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Abstract—We introduce RELIC, a reinforcement learning ap-
proach for solving Ising optimization problems via learned graph
compression. Rather than directly optimizing spin configurations,
RELIC learns to iteratively reduce graphs using merge and flip-
merge operations until a single node remains, then reconstructs
the full spin assignment by tracing recorded transformations. The
agent is trained using policy gradient methods with final energy
as the sole reward signal, eliminating the need for intermedi-
ate evaluations or supervision labels. Experimental evaluation
demonstrates that RELIC, trained exclusively on small graphs
with 25 nodes, generalizes effectively to much larger instances
with up to 4,000 nodes across multiple graph topologies. Com-
pared to Physics-Informed Graph Neural Networks (PIGNN),
RELIC achieves higher solution quality on moderately dense
graphs (average degree > 7) while providing faster runtime
scaling as evaluated on the Maximum Independent Set problem.

Index Terms—Ising model, reinforcement learning, graph neu-
ral networks, combinatorial optimization

I. INTRODUCTION

The Ising model provides a fundamental mathematical
framework for representing a broad class of NP-hard combi-
natorial optimization problems [1], [2]]. In this model, binary
variables are represented as spins with pairwise interactions,
and the objective is to find spin configurations that minimize
the total system energy. The expressiveness of this formulation
has made it central to both theoretical studies and practical
applications in optimization.

Classical approaches to Ising optimization include sim-
ulated annealing [3|, specialized hardware implementations
such as SimCIM [4], and more recently, machine learning-
based methods. Graph Neural Networks (GNNs) have emerged
as a promising direction, with physics-informed approaches
directly optimizing energy objectives [J5], [|6]. However, these
methods face limitations in scalability and often struggle
with training stability when using energy minimization as the
primary learning signal.

Recent work has explored alternative paradigms for
learning-based Ising optimization. Physics-Informed Graph
Neural Networks (PI-GNN) [5]] train GNNs to directly predict
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spin configurations by minimizing the Ising energy func-
tion. While effective for moderately-sized instances, such
approaches can face challenges in generalization and compu-
tational efficiency as problem size increases.

We propose a fundamentally different approach: instead
of learning to directly predict spin assignments, we train
a reinforcement learning agent to iteratively compress the
problem graph through learned structural transformations. This
compression-based paradigm offers several advantages: it op-
erates without requiring supervised labels, naturally handles
variable graph sizes, and provides a systematic reduction
strategy that can be traced for interpretability.

Our method, RELIC (Reinforcement Learning for Ising
Compression), formulates graph compression as a Markov
Decision Process where the agent learns to select edge-action
pairs that merge nodes while preserving the energy landscape.
The agent is trained using REINFORCE with sparse terminal
rewards based solely on the final reconstructed energy, requir-
ing no intermediate supervision or energy evaluations during
compression.

The Ising model serves as the underlying mathematical
framework for quantum optimization platforms such as quan-
tum annealing and variational quantum algorithms. As such,
classical Ising solvers like RELIC can play a valuable role
in quantum workflows as a scalable pre-processing module
that compresses problem graphs to match quantum hardware
constraints. Our work aligns with the goals of quantum opti-
mization research by contributing novel classical techniques
that can integrate into or inform quantum-classical hybrid
systems.

Our main contributions are:

1) A new RL framework for Ising optimization: We
introduce a new reinforcement learning approach that
solves Ising problems through learned graph compres-
sion, trained entirely with sparse terminal rewards.

2) Strong generalization capability: Despite training only
on 25-node graphs, RELIC generalizes effectively to
instances with thousands of nodes, demonstrating re-
markable scalability across different graph topologies.

3) Competitive performance: Experimental comparison
with Physics-Informed GNNs shows that RELIC
achieves higher solution quality on moderately dense



graphs (average degree > 7) while providing faster run-
time scaling. The compression-based approach extends
successfully to related combinatorial problems such as
Maximum Independent Set, indicating the applicability
of the framework for solving combinatorial optimization
problems.

a) Organization: The remainder of this paper is orga-
nized as follows. Section [[-0b] reviews related work in Ising
optimization and learning-based combinatorial optimization.
Section [[I] presents the technical foundation, including the
graph compression operations and reinforcement learning for-
mulation. Section provides comprehensive experimental
evaluation, including comparisons with existing methods and
analysis of generalization performance. Finally, Section [V]
concludes with a discussion of results and future directions.

b) Related Work: Classical approaches to Ising opti-
mization include Simulated Annealing [3]], hardware-inspired
methods like SimCIM [4] and Simulated Bifurcation [7]],
which remain effective for moderate-sized instances. Graph
compression techniques have emerged as important prepro-
cessing steps, particularly for quantum hardware with limited
connectivity. Classical reduction methods such as roof duality
[8I, [9] and Fasthare [10] apply rule-based logic but their
static nature limits adaptability and often achieves suboptimal
compression ratios. More recently, Tran et al. [[11]] introduced
GRANITE, a GNN-based approach that learns to predict
local spin alignments for graph compression, demonstrating
instance-specific adaptation with controlled solution quality
trade-offs.

Graph Neural Networks have been extensively applied to
combinatorial optimization through two main paradigms. Su-
pervised approaches train GNNs to imitate classical heuristics
or exact solvers on problems like MaxCut, SAT, and TSP [12]-
[14], operating on fixed graph structures and typically requir-
ing labeled optimal or near-optimal solutions from heuristic
oracles. In contrast, physics-inspired methods use energy min-
imization as direct loss functions [3], [6], [15]], training GNNs
to minimize the physical energy of predicted configurations
without requiring ground-truth spin labels. However, empirical
evaluations on tasks like Maximum Independent Set have
shown that such energy-minimization approaches can under-
perform classical greedy heuristics [[16f], [17], particularly
when energy landscapes become complex with numerous local
minima.

Reinforcement learning has been actively explored for com-
binatorial optimization through learned heuristics that capture
structural properties of problem instances. Notable works
include graph-based Q-learning for construction policies [[18]],
pointer networks for sequence-based problems like TSP [[19],
and attention-based models that learn without handcrafted
rules [20]. These approaches often match classical heuristic
performance but face challenges in training efficiency and
generalization, particularly under distribution shifts [21]], [22].
In the context of Ising problems, existing RL methods have
focused primarily on direct spin assignment or refinement,
treating the model as a spin sampler [22]. Our work ad-

dresses this gap by using RL to learn structural transforma-
tions—specifically graph compression—as an integral part of
the solution process.

II. PRELIMINARIES AND DEFINITIONS

A. Ising Model for Combinatorial Optimization

The Ising model provides a powerful mathematical frame-
work for representing a wide class of NP-hard combinato-
rial optimization problems. Originally developed in statistical
physics to model magnetic systems, the Ising formulation has
found extensive applications in computer science, operations
research, and machine learning due to its ability to capture
complex discrete optimization landscapes.

In the Ising model, each decision variable is represented as
a binary spin s; € {—1,41}, and the optimization objective is
expressed through pairwise interactions and local biases. The
energy function, known as the Ising Hamiltonian, is defined
as:

E(s) = Z Jijsisj + Z his; + offset,

(i.4)€E iev
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where J;; € R represents the coupling strength between spins
i and j, h; € R is the local bias field acting on spin ¢,
and offset is an additive constant. The goal is to find a spin
configuration s* that minimizes the total energy E(s).

This formulation naturally captures many fundamental com-
binatorial problems. For instance, the Maximum Cut problem
can be encoded by setting J;; = —1 for edges in the graph and
h; = 0 for all nodes. The Maximum Independent Set problem
requires additional penalty terms to enforce the independence
constraint. Portfolio optimization, scheduling problems, and
graph coloring can all be expressed within this framework
through appropriate choices of coupling strengths and bias
fields.

The computational complexity of finding optimal Ising con-
figurations is well-established: determining the ground state
(minimum energy configuration) is NP-hard in general [I]].
This intractability motivates the development of approxima-
tion algorithms, heuristic methods, and learned optimization
approaches that can find high-quality solutions in a reasonable
time.

Each Ising instance can also be represented as an undirected
weighted graph G = (V,E), where V = {1,2,...,n}
corresponds to the spin variables and E = {(¢,5) | Ji; #
0} encodes the non-zero pairwise interactions. This graph-
theoretic view enables the application of structural analysis
techniques and graph-based learning algorithms.

To unify the treatment of bias terms and pairwise interac-
tions, we introduce an auxiliary node indexed as 0, connecting
it to each node ¢ with edge weight h; [[10]. This transformation
converts all interactions into a uniform edge-weight represen-
tation:

ifi#0,j#0

o Jij



Thi unified graph representation streamlines algorithmic
design and ensures that neural networks uniformly pro-
cess both local and pairwise energy terms using a single
message-passing framework.

B. Challenges in Classical Ising Optimization

Traditional approaches to Ising optimization face several
fundamental challenges that motivate the development of
learning-based methods. Simulated annealing, while theoret-
ically guaranteed to find optimal solutions given infinite time,
suffers from slow convergence on hard instances and re-
quires careful temperature scheduling. Specialized algorithms
like simulated bifurcation and coherent Ising machines show
promise but may struggle with certain graph topologies or
coupling distributions.

The exponential growth of the solution space presents a
fundamental scalability barrier. For n spins, there are 2"
possible configurations to evaluate, making exhaustive search
impractical beyond small instances. Local search methods can
become trapped in suboptimal configurations, while global
optimization techniques face prohibitive computational costs.

Graph structure significantly influences problem difficulty.
Dense graphs with conflicting interactions create rugged en-
ergy landscapes with many local minima, while sparse graphs
may admit efficient specialized algorithms. The distribution of
coupling strengths, the presence of frustration (conflicting con-
straints), and topological properties all affect the performance
of different solution approaches.

These challenges highlight the potential value of learned op-
timization heuristics that can adapt to different problem char-
acteristics. By training on diverse instances, machine learning
approaches can potentially discover problem-specific strate-
gies that outperform general-purpose classical algorithms. The
graph compression paradigm offers a particularly promising
direction, as it enables hierarchical problem solving and pro-
vides interpretable decision sequences.

C. Graph Compression Operations

Recent work by Tran et al. [11] introduced GRANITE,
a graph neural network approach that proposed systematic
graph compression operations for Ising model size reduction.
The primary goal of GRANITE was to compress large Ising
instances to fit the limited qubit capacity of quantum hardware
while preserving solution quality through partial reduction.

GRANITE defined two fundamental compression operations
that merge nodes while maintaining energy equivalence:

Merge Operation: When two adjacent nodes w and v
are predicted to have aligned spins in optimal configurations
(sy = sy), they can be merged into a single node. This
operation combines the nodes by redirecting all edges incident
to v toward v and aggregating edge weights:

T = Juw + Jow, YW € N(U) \ {U} 3)

uw

Flip-Merge Operation: When nodes u and v are predicted
to have opposite spins (s,, = —s,,), we first apply a spin flip to

node v by negating all its incident edge weights, then perform
the merge operation:

Jow & —Jpw, Yw € N(v) 4)

Both operations preserve the ground-state energy by main-
taining an offset variable that accumulates the energy contri-
butions of removed edges. When nodes are aligned, the offset
increases by J,,; when anti-aligned, it decreases by Jy.,,.

While GRANITE demonstrated effective partial compres-
sion for quantum preprocessing, using these operations for
complete Ising solving, reducing the graph to a single node,
and reconstructing full spin configurations, presents novel
challenges not addressed in the original work. Complete reduc-
tion requires substantially more compression steps, and each
incorrect alignment prediction can compound errors through-
out the sequence. This creates a critical need for high-quality
predictors at every step, as cumulative errors from many
reduction operations can significantly degrade final solution
quality. Unlike partial reduction, where residual subproblems
can be solved externally, complete solving demands that the
compression sequence itself preserve sufficient information to
reconstruct optimal spin assignments for the entire original
problem.

III. ISING OPTIMIZATION VIA RL-BASED GRAPH
COMPRESSION

Graph compression for Ising optimization exhibits charac-
teristics that align well with reinforcement learning formula-
tions. The compression process is inherently sequential, where
each merge operation alters the graph structure and available
future actions, requiring policies that consider long-term con-
sequences rather than local decisions. Additionally, the contin-
uous reduction in graph size creates variable input dimensions
that reinforcement learning naturally handles through state-
dependent action spaces, while supervised approaches would
require explicit handling of changing dimensions. Further-
more, reinforcement learning can optimize directly toward
the final energy objective rather than requiring intermediate
supervision for individual compression decisions.

A. Markov Decision Process Formulation

We formulate Ising graph compression as an episodic
Markov Decision Process where the agent learns to iteratively
reduce graph size while preserving ground-state energy prop-
erties. The state s; at step ¢ consists of the current graph
structure Gy = (V4, Ey) with |V;| = ng — t nodes, along with
node and edge feature representations that capture structural
and interaction properties relevant to compression decisions.
Additionally, the state includes an accumulated energy offset
offset; that tracks the contributions of edges removed during
previous compression steps.

The action space at each step consists of edge-action pairs
a; = (e = (u,v),d) where e € E, specifies the edge to com-
press and d € {41, —1} indicates whether to perform a merge
operation (d = +1) or flip-merge operation (d = —1). The
total action space size |A;| = 2|E;| decreases as compression



progresses, reflecting the natural reduction in available choices
as the graph becomes smaller.

Transitions apply the compression operations defined in
Section [l deterministically updating the graph structure
through G;41 = Compress(Gy,a;) and incrementing the
energy offset as offset;; = offset; + AF(a;), where AE(a;)
represents the energy contribution of the removed edge, ad-
justed for the operation type. Episodes terminate when the
graph is reduced to a single node, requiring exactly 7' = ng—1
compression steps. At termination, the final spin assignment
is determined by setting the remaining node’s spin to ensure
consistency with the auxiliary node representation.

The agent receives a sparse terminal reward based on the
reconstructed solution quality: rp = —(offsety + Efna —
Ehaseline), Where Egy, is the energy of the reconstructed spin
configuration and FEj,gline 1S @ problem-specific baseline used
for variance reduction. This reward structure encourages the
agent to find compression sequences that preserve the ability
to reconstruct high-quality solutions.

B. Policy Architecture

The policy mg(als) is implemented as a graph neural
network that learns to score edge-action pairs based on
structural properties of the current graph state. Our approach
builds upon the message-passing architecture introduced in
GRANITE [11]], which has demonstrated strong generalization
capabilities across graphs of different sizes and topologies.
This architectural choice is particularly valuable given our
requirement to handle variable graph sizes throughout the
compression process.

We design input features to capture structural prop-
erties relevant to spin alignment prediction. Node fea-
tures encode local interaction complexity through degree
information, inverse degree for normalized centrality, and
weighted degree reflecting total interaction strength: ¢, =
[deg(v), 1/ deg(v), >, cnr(v) |Juvl]- Edge features capture in-
teraction properties critical for alignment decisions, including
raw coupling strength, magnitude, sign information, and local
structural measures: ¢y = [Juv, |Juvl, sign(Juq)]-

Following the GRANITE architecture [11], node and edge
embeddings are updated through L layers of message pass-
ing, where L denotes the total number of GNN layers. At
each layer ¢ € {1,2,..., L}, node representations aggregate
information from neighboring nodes and incident edges:

W = 7 [hfD, 3 g7 el )] ©)
ueN (v)

while edge representations are updated based on their endpoint
nodes:

o) = hé@) (hg‘l),hy‘l),efv‘l)) 6)
where fg(é), gé@, and h(ee) are learnable functions (typically
implemented as MLPs) for node updates, edge messages, and

edge updates respectively, A'(v) denotes the set of neighboring
nodes of v, and 6 represents the learnable parameters.

This joint update scheme enables the architecture to cap-
ture both local neighborhood information and global graph
structure through multi-hop message propagation, which is
essential for making informed compression decisions that
consider long-range dependencies in the Ising model.

Action scoring is performed using a multi-layer readout that
combines initial and final edge representations. We concate-
nate the initial edge features with the final layer embeddings
as Zyy = [eSLOU) ||eu%,)], where || denotes vector concatenation,
then apply a multilayer perceptron to produce action scores:
Suv = MLPy(z,,) € R2. This concatenation preserves both
raw edge features and processed representations, enabling
the model to make decisions based on both local interaction
properties and learned global context. The final score for action
a = (u,v,d) is given by fy(s,a) = sy,[i|, where ¢ = 1 for
merge operations (d = +1) and ¢ = 2 for flip-merge operations
(d = —1). The action scores are normalized through softmax
to obtain action probabilities.

C. Training via Policy Gradients

We train the policy using REINFORCE with baseline vari-
ance reduction. The policy gradient is computed as Vo J(6) =
Ern, [ZZ:OI Vo log mg(ar|se) - (re — by)], where the baseline
b; helps reduce gradient variance. We employ two complemen-
tary baseline strategies: a greedy rollout baseline computed
by executing a deterministic greedy policy, and a stochastic
average baseline obtained by averaging returns over multiple
stochastic rollouts of the same initial state.

The sparse terminal reward structure creates significant
credit assignment challenges, as the agent receives no in-
termediate feedback about compression quality until episode
completion. Each action’s contribution to the final reward must
be inferred from the terminal outcome, making it difficult to
distinguish beneficial early actions from later ones. We address
these challenges through careful baseline design, exploration
scheduling using e-greedy with linear decay, and mini-batch
gradient estimation to stabilize training.

Additional stabilization techniques include reward normal-
ization within mini-batches to handle scale differences across
problem instances, gradient clipping to prevent unstable up-
dates from outlier episodes, and adaptive learning rate schedul-
ing based on training progress. These techniques collectively
ensure stable convergence despite the challenging sparse re-
ward structure and variable-length episodes inherent in the
compression-based formulation.

IV. EXPERIMENTS
A. Experimental Setup

We evaluate RELIC on synthetic Ising instances using the
dataset introduced in [[11f], which includes Erd6s—Rényi (ER),
Barabasi—Albert (BA), and Watts—Strogatz (WS) graphs with
edge weights J;; ~ U[—5, 5] and zero node biases (h; = 0).
For our reinforcement learning experiments, we extract 5,000
graphs with 25 nodes across the three topologies for training.
Unlike supervised approaches that require labeled data, our
agent is trained using only final energy as the reward signal.
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Fig. 1: Comparison of MIS sizes over increasing graph sizes
for random d-regular graphs with d € {3,5,7,9}, obtained
using RELIC and PI-GNN. Larger MIS sizes indicate better
solutions.
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Fig. 2: Empirical runtime scaling of RELIC compared to PI-
GNN across increasing graph sizes. Measurements recorded
on a single NVIDIA RTX 3060 GPU. RELIC demonstrates
several orders of magnitude speedup with linear scaling behav-
ior, while PI-GNN shows more rapid growth in computational
cost.

The RL policy network employs 3 message-passing layers
with edge-based action scoring as described in the previous
section. Training uses REINFORCE with e-greedy explo-
ration, where ¢ is linearly annealed over the first 30 epochs to
balance exploration and exploitation.

We compare RELIC against Physics-Informed Graph Neu-
ral Networks (PI-GNN) [5], a recent approach that directly
optimizes spin configurations by minimizing the Ising energy
function through physics-informed learning objectives. PI-
GNN was implemented with identical computational resources
and training data for fair comparison. This comparison allows
us to evaluate the effectiveness of our compression-based
approach against direct energy minimization methods.

B. Experimental Results

Performance on Maximum Independent Set. We evalu-
ate both methods on the Maximum Independent Set (MIS)
problem using Erd6s—Rényi random graphs to assess their
applicability to broader combinatorial optimization tasks. MIS
instances are encoded as Ising models using standard ferro-
magnetic penalty formulations [2]], where the penalty term is
represented through auxiliary node biases.

Figure [I] presents MIS solution quality across different
graph densities and sizes on random regular graphs. For sparse
graphs with degrees d = 3 and d = 5, both RELIC and
PI-GNN achieve comparable performance, producing MIS
solutions of similar quality across graph sizes ranging from
200 to 4,000 nodes. However, a striking performance dif-
ference emerges on denser graphs with degrees d = 7 and
d = 9. PI-GNN fails to identify a valid solution. In contrast,
RELIC maintains reasonable solution quality across all density
levels, demonstrating superior robustness to graph structure
variations.

This performance disparity highlights a fundamental limita-
tion of direct energy minimization approaches: as graph den-
sity increases, the energy landscape becomes more complex
with numerous local minima, causing gradient-based methods
to converge to poor solutions. RELIC’s compression-based
approach appears more resilient to such challenges, as the
sequential decision-making framework enables the agent to
navigate complex optimization landscapes more effectively.

Computational Efficiency. Runtime analysis reveals a sig-
nificant computational advantage for RELIC. As shown in
Figure [2| RELIC achieves an significant speedup compared
to PI-GNN while maintaining linear scaling with graph size.
This efficiency stems from RELIC’s sequential compression
approach, which reduces problem complexity at each step,
versus PI-GNN’s need to process the full graph throughout
optimization.

The linear scaling behavior of RELIC suggests practical
applicability to large-scale problems, while PI-GNN’s com-
putational cost appears to grow more rapidly with problem
size. This efficiency advantage, combined with higher solution
quality on moderately dense graphs, suggests RELIC as a
promising approach for large-scale combinatorial optimiza-
tion.

Training and Implementation Details. RELIC was trained
for 100 epochs with early stopping based on validation per-
formance. The agent typically converges within 50-70 epochs
across all graph topologies. All results represent averages over
10 instances with 5 random seeds each, totaling 50 runs per
configuration. Confidence intervals show standard error of
the mean. RELIC’s performance advantage on dense graphs
(d > 7) is statistically significant with substantial effect sizes.

Solution Quality and Validity. For MIS evaluation, we
verify solution validity through constraint checking. RELIC
produces feasible solutions in all cases, while PI-GNN’s
empty solutions, though technically valid, provide no practical
value. The post-processing step mentioned ensures all RELIC



solutions satisfy independence constraints by resolving any
conflicts conservatively.

Generalization Capability. Despite training exclusively on
25-node graphs, RELIC demonstrates encouraging generaliza-
tion to much larger instances with up to 4,000 nodes. This
scaling capability, evidenced across multiple graph densities in
the MIS experiments, suggests that the learned compression
policies capture fundamental structural patterns that transfer
effectively across problem scales.

The consistent performance across different graph densi-
ties and sizes suggests that RELIC’s reinforcement learning
framework is capable of learning general compression heuris-
tics rather than memorizing problem-specific solutions. This
generalization capability is particularly valuable for practical
applications where training on full-scale instances may be
computationally prohibitive.

V. CONCLUSION

We presented RELIC, a reinforcement-learning framework
that tackles Ising optimization by treating graph compression
as a sequential decision process. RELIC learns to iteratively
merge nodes until the graph collapses to a single node and
then reconstructs the full spin configuration—all without su-
pervised labels or costly intermediate energy evaluations. Our
experiments show that RELIC (1) generalizes from 25-node
training graphs to 4000-node test instances with negligible
quality loss, (2) matches Physics-Informed GNNs on sparse
Maximum Independent Set problems and outperforms them
on dense graphs by avoiding local-minimum traps, and (3)
delivers an order-of-magnitude speedup with linear runtime
scaling.

These  findings  demonstrate  the  strength  of
compression-based sequential decision-making, particularly
on dense topologies where traditional energy minimization
struggles. Nonetheless, our study is limited to synthetic
benchmarks and a single baseline; real-world performance
and integration with hybrid classical-quantum pipelines
remain open questions. Future work will expand training
to variable-size and application-specific graphs, incorporate
richer node and edge features, and evaluate RELIC as a
preprocessor for quantum annealers and other emerging
hardware platforms.
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