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Abstract

Quadratic Unconstrained Binary Optimization (QUBO) has emerged as a unifying frame-
work for diverse NP-hard combinatorial optimization problems. However, a major challenge in
existing QUBO solvers is the need for extensive manual tuning of algorithmic hyperparameters,
such as temperature schedules in simulated annealing, which can vary greatly in effectiveness
depending on the problem instance. In this paper, we propose RL-driven annealing (RLA), a
novel approach that integrates reinforcement learning (RL) with annealing-based local searches.
Rather than relying on hand-crafted heuristics, RLA trains an agent to adaptively determine
a bit-flip policy by observing the statistical properties of the energy differences in the objec-
tive function. Crucially, RLA encodes QUBO states as fixed-dimensional statistics, making
the method scalable to various problem sizes. To further support large-scale problems, we
employ distributed training on multi-GPU platforms using JAX’s pmap, parallelizing both en-
vironment simulation and policy updates. Experimental evaluations on benchmark datasets,
including TSP, QAP, Max-Cut, and randomly generated QUBO instances, demonstrate that
RLA achieves solution qualities on par with or better than conventional annealing-based meth-
ods, while maintaining robust performance across diverse problem instances without extensive
hyperparameter tuning. These results highlight RLA as a promising step toward a flexible and
practical solver for QUBO-based applications.

1 Introduction

Annealing computation is a heuristic local search process commonly employed to solve NP-hard
combinatorial optimization problems, whose name is derived from a common metaheuristics called
simulated annealing. Recently, it is used in conjunction with quantum or quantum-inspired Ising
machines, or equivalently quadratic unconstrained binary optimization (QUBO) solvers. Given
the NP-hard nature of QUBO problem, numerous quantum-inspired solvers have been developed by
exploiting parallel computation of classical computers, including GPUs [1,2], FPGAs [3,4], ASICs [5–
7], and even emerging technology [8]. Interestingly, such classical methods are reported to outperform
current quantum annealing methods because of the impact of noise, in terms of solution quality and
the size of the problems to solve [9]. Consequently, the development of annealing computation has
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a potential to be a unified solver for a wide range of combinatorial optimization problems in the
society. Once a problem is reduced to a QUBO form, we can obtain semi-optimal solutions within
reasonable timeframes without the need to design specialized solvers for each specific problem.

However, although QUBO solvers have such potential, using them as a unified solver is prac-
tically difficult. This is because annealing computation has a large number of parameters such as
temperature scheduling. Obviously, the best parameter setting depends on problem instances, and
hence we must practically try to adjust the parameters for obtaining good solutions. This results in
several issues. First, adjusting parameters takes a lot of time, which should be much larger than the
execution time of annealing computation itself. Second, it is impossible in principle to determine
the best parameter setting. We typically make only simple setting. For example, the temperature
settings can be configured to decrease linearly. If there is a more complex but better setting, we
should find it, as it could lead to better solutions. It would also be interesting to see a complex but
better setting and how it changes according to problem instances.

In this study, we propose a new concept of RL-driven annealing (RLA), where the parameters
of a local search are adjusted by reinforcement learning (RL). RL has recently been used to solve
combinatorial optimization problems, as well as playing board games and finding new algorithms.
Solving QUBO with RL has also been proposed, but the solution quality is limited. Instead, our
concept uses RL to adjust parameters of heuristic algorithms, leading to much better solutions. Our
proposed method is a hybrid method combining conventional heuristic algorithms and RL, and the
focus of this study is on QUBO.

RLA should firstly train a model, and then it can infer a good parameter setting. Regarding
this concept, we can consider multiple strategies in terms of how training and inference are used.
In an ideal strategy, we may train a model from a wide range of problem instances and then carry
out an inference for any problem instance. If this strategy is feasible, it would mean that we obtain
a truly unified model. However, this strategy is difficult to design in practice. This is because it
would require tremendous training data, and additionally it is unclear whether such a universal
method for parameter setting exists. Next, the second possible strategy trains a model for some
similar instances, e.g., those of a specific original problem before converting to QUBO. Then, a
model infers parameters for similar problem instances. This second strategy is more realistic than a
unified model, but it is still highly challenging. Thus, this paper focuses on the third strategy, where
we train a model with only one specific problem instance and obtain a solution at the same time. In
other words, a training process corresponds to a search process instead of an inference process. It
should obtain better solutions than the first and second strategies obtain, while it takes larger time.

The primary contributions of this study can be summarized as follows. We propose a RL-based
local search approach for QUBO, the RL-driven annealing (RLA). This approach is the first method
that applies RL to adjust parameters of annealing computation. Among some possible strategies
above, this study focuses on a strategy where a neural network model searches for solutions while
a training process. Furthermore, we implement our proposed method on GPU and provide parallel
training.

In Section 2, we introduce QUBO, typical annealing computation, and reinforcement learn-
ing. Section 3 introduces the RL-driven annealing starting from its concept and describes the
RL-environment setting. In Section 4, the model architecture is explained. We detail the implemen-
tation on a multi-GPU system in Section 5. Section 6 evaluates the performance of the RL-driven
annealing using several types of QUBO instances. Finally, Section 7 presents conclusions.

2 Background and Motivation

2.1 QUBO and annealing computation

The quadratic unconstrained binary optimization problem (QUBO) is an NP-hard combinatorial
optimization problem. An instance of the QUBO problem is represented by a N × N symmetric
matrix Q = (qi,j) (0 ≤ i, j ≤ N − 1), and a decision variable vector is an N -bit vector x =
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(x0, x1, · · · , xN−1) (xi ∈ {0, 1}). The objective function is the quadratic function f(x) defined by

f(x) = xTQx =

N−1∑
i=0

N−1∑
j=0

qi,jxixj .

Clearly f(x) includes linear terms q0,0x0, q1,1x1, q2,2x2, · · · (note that xi
2 = xi holds because xi

is 0 or 1) and quadratic terms qi,jxixj (i ̸= j). The QUBO formulations of many combinatorial
optimization problems have been proposed thus far [10].

For QUBO problems, the annealing computation tries to find the optimal solution, i.e., a solution
with minimum f(x), by using a local search algorithm. Local search algorithm starts from an initial
solution, and iteratively moves from a current solution to a neighboring solution in the search space
so that the objective function improves. For the QUBO, neighboring solutions are typically defined
by a solution where one decision variable is flipped. For example, when N = 4, neighbor solutions of
(0, 0, 0, 0) is (0, 0, 0, 1), (0, 0, 1, 0), (0, 1, 0, 0), and (1, 0, 0, 0). In this situation, it is computationally
effective to make an initial solution a zero vector (0, 0, 0, 0), because its objective function is clearly
0, and the objective functions of the neighboring solutions are q0,0, q1,1, · · · , qN−1,N−1, respectively.

Typical annealing computation stores the differences of the objective functions when each decision
variable is flipped, which are denoted by ∆0,∆1, · · · ,∆N−1. Thus, for an initial solution (0, 0, 0, 0),
∆i = qi,i holds for i = 0, 1, 2, 3. An incremental computation enables the update of ∆i in O(1)
time [2], and thus local search algorithm works fast. From the above, the search process of typical
annealing computation can be written as follows.

1. It starts from an initial solution x = (0, 0, · · · , 0) and set ∆i = qi,i for i = 0, 1, · · · , N − 1.

2. It selects a decision variable to be flipped according to the values of ∆i.

3. It flips the selected decision variable, updates the values of ∆i, and returns to Step 2).

The search process is illustrated in Fig. 1 (a). We can say that the essence of the annealing compu-
tation is the policy of Step 2), which we call the ∆ based flip policy.

One simple ∆-based flip policy may select a decision variable with the minimum value of ∆.
This policy, corresponding to a hill climbing algorithm, can find a local minimum solution quickly;
however, it may not find a global optimal solution. To find a global solution, a number of more
sophisticated policies have been proposed.

In this study, we focus on the threshold accepting (TA) policy. The TA sets a threshold and
compares it with each value of ∆; if ∆i is less than or equal to a threshold, the corresponding decision
variable xi becomes a flip candidate. Then it selects a bit randomly from the flip candidates. Two
enhancements to this method are the Max-Min TA and PositiveMin-Min TA, which are proposed
in [4]. The bits of the decision variable vector x are selected randomly, and a local search is
repeatedly performed where bits are flipped with a probability determined by the temperature
parameter. However, the bit flip is not necessarily executed in every iteration. In contrast, the two
algorithms from related research guarantee bit flipping regardless of the temperature scheduling,
while attempting to escape local optima and achieving high-speed implementation on FPGA. The
literature indicates that the Max-Min TA algorithm is suitable for the Max-Cut problem, while
the PositiveMin-Min TA algorithm is effective for the Traveling Salesman Problem (TSP). In the
Max-Min TA, a threshold is set between the maximum ∆, denoted by ∆max, and the minimum ∆,
denoted by ∆min. Specifically, a threshold is ∆min+T (∆max−∆min), where T is a parameter in the
range of [0, 1]. On the other hand, in the PositiveMin-Min TA, a threshold is set to be the minimum
value of ∆ where ∆ > 0. If there is no positive ∆, a threshold becomes 0.

Although both methods work well, the quality of the solution depends on the problem instance.
In [4], it is reported that the Max-Min TA is not well-suited for the traveling salesman problem
(TSP), and the PositiveMin-Min TA is not well-suited for the Max-Cut problem. Furthermore, the
best setting of T is unclear for the Max-Min TA. We must carefully adjust the parameter, which
should take a long time. Our study builds upon the TA and addresses the parameter setting issue.
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2.2 Reinforcement learning

Reinforcement learning (RL) [11] is one of the major machine learning paradigms. It enables an agent
to learn a policy that maximizes cumulative rewards by repeatedly interacting with the environment.
Specifically, the agent observes the state of the environment, takes an action, receives a reward, and
transitions to a new state. Although a simple RL algorithm, such as Q-learning, estimates the action-
value function (Q-values) for each state–action pair, it becomes impractical when the state–action
space is large. To address this issue, deep neural networks can be used to approximate these values,
leading to the framework known as deep reinforcement learning (deep RL). Our proposed method
builds upon deep RL.

With the advancement of machine learning techniques, deep RL has already outperformed hu-
mans in domains such as board games and robotics. More recently, it has been applied to broader
tasks, including the exploratory discovery of matrix multiplication algorithms and the optimization
of sorting algorithms at the assembly-instruction level [12]. For solving combinatorial optimization
problems, RL methods have been successfully applied to the traveling salesman problem [13], the
maximum cut problem [14], and the vehicle routing problem [15]. Once a neural network model
is trained, we can infer a semi-optimal solution faster than meta-heuristics. Previous studies have
employed the multi-armed bandit problem, which is a simple reinforcement learning, for enhanc-
ing QUBO solvers [16]. However, this approach remains relatively simple, limiting its potential for
improving solutions. Instead, we leverage deep RL for QUBO to enable more effective learning of
parameter scheduling.

3 RL-driven annealing

3.1 Proposed concept and methodology

In this study, we introduce a new framework called RL-driven Annealing (RLA), which addresses
the limitations of conventional annealing-based QUBO solvers by integrating deep reinforcement
learning (DRL). Traditional approaches, such as threshold accepting, typically require manual tuning
of hyperparameters such as temperature schedules or acceptance thresholds. These methods can
handle a range of QUBO instances, but face two major challenges: (1) the optimal parameter
settings vary substantially across different problem types and sizes, and (2) scaling up to larger
QUBO instance increases computational overhead and makes parameter selection more complex.

RLA addresses these issues by replacing hand-crafted bit-flip policies with a DRL agent capable
of adaptively learning which bits to flip. The agent uses an abstracted representation of the energy-
difference distribution (denoted by ∆) and outputs a continuous action at ∈ [0, 1]. This action is
mapped to a threshold that partitions the interval [∆min,∆max]; bits whose ∆i values fall within or
below this threshold are candidates for flipping, and one candidate is chosen at random. Through
iterative trial-and-error, the agent learns how aggressively to flip bits, balancing exploration with
exploitation and automatically adapting to diverse QUBO structures.

To further enhance scalability, we incorporate distributed reinforcement learning in multi-GPU
systems using JAX’s pmap functionality. Parallelizing the environment both increases computational
throughput and diversifies the range of candidate flips observed by the agent. As a result, learning
progresses more rapidly, and the quality of the solution for larger QUBOs improves.

3.2 State abstraction

Within the QUBO framework, a candidate solution can be represented by a decision variable vector
x of length N (i.e., x ∈ {0, 1}N ). As the size of the vector increases, the number of possible
combinations grows exponentially, resulting in 2N configurations for a vector of length N , and the
size of an action space of each state is N . This exponential growth makes direct handling of ∆
computationally impractical.

To make the problem tractable for reinforcement learning, we adopt an abstracted environment
representation that remains the same dimensionally for any N . Rather than providing each bit’s raw
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energy difference ∆ to the agent, we compute fixed-dimensional statistical summaries (e.g., mean,
variance, quantiles) of the normalized ∆ values. These statistics form the agent’s observation at
every step.

The DRL policy network then produces a continuous action that reflects how ’aggressively’ to
accept flips. In concrete terms, the action is assigned to a threshold within the range [∆min,∆max],
and a bit from among those below this threshold is chosen to flip. This abstraction ensures that,
regardless of the QUBO size, the agent observes a consistent set of features and works within a fixed
continuous action interval. Consequently, the same network architecture can be applied across a
variety of problem scales and structures without redesign.

By capturing the essential distribution of energy differences, this approach facilitates both effec-
tive exploration (sometimes flipping worse bits to escape local optima) and exploitation (tending to
flip promising bits). As we demonstrate in our experiments, the combination of DRL-based bit-flip
policies and an abstracted state/action representation enables RLA to deliver robust performance
across multiple problem types and sizes without extensive hyperparameters tuning.

3.3 RL-environment state setting

For the RLA, we define the state space S, the action space A, the state transition T , and the reward
function R as follows. Figure 2 and Algorithm 1 illustrates how these components interact within
our reinforcement learning framework.

3.3.1 State S

We establish a scalable environment setting independent of the size of QUBO instances, in which
the decision variable vector x is not provided as an observable state directly. In this environment,
the observable state reflecting the nature of ∆t consists of five elements as follows.

� The proportion of positive ∆.

� The proportion of positive x.

� The standard deviation of ∆.

� The mean of ∆.

� The interquartile range of ∆.

These basic statistical inputs contain various information useful for the solution search. For example,
the proportion of positive ∆ can be interpreted as the fraction of actions in the next state that are
expected to worsen the solution in the short term.

3.3.2 Action A

The action corresponds to a flip of a decision variable. It is determined by a continuous value
at ∈ [0, 1]. Based on the value of at, the threshold for selecting elements to flip is calculated as
follows:

th = ∆min + at(∆max −∆min),

where a decision variable xi to be flipped are randomly chosen from i that satisfies ∆i ≤ th for
0 ≤ i < N . When at = 0, the threshold corresponds to ∆min. When at = 1, it corresponds to ∆max,
ensuring at least one element is below the threshold at each step.

Since ∆ represents the short-term favorability of actions for transitioning to the next state, the
value of action at can be interpreted as a continuous measure of how much deterioration in the short-
term state transition is acceptable. The best move that decreases the objective function is scaled to
0, and the worst move that increases it is scaled to +1 in the normalized ∆′. Thus, the action at
indicates the threshold for accepting unfavorable transitions. The conversion from the continuous
action selected to a discrete action, which corresponds to flipping one element of the decision variable
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vector, is defined by randomly selecting a candidate element that meets the condition and flipping
its corresponding decision variable. This mapping from state-action design is shown by the random
selection of an element among the suitable candidates for flipping.

3.3.3 State Transition T

The agent performs a probabilistic state transition based on the continuous value provided as input.
The agent then receives the statistical summary St of the next state as an observation. Since the
goal of this framework is to find better solutions even after prolonged exploration, the episode does
not terminate until the agent reaches a local optimal solution.

Specifically, the episode continues until the decision variable vector xt reaches a local optimum,
which is defined as the point where all ∆i values are greater than 0. Once this condition is met, the
environment is reset and all elements in the initial state are set back to 0. This mechanism ensures
that the agent can continue exploring until it finds a solution that cannot be improved further,
facilitating longer-term exploration and avoiding premature convergence to suboptimal solutions.

3.3.4 Reward R

In this study, we design the reward function to maintain a consistent magnitude across different
sizes of QUBO instances and varying absolute values of matrix elements. In the QUBO, the input
matrix Q can include large values, especially when the constraint terms dominate, which can lead
to extremely large values of the objective function. Such large values can destabilize the learning
process when the RL assigns excessively high rewards. To counteract this, reward clipping [17] is
applied, restricting the reward within the range of [−1, 1]. By capping the rewards, we prevent a
rapid increase in Q-values, stabilizing the gradient updates and ensuring a smoother learning process.

Given that the scale of rewards can vary significantly between tasks, we apply a simple clipping
strategy: any positive reward is capped at 1, and any negative reward is capped at −1, while a reward
of 0 remains unchanged. This approach not only limits the magnitude of the error derivatives, but
also allows for a consistent learning rate across different environments. However, it is important to
note that clipping rewards may reduce the agent’s ability to distinguish between rewards of different
magnitudes, potentially affecting performance [18].

In this specific environment, we aim to build an agent that focuses on finding better solutions,
even if it requires more time. Therefore, the discount factor is set to γ = 1.0. Typically, the cumula-
tive reward G(τ) of trajectory τ is defined as G(τ) = rt+1 + γrt+2 + γ2rt+3 + · · · =

∑∞
k=1 γ

k−1rt+k,
where rt is the reward at time t. However, when γ = 1.0, the cumulative reward simply becomes
the sum of rewards over time: Gt =

∑∞
k=1 rt+k.

To normalize the QUBO matrix Q, we scale the matrix by dividing each element by the largest
absolute value in the matrix. This results in a symmetric matrix Q′ where the maximum element
is 1. If we denote by ∆′ the change in the objective function computed using matrix Q′, and by ∆
the change computed using the original matrix Q, the objective function can be written as follows:

f(x) = xTQx =

∞∑
k=1

∆t+k

= absmax(Q)× xTQ′x

= absmax(Q)× matrix size(Q)×
∞∑
k=1

∆′
t+k.

This formulation ensures that rewards remain normalized, preventing any single element from dom-
inating the learning process.

4 Model architecture

We employ the Proximal Policy Optimization (PPO) algorithm, which is implemented using the
JAX and Flax frameworks. It trains an agent in an environment where episodes continue until
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Algorithm 1 Proposed RL-environment state setting

Require: W : weight matrix of the QUBO Problem
Ensure: B: the best solution B, eB : the best energy
1: Initialization:
2: W ′ ←W / absmax(W ) ▷ Normalized QUBO Matrix

X ← 00 · · · 0 ▷ Initial vector of x
B ← 00 · · · 0 ▷ Discovered optimal vector of xB

eB ← 0 ▷ Discovered optimal energy E(xB)
∆← diag(W ′)

3: loop
4: k ← AGENT SELECT(∆,x)
5: X ← FLIP(X, k)
6: e← e+∆k

7: ∆← CALCULATE Delta(X,W ′,∆, k)
8: if e < eB then ▷ update the best solution
9: B ← X

10: eB ← e
11: function Calculate Stat(∆,x)
12: delta p num = Count(∆ > 0)
13: delta positive; stats[0]← delta p num/ size(∆)
14: vec positive; stats[1]← Σx/ size(∆)
15: delta std; stats[2]← StandardDeviation(∆)
16: delta mean; stats[3]←Mean(∆)
17: delta iqr; stats[4]← InterQuartileRange(∆)
18: obs← CreateArray([stats])
19: return obs
20: function AGENT SELECT(∆,x)
21: st ← Calculate Stat(∆,x)
22: at ← Inference from Agent model with st ▷ Action at ∈ [0, 1]
23: th← min(∆) + at(max(∆)−min(∆))
24: randomly choose k ∈ {i|di ≤ th(0 ≤ i < n)}
25: return k
26: function FLIP(x,k)
27: xk ← 1− xk

28: return x
29: function CALCULATE Delta(x,W,∆, k)
30: σ(x) = 2x− 1 ▷ σ : {0, 1} → {−1,+1}
31: for i = 0→ N − 1 do
32: if k = i then
33: ∆i ← −∆i

34: else
35: ∆i ← ∆i + 2Wi,kσ(xi)σ(xk)
36: return ∆

a local optimum is reached. Our primary objective is to enable this agent to gradually increase
long-term profits, regardless of the time required. At each step of the task, the agent receives a
reward equal to the incremental change in an objective function from the previous step, so that the
cumulative sum of rewards corresponds directly to the objective function itself.

To ensure computational efficiency and scalability, we leverage data parallelism across multiple
GPUs using JAX’s pmap function. This approach synchronizes model updates among all devices,
thereby improving training throughput as the number of GPUs increases. While multi-GPU con-
figurations can introduce communication overhead, particularly in gradient synchronization, the
resulting speedup and capacity for larger batch processing outweigh these costs in most practical
settings.

In this framework, we adopt a standard Actor-Critic algorithm. The actor (a policy network)
and the critic (a value network) share an initial feature extractor to reduce redundant computation
and to capture domain-relevant features more effectively. The feature extractor processes each
observation vector x ∈ Rn through two fully connected layers, each of which projects its input to a
256-dimensional representation followed by a hyperbolic tangent activation.

All network weights are initialized using an orthogonal scheme to promote stable gradients;
hidden layers adopt

√
2 as the gain, whereas the actor’s final layer uses a lower gain (e.g., 0.01) to
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avoid overly large initial actions and to encourage more effective early exploration.

We present detailed comparisons of single-GPU and multi-GPU training modes to elucidate how
model updates differ between these setups. In the single-GPU mode, gradients are computed and
applied on a single device, which simplifies implementation but may limit the rate of experience
processing. By contrast, the multi-GPU training with pmap enables parallel gradient computations
across devices and aggregates them before performing parameter updates. Such an approach accel-
erates learning, especially in environments with high-dimensional inputs or large batch sizes. How-
ever, fully leveraging these benefits may require careful tuning of batch splitting and communication
strategies.

In summary, our system architecture integrates a well-established Actor-Critic network design
with scalable multi-GPU training using JAX’s pmap function, ensuring both robust learning dynamics
and computational efficiency. By leveraging data parallelism and an environment with unlimited
episode lengths, our approach enables the agent to consistently converge toward locally optimal
behaviors while maximizing returns based on a continuously evolving objective function.

5 Implementation on a multi-GPU system

We use JAX library, which is an open-source Python framework designed for high-performance
numerical computing. It transforms Python functions into operations on GPU or TPU hardware,
supporting automatic differentiation and just-in-time compilation, which makes it particularly well-
suited for machine learning tasks [19]. Our code builds on the PPO implementation from pure-
jaxrl [20] and integrates gymnax-based environments [21] for consistent interface between QUBO
optimization and standard reinforcement learning tasks. By utilizing JAX-based reinforcement
learning, we can perform computations efficiently on GPUs, significantly accelerating the training
process while maintaining flexibility in model development. In multi-GPU mode, the pmap function
from JAX enables parallel computations and collective operations across devices. Figure 3 provides
an overview of Multi-RLA workflow with three GPUs. Note that in the case of Single-RLA, no data
transfer between GPUs is required; consequently, its workflow is essentially equivalent to a subset
of the Multi-RLA approach.

Our approach integrates an Actor-Critic framework with Proximal Policy Optimization (PPO),
wherein each device (or GPU) interacts with multiple parallel environments to collect transitions,
compute policy/value gradients, and synchronize model parameters. In the figure, blue arrows denote
the flow of data (e.g., observation vectors, rewards, and environment states), while red arrows denote
gradient flow and parameter updates. At the left block, QUBO matrices and hyperparameters are
loaded and then distributed to each device. Subsequently, each device runs the Actor-Critic agent
on local environments to gather experience, compute advantages, and update gradients. Finally,
gradients are averaged across all devices, and the updated parameters are broadcast to maintain a
globally consistent policy.

5.1 Model initialization and data collection

At the start of training, model parameters are replicated across all GPUs, with each device initialized
using the same random seed to ensure consistent initial conditions. During training, each GPU
interacts with a set of environments to collect data. In single-GPU mode, all environments are
handled by one device, whereas in multi-GPU mode, environments are evenly distributed across
multiple GPUs.

In single-GPU mode, the agent interacts with Nenvs environments, collecting transitions over T
time steps. At each time step, the policy network computes actions based on the current observations,
and the environment transitions accordingly. Rewards, episode completions (done signals), and other
relevant information are recorded at each step.

In multi-GPU mode, the total number of environments is divided equally among the available
GPUs. For example, with Nenvs = 768 environments and Ndevices = 3 GPUs, each device manages
256 environments. Each GPU interacts independently with its assigned environments, collecting
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Table 1: Hyperparameters used in the training process.

Hyperparameter Value Description

Learning Rate 3× 10−4 Optimizer’s lr of adam.
Environments per Device 256 Number of envs per device.
Number of Steps 2048 Steps per update.
Total Timesteps 5× 108 Total training timesteps.
Update Epochs 10 Epochs per update.
Number of Minibatches 64 Minibatches per update.
Discount Factor 1 Future reward discount factor.
GAE Lambda 0.95 Bias-variance trade-off.
Clip Epsilon 0.2 PPO clipping parameter.
Entropy Coefficient 0.00 Entropy regularization coef.
Value Function Coefficient 0.5 Value function loss coefficient.
Max Gradient Norm 0.5 Gradient clipping norm.
Activation Function tanh Neural network activation.
Learning Rate Annealing False Learning rate annealing.
Environment Normalization True Environment normalization.

transitions over T time steps and recording the resulting transitions and rewards. This decentralized
data collection increases sample diversity since each GPU explores different environments in parallel.

5.2 Minibatch Creation and Model Updates

After data collection, the transitions are reshaped and shuffled to create minibatches for training.
The batch size is determined by multiplying the number of environments by the number of time
steps, ensuring uniformity across different modes of operation.

In single-GPU mode, the entire dataset is processed on one device. The Adam optimizer is used
to update the model parameters, with gradients computed from the policy loss, value function loss,
and entropy regularization term. The combined loss function incorporates these components, and
the resulting gradients are directly applied to update the model parameters.

In the multi-GPU mode utilizes JAX’s pmap function to parallelize the training across devices.
Each GPU computes its local gradients based on the minibatches created from its assigned data.
These local gradients are then averaged across all GPUs using jax.lax.pmean to ensure synchronized
updates. Specifically, if gi represents the gradients computed on GPU i, the averaged gradient across
Ndevices GPUs is computed as:

gavg =
1

Ndevices

Ndevices∑
i=1

gi.

The averaged gradient is then used by each GPU to update its model parameters, ensuring consis-
tency across devices after every update.

Nenvs per device =
Nenvs

Ndevices
= 256 environments.

Each GPU interacts with its assigned environments independently, collecting data in parallel. De-
spite operating independently, the GPUs follow the same procedure: they collect transitions over T
time steps with parallel environment, compute actions using their local policy networks, and record
the resulting transitions and rewards. This decentralized data collection allows for increased sample
diversity, as each GPU gathers data from different environments.

In both single-GPU and multi-GPU modes, the loss function remains consistent, combining the
policy loss, value function loss, and entropy regularization. The difference lies in the way gradients
are computed and applied. In the single-GPU mode, gradients are computed using the entire dataset,
with no need for synchronization between devices. Conversely, in the multi-GPU mode, gradients
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are computed locally on each device, and synchronization is achieved through gradient averaging,
ensuring that all devices maintain consistent model parameters after each update. In single-GPU
mode, no synchronization is needed. Conversely, in multi-GPU mode, local gradients are averaged
via an all-reduce operation, and the resulting global gradient is used to update parameters on each
device.

5.3 Training efficiency and communication overhead

The single-GPU mode offers a simpler training procedure, as all computations are performed on a
single device, and no inter-device communication is required. This simplicity, however, comes at the
cost of limited computational capacity, as the training process is constrained by the memory and
processing power of the single GPU. In contrast, the multi-GPU mode enables parallel processing,
allowing for faster training and the ability to handle larger datasets. However, the benefits of multi-
GPU training are tempered by the communication overhead introduced by gradient synchronization.
The need to average gradients across devices can introduce delays, potentially offsetting some of the
gains from parallelization.

Despite these challenges, the multi-GPU mode remains advantageous for large-scale training
tasks, where the ability to distribute data and computations across multiple devices outweighs the
cost of inter-device communication. The synchronized updates ensure that the model parameters
remain consistent across all devices, preserving the integrity of the training process.

5.4 Implementation Details and Communication Overhead

While multi-GPU training accelerates data collection and gradient computation, the synchronization
step introduces additional overhead. Specifically, each gradient-update cycle requires inter-device
communication to average gradients before parameters can be updated. In practice, for larger batch
sizes, the overall throughput gain typically outweighs the cost of communication, as the parallel
sampling and parallel gradient calculations significantly reduce the total wall-clock time.

6 Evaluation

6.1 Performance Comparison with Baseline Methods

The performance of the RLA was evaluated using several types of QUBO instances, including for-
mulations derived from the TSP and the Quadratic Assignment Problem (QAP). The TSP instances
originated from TSPLIB [22], while the QAP instances were obtained from QAPLIB [23]; both were
subsequently transformed into QUBO form by appropriately encoding their cost structures. In ad-
dition, random QUBO instances were generated from uniform random numbers ranging from −1000
to 1000, including 0. The well-known n-Queen puzzle was likewise cast into a QUBO formulation,
allowing each placement constraint to be captured by the QUBO coefficients. Finally, the k2000
instance was introduced as a benchmark for the maximum cut problem on a complete graph of 2000
vertices, where each edge weight was randomly drawn from the set {−1,+1} [24]. All experiments
were conducted on a system with the following hardware specifications: CPU: AMD EPYC 7502P
(32 cores/64 threads, clocked at 2.5 GHz), 3 NVIDIA RTX A6000 GPUs, 128 GB of memory, and
Ubuntu 20.04 LTS as the operating system.

In this study, we set up the PositiveMin-Min Algorithm and three patterns of temperature
schedules for Max-Min Algorithm and conducted verification for each algorithm. Table 2 shows the
details of the temperature schedules and with each algorithm being computed for 5× 108 iterations,
similar to max-step, and the best solution was recorded.

Table 3 presents the best solutions obtained by each algorithm, with the top-performing values
highlighted in bold. Table 4 and Fig. 4 show the optimality gap (optgap) from the global optimal
target. An asterisk (*) indicates that the algorithm did not converge to a local optimum even at
the maximum number of steps. In such cases, the minimum value across all steps is provided for
reference, and these results are omitted from the graphical representation in Fig. 4.
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Table 2: Temperature scheduling for the TA algorithms.

Name Change Frequency Update Equation

Max-Min-1 1 step Tnew = Told − 1/maxstep
Max-Min-2 100 steps Tnew = 0.99× Told

Max-Min-3 10000 steps Tnew = 0.5× Told

Table 3: Energy values of the best solutions found by different algorithms across various QUBO
instances. The best values are highlighted in bold. An asterisk (*) indicates that the algorithm did
not converge to a local optimum even at the maximum number of steps.

Instance Type Matrix Size Target Single-RLA Multi-RLA PositiveMin-Min Max-Min-1 Max-Min-2 Max-Min-3

gr24 tsp 529 −21728 −21007 −21578 −20915 −20808 −20881 −20997
gr48 tsp 2209 −41954 −39563 −39091 −35933 −38517 −38497 −37923
berlin52 tsp 2601 −94458 −88546 −89774 −82163 −85339 −87706 −86722
pr76 tsp 5625 −1391841 −1270354 −1276102 −1136677 −1254529 −1265690 −1225307
r1k random 1024 −5620378 −5618528 −5620378 −5620240 −5620378 −5620378 −5620378
r2k random 2048 −15980143 −15980143 −15980143 −15977009 −15980143 −15980143 −15980102
nug30 qap 900 −23876 −22800 −23122 −22742 −22678 −22734 −22786
k2000 maxcut 2000 −33337 −33214 −33335 −32278 −33273 −32139 −32381
nqueen100 nqueen 10000 −100 −100 −100 −39* −96 −96 −97

As shown in Table 5, Multi-RLA demonstrates superior performance in discovering the best
solutions compared to Single-RLA. However, the standard deviation of the solutions found by Multi-
RLA tends to be larger than that of Single-RLA. This suggests that while Single-RLA tends to overfit
to local optima, Multi-RLA, which updates the model differently, exhibits greater diversity in its
actions by leveraging a broader range of experiences. This increased diversity allows Multi-RLA to
explore more globally optimal solutions.

In terms of execution time, as shown in Table 5 and illustrated in Figure 5, the execution
time increases linearly with matrix size. This is likely due to the computational complexity of the
CALCULATE Delta function, which scales asO(N). While there is some overhead from communication
between GPUs during model updates, the results indicate that in Multi-RLA mode, the execution
time decreases linearly with the number of GPUs, demonstrating efficient parallelization.

One key reason that Multi-RLA outperforms Single-RLA is its ability to leverage parallel sam-
pling across multiple GPUs, which leads to a more substantial volume of experience being collected
at each training iteration. Because each GPU can simultaneously interact with the environment
and produce distinct trajectories, the model effectively sees a larger and more diverse batch of data
before each update. As a result, gradient estimates become more stable, and the agent avoids pre-
mature convergence on local optima. Furthermore, the presence of multiple random seeds across
GPUs naturally increases the variety of trajectories, helping the model to explore a broader set of
possible states and actions. This heightened diversity in the training data not only reduces the risk
of overfitting but also facilitates discovery of solutions with higher global optimality.

In addition, the computational load of environment interactions and neural network forward–backward
passes is distributed across multiple devices in RLA-Multi. By dividing the workload in this way,
the algorithm shortens the wall-clock time needed to process a given number of steps, which allows
for more extensive experimentation within the same time budget. Although there is communication
overhead when aggregating gradients through all-reduce and synchronizing parameters, the net effect
is still a speedup overall, because parallel sampling and faster batch processing outweigh the cost of
inter-GPU communication. This practical benefit is evident in the linear decrease in total execution
time relative to the number of GPUs, as highlighted in Table 5 and Figure 5. Consequently, RLA-
Multi not only achieves better exploration but also maintains a more efficient training cycle, which
explains why it attains superior performance in discovering high-quality solutions.
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Table 4: Optgap percentages for different algorithms across various QUBO instances. An asterisk
(*) indicates that the algorithm did not converge to a local optimum even at the maximum number
of steps.

Instance Single-RLA (%) Multi-RLA (%) PositiveMin-Min (%) Max-Min-1 (%) Max-Min-2 (%) Max-Min-3 (%)

gr24 3.32 0.690 3.74 4.24 3.90 3.37
gr48 5.70 6.82 14.4 8.19 8.24 9.61
berlin52 6.26 4.96 13.0 9.65 7.15 8.19
pr76 8.74 8.32 18.3 9.87 9.07 12.0
r1k 0.0329 0 0.00246 0 0 0
r2k 0 0 0.0196 0 0 0
nug30 4.51 3.16 4.75 5.01 4.79 4.57
k2000 0.369 0.00560 3.18 0.192 3.59 2.87
nqueen100 0 0 61* 4 4 3

Table 5: Performance comparison of RLA Single and Multi across various QUBO instances.

Single-RLA

Instance Best Std execution time [s]

gr24 −21007 163.31 1277.51
gr48 −39563 222.86 1815.16
berlin52 −88546 491.97 1746.62
pr76 −1270354 5671.35 2574.79
r1k −5618528 4320.86 1520.99
r2k −15980143 980.22 1747.64
nug30 −22800 107.97 1323.48
k2000 −33214 95.83 1588.97
nqueen100 −100 0 3986.86

Multi-RLA

Instance Best Std execution time [s]

gr24 −21578 1537.34 493.44
gr48 −39091 318.56 705.71
berlin52 −89774 1279.37 726.10
pr76 −1276102 12736.07 975.17
r1k −5620378 7280.39 569.67
r2k −15980143 20671.80 654.67
nug30 −23122 1644.21 574.31
k2000 −33335 635.13 585.00
nqueen100 −100 0.288 1421.93

6.2 Ablation Study on Input Features

We conducted a single feature drop ablation study to assess the individual contributions of each
of the five features. Specifically, we created five experimental settings, each excluding exactly one
feature: “Std-Off,” “Mean-Off,” “IQR-Off,” “POS-DELTA-Off,” and “POS-VEC-Off.” These set-
tings maintained identical learning and search conditions to the original Multi-RLA configuration,
varying only the availability of the respective features.

The results of these single feature ablation experiments (Tables 6 and 7) clearly illustrate the
impact of removing each individual feature. Excluding either of the sign features related to POS
(POS-DELTA, POS-VEC) consistently results in performance degradation in various instances of
problems, such as gr24 (−0.36%, −0.69%) and k2000 (−0.44%, −0.51%), although this effect is less
evident in saturated instances (e.g., r1k, r2k and nqueen100). The Mean feature generally contributes
positively to performance, with only marginal improvements observed upon its exclusion (e.g., gr48:
+0.12%). Regarding the two dispersion-related features (Std and IQR), their contributions are
complementary, and their relative usefulness varies depending on instance scale and structure. For
smaller to medium-sized TSP instances, excluding IQR (IQR-Off) significantly enhances performance
(gr48: +2.67%, berlin52: +0.50%), whereas for the larger instance pr76, excluding Std (Std-Off)
yields superior results (+0.23%). However, for critical instances such as gr24 (TSP), nug30 (QAP),
and k2000 (Max-Cut), the full feature set in Multi-RLA consistently provides the best performance,
outperforming all single-feature removal configurations. These observations collectively highlight
the complementary nature of sign (POS), location (Mean), and dispersion (Std/IQR) statistics.
Consequently, we infer that retaining all five features may enhance robustness across a wide variety
of problem instances.

13



RL-driven Annealing Computation for QUBO on Multi-GPU System

Table 6: Single-Feature Drop Ablation Study. Each column removes exactly one feature from the
five-feature Multi-RLA while keeping training and search settings identical to the baseline. Entries
are QUBO objective values (lower is better); bold marks the best value per instance. Target denotes
the optimum or best-known reference.

Instance Target
Multi-
RLA

Std-
Off

Mean-
Off

IQR-
Off

POS-
DELTA-Off

POS-
VEC-Off

gr24 −21728 −21578 −21551 −21517 −21520 −21500 −21430
gr48 −41954 −39091 −38891 −39137 −40133 −38617 −38624
berlin52 −94458 −89774 −89840 −89552 −90227 −89217 −89343
pr76 −1391841 −1276102 −1279043 −1272266 −1271114 −1270590 −1259686
r1k −5620378 −5620378 −5620378 −5620378 −5620378 −5620378 −5620378
r2k −15980143 −15980143 −15980143 −15980143 −15980143 −15980143 −15980143
nug30 −23876 −23122 −23022 −23092 −23050 −23056 −23090
k2000 −33337 −33335 −33175 −33180 −33201 −33187 −33164
nqueen100 −100 −100 −100 −100 −100 −100 −100

Table 7: Percentage change vs Multi-RLA for each feature-selection variant. ∆[%] = (Multi-RLA−
Variant)/|Multi-RLA| × 100. Positive means lower energy (better) than Multi-RLA.

Instance
∆ Std-
Off [%]

∆ Mean-
Off [%]

∆ IQR-
Off [%]

∆ POS-
DELTA-Off [%]

∆ POS-
VEC-Off [%]

gr24 -0.13% -0.28% -0.27% -0.36% -0.69%
gr48 -0.51% +0.12% +2.67% -1.21% -1.19%
berlin52 +0.07% -0.25% +0.50% -0.62% -0.48%
pr76 +0.23% -0.30% -0.39% -0.43% -1.29%
r1k 0.00% 0.00% 0.00% 0.00% 0.00%
r2k 0.00% 0.00% 0.00% 0.00% 0.00%
nug30 -0.43% -0.13% -0.31% -0.29% -0.14%
k2000 -0.48% -0.46% -0.40% -0.44% -0.51%
nqueen100 0.00% 0.00% 0.00% 0.00% 0.00%

7 Conclusions

In this study, we have proposed a novel RL-based approach of annealing computation for solving
the QUBO, called RL-driven annealing (RLA). A QUBO solver is a powerful framework capable
of uniformly handling various NP-hard combinatorial optimization problems. Unlike conventional
heuristic local search approaches based on ∆-based flip policy, RLA trains the flip policy using
deep reinforcement learning. Specifically, RLA normalizes ∆ at each step and extracts it as a
statistic, enabling autonomous learning of the flip policy for the given QUBO problem. Moreover,
by modeling state representations and action spaces as fixed dimensions with continuous values
regardless of problem size, we show that our method can acquire a unified flip policy suitable for
various QUBO matrix sizes and problem types without explicitly providing ∆.

We implemented a QUBO solver based on RLA on a multi-GPU system so that it effectively
generates solutions in parallel. Our experimental results show that an appropriate flip policy can
be acquired without explicitly specializing in the problem type. Future work should improve the
solution accuracy. Furthermore, we can consider other strategies described in Introduction, where
we train a model for several QUBO instances and obtain a more general model for inference.
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Figure 1: Annealing computation based on the ∆-based flip policy for the N-dimensional state vector
x. (a) Conventional method. (b) Proposed RL-driven method.
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Figure 2: Overview of the RL Framework in RLA.
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