of the interaction matrix leads to
memory and cache inefficiency on general-purpose processors; second, hardware implementations
(annealing processors) impose strict limitations on the bit width of coefficients, typically 4-16 bits.
These limitations necessitate the development of quantization methods that preserve solution quality
while reducing bit width — a gap that existing studies have not fully addressed, particularly for RISC-
V platforms.

3. Problem Statement and Theoretical Background

To solve the research tasks outlined in this paper, three key aspects must be considered: the
formulation of combinatorial optimization problems, the Ising model as a unified mathematical
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formalism for representing such problems, and the simulated annealing algorithm adapted to operate
with quantized data. This section provides a sequential exposition of these issues.

3.1 Combinatorial optimization

Combinatorial optimization is a class of mathematical problems in which the goal is to find an
optimal solution from a finite discrete set [18]. Formally, a combinatorial optimization problem can
be defined as a triple (X, F, f), where:

e X is a finite set of feasible solutions (a discrete search space);

e F C X is asubset of feasible solutions that satisfy given constraints;

e f:F — Ris an objective function (a quality criterion).
The problem consists of finding an element x* € F such that f(x*) < f(x) for a minimization
problem (or f(x*) = f(x) for a maximization problem) for all x € F.
A main characteristic of combinatorial problems is the discreteness of the solution space. Unlike
continuous optimization problems, where variables can take any value within an interval, in
combinatorial optimization variables are typically integer or Boolean. The solution is often a
combinatorial object: a permutation (traveling salesman problem), a subset (knapsack problem), or
a graph (max-cut problem).
The cardinality of the feasible solution set | F | grows exponentially or factorially as the problem
dimension increases [19]. For example, for the traveling salesman problem with n cities, the number
of possible tours is (n — 1)!/2, which makes exhaustive search practically infeasible even forn >
20. This fundamental property places a broad class of combinatorial problems among NP-hard
problems, for which no polynomial-time algorithm exists.

3.2 The Ising model

The Ising model is a mathematical model from statistical physics that describes a system of
interacting spins located at the nodes of a crystal lattice [20]. In the classical Ising model, the system
consists of N discrete variables o; (spins, each of which can take one of two values {—1, +1}, where
+1 corresponds to a spin "up" and —1 to a spin "down". The configuration of the system is fully
described by the vector ¢ = (04, 03, ..., Oy).
The Hamiltonian (energy function) of the system is given by:

N

H(o) = —Z/ijgiaj _Zhiai (@)
i<j =1
where:
e Jij € Ris the interaction coefficient between spins i and j;
e h; € Ris the interaction coefficient of the external magnetic field with spin i;
e H(o) € R is the energy of configuration o.

The Ising model formalism has an important property: many classical NP-hard problems can be
formulated within the Ising model, and the problem of finding an optimal solution reduces to energy
minimization. This enables a unified approach to solving such problems using methods developed
for spin systems, such as simulated annealing and specialized hardware accelerators known as
annealing processors [21].

3.3 Simulated Annealing

Simulated annealing is a probabilistic metaheuristic algorithm for global optimization [22]. The
algorithm is based on an analogy with the physical annealing process in metallurgy — a thermal
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treatment of materials in which a substance is first heated to a high temperature and then gradually
cooled, allowing it to reach a state with minimal free energy and a perfect crystal lattice.

In physical annealing, the atoms of a material are highly mobile at high temperatures and can
transition between different energy states, including states with higher energy. As the system slowly
cools, it tends toward a state of thermodynamic equilibrium at each temperature. When cooling is
sufficiently slow, the system is highly likely to reach the global energy minimum [23].

Simulated annealing transfers this concept to the field of optimization by replacing:

e the spin configuration ¢ with the current solution x;
o the energy H (o) with the objective function of the optimization problem f(x);

e the temperature T with a control parameter that determines the probability of accepting
non-improving solutions.

At the core of simulated annealing lies the Metropolis algorithm, originally developed for simulating
physical systems [24]. This algorithm generates a sequence of states distributed according to the
Boltzmann distribution at a given temperature.

For an optimization problem, the Metropolis algorithm works as follows: given a current solution x
a new solution x’ is generated (typically by applying a small perturbation to the current solution).
The change in the objective function Af = f(x") — f(x) is computed. If Af < 0 (the solution
improves), the transition is accepted unconditionally. If Af > 0 (the solution worsens), the transition
is accepted with probability:

P =exp (— g) 2)

where T is the current temperature. This probabilistic strategy allows the algorithm to escape local
minima by accepting solutions that worsen the objective function in the early stages (at high T)
while gradually reducing the probability of such transitions as the temperature decreases.

In the context of the Ising model, simulated annealing acquires a direct physical meaning: the
algorithm simulates the thermal dynamics of a spin system. The temperature T in the algorithm
corresponds to the actual physical temperature, and the objective function f (¢) = H (o) corresponds
to the energy of the spin configuration.

Due to the local interaction structure of the Ising model, the energy change resulting from flipping
a single spin can be computed locally, without recalculating the full Hamiltonian, which
significantly improves the efficiency of the algorithm [25].

Consider a spin flip g; = —a;. The energy change AE; is computed based on the interactions of spin
i with its neighbors and the external field:

AE; = E(=0) — E(0) = 207 ) Jyjoy + Iy ®)

JE

The implementation of the simulated annealing algorithm used in this work is shown in Listing 1.

4. Quantization Methods for the Interaction Matrix

The practical implementation of combinatorial optimization methods based on the Ising model faces
the problem of quadratic data growth as the number of spins N increases. The interaction matrix J
contains N? elements, and the external field vector h contains N elements. Using the standard
double-precision floating-point representation (64 bits), the required memory is N2 - 8 bytes + N -
8 bytes ~ 8N?2bytes.
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Listing

1. Simulated annealing implementation.

template <typename SpinType, typename MatrixType, typename AccType>
std::vector<SpinType> simulated annealing (
const IsingModel<MatrixType>& im,
double T_start,
int LoopNum,
double Tc
) {
std::uniform_real distribution<double> real dist(0.0, 1.0);
std::uniform_int distribution<int> int_dist(0, 1);
auto& gen =rng_sa base;
const auto& J = im.J; const auto& h = im.h;
size_t N = im.h.size();
std::vector<SpinType> spins(N);
for (size ti=0;1<N;++i) {
spins[i] = (int_dist(gen) ? +1 : -1);
}
std::vector<AccType> LF(N);
for (size ti=0;1<N;++) {
AccType dEi = h[i];
for (size_tj=0;j <Nj;++j) {
dEi +=J[i][j] * spins[j];
¥
LF[i] = dEi;
}
double current T =T _start;
for (size_t loop = 0; loop < LoopNum; ++loop) {
for (size ti=0;1<N;++i) {
AccType deltaEi = LF[i] * spins[i];
if (deltaEi < 0 || real_dist(gen) < std::exp(-std::abs(deltaEi) / current T)) {
spins[i] *=-1;
for (size_tj=0;j <N; ++) {
LF[j] +=2 * J[i][j] * spins[il;
¥
¥
¥
current T *= Tc;
}
return spins;

}

For different problem dimensions, this imposes the following constraints:

at N = 103: ~ 8 MB — fits in L2/L3 cache of most modern processors;

at N = 10*: ~ 800 MB — does not fit in cache, requires main memory access;

at N = 10%: ~ 80 GB — exceeds the main memory capacity of typical single-board

computers.
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As the problem dimension increases, two interrelated problems arise. For software implementation
on general-purpose processors, when the dimension N > 10%, the interaction matrix no longer fits
in the processor cache. Since the simulated annealing algorithm involves random access to matrix
elements (each spin flip requires access to row i of matrix J), this leads to a significant increase in
cache misses. Each main memory access takes two to three orders of magnitude longer than a cache
access, making algorithm performance limited not by processor clock speed but by memory
subsystem bandwidth. For specialized hardware solutions, physical constraints on chip area and
power consumption impose strict requirements on the bit width used to represent interaction
coefficients. Typically, coefficients are represented as integer types with bit widths ranging from 4
to 16 bits. This makes quantization (bit-width reduction) not merely desirable but a necessary
condition for implementation [26-27].

However, directly rounding real-valued coefficients to low-bit-width integers distorts the energy
landscape of the problem. The global minimum of the original problem may no longer be a minimum
for the quantized version, and spurious local minima that did not exist in the original problem may
appear. This can significantly degrade the quality of solutions obtained using the quantized model.
To minimize the loss of solution quality during quantization, advanced rounding methods can be
used, which reduce the distortion of the problem's energy landscape structure.

In contrast to previous works that are limited to a single error diffusion scheme or a single problem
class, this study proposes and implements a comprehensive methodology for quantizing Ising model
interaction matrices. The authors develop software implementations of eight error diffusion
rounding schemes, as well as stochastic rounding and simple rounding. All methods are adapted for
integer data types and integrated into a simulated annealing algorithm on the RISC-V platform. To
the best of the authors' knowledge, this work provides the first systematic comparison of the impact
of various rounding methods on solution quality for three NP-hard problems under different bit-
width constraints.

4.1 Error Diffusion Rounding

Error diffusion rounding is a quantization method in which the rounding error of each element is not
discarded but distributed to neighboring, as-yet-unprocessed elements. This method was first
proposed in the field of image processing for halftoning problems, where the goal was to convert an
image to a bitwise representation with minimal loss of visual quality.

The main idea of the method is to preserve the integral information of the matrix: the sum of the
quantized elements, accounting for propagated error, approximates the sum of the original values.
The most well-known error diffusion algorithm is the Floyd—Steinberg algorithm [28], originally
developed for converting images to halftone format. In this algorithm, the quantization error of the
current pixel is distributed to neighboring pixels with weighting coefficients, as shown in Fig. 1.

7
e /XE

v
3 5 3 1
* 16 16 16

Fig. 1. Floyd-Steinberg weighting coefficients.

The error diffusion rounding process is carried out by sequentially traversing the matrix elements in
a specific order. Each element is processed as follows:
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1) the element is rounded to the nearest integer J; j = round(J;;);
2) the quantization error &€ = J;; — Ji ; is computed;
3) the error is propagated to neighboring, as-yet-unprocessed elements with specified
weighting coefficients Ji,; = Ji; + € - wy;, where wy,; are the weighting coefficients.
When quantizing Ising model interaction matrices, the symmetry of the matrix must be taken into
account, since J;; = Jj;. In this work, all elements are traversed sequentially, after which the upper
triangle of the matrix is mirrored to the lower triangle. The order in which the elements are traversed

also affects the error distribution. This work uses the standard traversal scheme (Fig. 2) — row-wise,
left to right, top to bottom.

Fig. 2. Matrix traversal scheme (orange — processed, yellow — currently being processed, pink — not yet
processed, gray — elements of the lower triangle, black — diagonal elements equal to zero).
In this work, eight variants of error diffusion rounding are implemented, differing in the error
propagation scheme and coefficients (Fig. 3): Floyd-Steinberg (FS), Jarvis-Judice-Ninke (JIN),
Stucki (St), Atkinson (A), Burkes (B), Sierra-3 (S3), Sierra-2 (S2), Sierra-Lite (SL).

1[><?] 1[--x?5l 1——><34]
—|% —|3 5 7 5 3 —(2 4 8 4 2
1613 5 1 8l; 3 5 31 21 2 4 21
Floyd-Steinberg Jarvis-Tudice-Ninke Stucki
fiia s L ;X8
8 1 - - 5[2 4 8 4 2]
Atkinson Burkes
1[- - x 5 3 1 1
- 2 - x 4 3 - x 2
32|2 454 2] 16[1 2 3 2 1] 4[1 1 —J
-2 3 2 -
Sierra-3 Sierra-2 Sierra-Lite

Fig. 3. Error diffusion kernels.

4.2 Stochastic Rounding

Stochastic rounding is a probabilistic quantization method in which rounding is performed not
deterministically but randomly, with a probability proportional to the fractional part of the number
[29]. This approach makes the quantization process unbiased, meaning the expected value of the
quantized number equals the original value:
Ela] =a C))
The stochastic rounding algorithm for an element a is as follows:
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1) compute the integer part: afo0r = |al;

2) compute the fractional part: d = a — ago0r;

3) with probability P = d, round up: @ = afj0r + 1;
4) with probability 1 — P, round down: @ = agj0y-

5. Software Implementation and Evaluation on RISC-V

When implementing a system for solving combinatorial optimization problems based on the Ising
model using the RISC-V architecture, three different approaches are possible, each characterized by
a specific trade-off between performance, flexibility, and development complexity.

Approach 1: purely software implementation on a standard RISC-V processor. The original
combinatorial optimization problem is reduced to the Ising model by constructing the interaction
matrix ] and the external field vector h. Then, a software implementation of the simulated annealing
algorithm is executed on a standard RISC-V core without any hardware extensions. All computation
stages — spin selection, energy change calculation, decision making, and configuration updates — are
implemented in software.

Approach 2: implementation on a RISC-V processor with an extended instruction set. Thanks to the
open and modular RISC-V architecture, which allows for custom instruction set extensions,
specialized instructions are introduced into the processor core. These instructions accelerate key
operations of the simulated annealing algorithm for the Ising model. This reduces the number of
cycles required for critical operations while maintaining processor generality [30].

Approach 3: hardware implementation with a RISC-V host processor. A system-on-chip is created
in which a standard RISC-V core acts as a host controller, responsible for high-level management,
data loading, coordination, and communication with the external environment. The simulated
annealing algorithm itself is implemented in specialized hardware blocks — annealing processors —
which enables maximum performance and energy efficiency.

In this work, the first approach was chosen. It is important to emphasize that the proposed diffusion
and stochastic rounding methods for the interaction matrix remain relevant for all three architectural
approaches considered. For Approach 1, these methods reduce memory requirements and increase
computational speed by using more compact data types. For Approach 2, advanced rounding enables
efficient use of the limited bit width of specialized registers. For Approach 3, these methods are a
key factor determining solution quality, since hardware annealing processors fundamentally operate
on data with limited bit width.

The developed software implementation covers the complete cycle of solving combinatorial
optimization problems: from constructing the interaction matrix to executing the simulated
annealing algorithm with quantized data. The overall architecture of the software implementation is
shown in Fig. 4.

Transformation of the Quantization of Multiple rurs of the
problem into the Ising the interaction simulated annealing
Original problem e Ising model (J, h) matix _,{ Quaniizedising 5 Results avulation
model (Jg, hg) module

Fig. 4. Structural diagram of the implemented software solution for combinatorial optimization problems.

The main components are:

1. Interaction matrix generator — a module that reduces a specific combinatorial problem to
the Ising model. For each of the three problems (TSP, Knapsack, Max-Cut), a separate
function constructs the matrix J u and vector h based on input parameters.

2. Quantization module — implements three classes of rounding methods: simple, stochastic,
and diffusion (with eight different error propagation schemes). Quantization is performed
to a specified bit width (2—16 bits) using fixed-width integer types (int8 t, int16_t).
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3. Simulated annealing algorithm — an implementation adapted to work with quantized
matrices.

4. Quality evaluation module — computes solution quality metrics.

5.1 Experiments hardware equipment

All experiments were conducted on the Lichee Pi 4A single-board computer, a mainstream RISC-V
platform. The board is built around the T-Head TH1520 system-on-chip, which integrates a quad-
core RISC-V 64GCV C910 processor. Each core operates at a nominal frequency of 1.85 GHz and
includes 64 KB of L1 instruction cache and 64 KB of L1 data cache, while all four cores share 1
MB of L2 cache. The board is equipped with 8 GB of LPDDR4X RAM and 32 GB of eMMC
storage.

5.2 Influence of rounding methods on solution quality

This subsection presents the results of an experimental study on the influence of different interaction
matrix quantization methods on solution quality for three classical NP-hard problems: the traveling
salesman problem (TSP), the knapsack problem, and the max-cut problem. Solution quality is
measured by these metrics: the average value of the objective function for solutions satisfying the
constraints (for all three problems), and the ratio of the number of feasible solutions to the total
number of solutions (for the knapsack and max-cut problems). The graphs show averaged results
over 100 runs of the annealing algorithm for unrounded matrices (None), simple rounding (SR),
diffusion rounding (FS, JIN, St, A, B, S3, S2, SL), and stochastic rounding (Stoh).

For the knapsack problem, the results are shown in Fig. 5 and Fig. 6. A 512-spin problem is
considered with the following conditions: 500 items, item weights and values in the range [1, 30],
weight constraint set to 3000 (requiring 12 auxiliary spins).

Knapsack constraint ratio per bit
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Fig. 5. Knapsack constraint ratio per bit.

Fig. 5 shows that at 2-3 bits, all rounded matrices produce invalid solutions. Starting from 4 bits, all
rounding methods except stochastic begin to satisfy the constraints. Stochastic rounding only starts
to converge at 8 bits, and as the bit width increases, its convergence improves monotonically. The
average value of the objective function for all rounded matrices except stochastic behaves identically
regardless of bit width. At 4 bits, it is anomalously close to that of the unrounded matrix, then
decreases by 9 bits, and begins to rise again from 11 bits. Meanwhile, from 8 to 16 bits, the stochastic
matrix shows an average objective function value comparable to that of the unrounded matrix. Thus,
the diffusion rounding methods did not exhibit behavior different from simple rounding. Stochastic
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rounding showed completely different behavior — zero convergence at bit widths below 8 and poor
convergence at higher bit widths, but with the average objective function value matching that of the
exact matrix.

For the max-cut problem, the results are shown in Fig. 7. A 64-spin problem is considered with the
following conditions: 64 vertices, edge weights in the range [1, 100] (complete graph).

Knapsack average value per bit
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Fig. 6. Knapsack average value per bit.
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Fig. 7. Max-Cut average value per bit.

Since any solution is valid for this problem, the constraint ratio is not considered. The graphs show
that the rounding methods can be divided into two groups: the first includes all diffusion rounding
methods, and the second includes all the others. For this problem, the bit width has little effect on
the objective function value. However, the first group of rounding methods consistently achieves a
better average objective function value, which is 10% higher. Notably, all diffusion-rounded
matrices produced results that are consistently better than those obtained with the exact matrix. This
suggests that diffusion rounding introduces a distortion in the objective function that does not
degrade the algorithm's ability to find good solutions but rather improves it.
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For the traveling salesman problem, the results are shown in Fig. 8 and Fig. 9. A 144-spin problem
is considered with the following conditions: 12 cities, intercity distances in the range [0.5, 2] (cities
are uniformly placed on a circle of unit radius).
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Fig. 9. TSP average value per bit.

At 2 bits, all diffusion rounding methods satisfy the constraints, while simple and stochastic
rounding produce only invalid solutions. Above 3 bits, all rounding methods show excellent
convergence. At 4 bits, all advanced rounding methods yield a better average objective function
value than simple rounding; however, at other bit widths, their performance is noticeably worse than
simple rounding. Moreover, from 10 bits onward, stochastic rounding produces results similar to
simple rounding, while diffusion methods remain on a solution plateau that is consistently worse
than simple rounding.

The experimental study shows that the effectiveness of interaction matrix quantization methods
depends significantly on the structure of the problem being solved. For the Max-Cut problem,
diffusion rounding consistently improves solution quality by 10% compared to the unrounded
matrix, which can be explained by the "smoothing" of the energy landscape. For the knapsack
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problem, diffusion methods offer no advantage over simple rounding, while stochastic rounding
requires a bit width of at least 8 bits. For the traveling salesman problem, diffusion rounding is
effective only at low bit widths (2 bits), whereas as the bit width increases, simple rounding becomes
preferable. These results confirm that the choice of quantization method should be determined by
the characteristics of the problem being solved and the available data representation bit width. A
comparison of the applied rounding methods is summarized in Table 1. Simple rounding (SR) is
used as the baseline for comparison.

Table 1. Comparison of rounding methods for different problem.

Problem Simple Rounding Diffusion Rounding Stochastic Rounding
worse than SR
. (CR=0, bit<8)
Knapsack baseline same as SR better AV (+6-90%), but lower CR
(<0.8) (bit > 8)
Max-Cut baseline better than SR (+10% AV) same as SR
_ . worse than SR
TSP baseline bettei;ha"SlS{Rig(i/’;;/bﬁ.;j)z (up to +50% AV, bit < 10)
worse than SR (+60% AV, bit > 2) same as SR (bit > 10)

5.3 Performance analysis on Lichee Pi 4A

This subsection presents the results of an experimental study on the impact of data types on the
execution speed of the simulated annealing algorithm on the Lichee Pi 4A board. For this purpose,
the Max-Cut problem was used under the same conditions as in the previous section, but with 10,000
vertices, which corresponds to a 10,000-spin problem in the Ising model. The simulated annealing
implementation shown in Listing 1 was used with different template parameters. For each set of
template parameters, the results were averaged over 100 runs. The perf profiler was used to obtain
numerical performance characteristics.

Table 2 compares execution time and cache usage characteristics for different combinations of data
types. The template parameters SpinType, MatrixType, and AccType define the data types for
storing spins, interaction matrix elements, and the local field accumulator, respectively.

Table 2. Performance comparison for different data type combinations.

Parameters

(SpinType, Execution L1 cache L1 cache L2 cache L2 cache

MatrixType, time, sec misses loads misses loads

AccType)
int8, double, 3.35 2.64% 2,272,847,184 27.09% 492,746,409
double

int8, int8, int16 0.78 0.13% 659,345,424 31.06% 18,832,115
int8, int8, int32 0.72 0.25% 658,410,668 21.78% 27,229,163
int8, int16, int32 0.94 0.16% 661,943,864 32.10% 19,380,860
int8, int16, int64 0.93 0.17% 661,423,278 23.33% 27,145,687
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The longest execution time is observed for the configuration with a double-precision matrix. This is
because a 10000x10000 matrix in double format occupies 800 MB, which far exceeds the L2 cache
size (1 MB) of the processor. When using quantized int8 matrices (matrix size 100 MB), execution
time drops to 0.72—0.94 s, corresponding to a speedup of 3.6—4.7 times. The best result is achieved
using int8 for the matrix and int32 for the accumulator. The configuration with intl6 for the
accumulator shows a slightly worse time (0.78 s), which may be due to additional type conversion
overhead.

When using a double matrix, the L1 miss rate is 2.64%, which is 10-20 times higher than for
quantized matrices (0.13-0.25%). This is because the quantized matrix fits better in the cache,
reducing the number of accesses to slower memory levels. The absolute number of L1 loads
decreases from 2.27 billion to approximately 660 million (a factor of 3.4). The L2 miss rate ranges
from 21.78% to 32.10% across different configurations. The lowest value (21.78%) is achieved for
the int8, int8, int32 configuration. For the double matrix configuration, the L2 miss rate (27.09%)
falls within the same range as for the quantized matrices; however, the absolute number of L2 loads
for double (492 million) is significantly higher than for int8 (18-27 million). This is because when
working with a double matrix, each memory access is more likely to cause a new cache line to be
loaded.

Using int32 as the accumulator type yields slightly better execution time compared to int16 and
int64. This is because 32-bit integer operations are native to the RISC-V architecture and do not
incur additional overhead from bit-width extension (as with int64) or overflow checks (as with int16)

6. Conclusion

This study addressed the problem of efficient software implementation of combinatorial
optimization algorithms on the RISC-V architecture. The key obstacle is the quadratic growth of the
Ising model interaction matrix with the number of spins. Using double-precision floating-point
representation (64 bits) leads to cache inefficiency on RISC-V processors, a sharp drop in
performance, and makes it impossible to solve large-scale problems on devices with limited
memory, such as single-board computers.

The proposed approach consists of reducing the bit width of the interaction matrix coefficients using
advanced rounding methods — diffusion rounding (with eight error propagation schemes) and
stochastic rounding — as opposed to the previously studied simple rounding. The novelty lies in a
systematic comparison of these methods on three classical NP-hard problems (knapsack, max-cut,
traveling salesman) and in the analysis of their effectiveness depending on the problem structure and
available bit width.

The experimental results on the Lichee Pi 4A board show that switching from a double-precision
matrix (800 MB for a 10,000-spin problem) to an 8-bit integer matrix (100 MB) reduces execution
time by a factor of 3.6-4.7 (from 3.35 s to 0.72-0.94 s). The L1 cache miss rate drops from 2.64%
to 0.13-0.25%, and the absolute number of L2 cache loads decreases from 492 million to 18-27
million. The best performance (0.72s) is achieved with int§8 for the matrix and int32 for the
accumulator.

Regarding solution quality, the effectiveness of quantization methods depends strongly on the
problem structure. For the max-cut problem, diffusion rounding consistently improves solution
quality by 10% compared to the unrounded matrix. For the knapsack problem, diffusion methods
offer no advantage over simple rounding, while stochastic rounding requires at least 8 bits to satisfy
constraints. For the traveling salesman problem, diffusion rounding is beneficial only at very low
bit widths (2 bits); as bit width increases, simple rounding becomes preferable.

The potential impact of the obtained results is twofold. From a practical perspective, the proposed
methodology allows solving larger combinatorial problems directly on RISC-V systems with limited
memory and computing resources, including single-board computers (e.g., Lichee Pi 4A) and
embedded devices. From a research perspective, the established dependence of rounding method
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effectiveness on the problem structure opens a new direction — the development of adaptive
quantization strategies that select the optimal rounding scheme based on the properties of a specific
optimization task. Although the results are also relevant to annealing processors, the primary
contribution is to efficient software execution on general-purpose RISC-V cores.

Large language model (LLM) tools were used for language editing and stylistic refinement of the
manuscript. All scientific content, experimental design and conclusions were developed and verified
by the authors. The source code of the software prototype is available in the public repository at [31].
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