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Abstract. Large-scale semidefinite relaxations arising in network struc-
tured optimization problems rely critically on chordal decompositions for
computational tractability. While heuristic merging strategies are widely
used, their performance can vary substantially across problem instances
and decomposition choices. This paper proposes a learning-based frame-
work for improving decomposition quality in semidefinite relaxations.
We introduce a Random Forest surrogate model that ranks decomposi-
tions by expected solver runtime. Building on this surrogate, we design
a reinforcement learning agent that sequentially constructs clique merge
decisions, combining heuristic guidance with learned feedback. Empiri-
cal results on large optimal power flow instances show that the learned
policy generalizes to unseen instances and in most cases outperforms
standard heuristic merging strategies, achieving meaningful reductions
in total solve time.

Keywords: semidefinite programming · chordal decomposition · re-
inforcement learning · optimal power flow

1 Introduction

Quadratic optimization is a cornerstone of mathematical optimization, with
widespread applications across many fields. While convex quadratic problems
can be solved efficiently, many real-world applications lead to inherently non-
convex formulations that are significantly more challenging, especially at large
scales. This non-convexity arises from underlying problem structure in energy
systems [5,11], water networks [6], gas networks [12], and engineering design
[15]. For large instances, such problems are often tackled using semidefinite pro-
gramming (SDP) relaxations, which provide high-quality bounds on the optimal
solution [20]. However, enforcing the positive semidefinite (PSD) constraint be-
comes computationally prohibitive as problem size grows. As real-world problems
demand larger scales and near real-time solutions, this bottleneck motivates the
need for strong yet scalable relaxations that explicitly exploit problem structure.

In many applications, including power grids, water distribution networks,
and gas networks, the underlying structure of the network and the resulting
optimization problem are sparse: components interact only with small subsets
of the system. Thus, we focus on scalable semidefinite relaxations that exploit
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correlative sparsity, where constraints and objectives depend on limited vari-
able subsets. Instead of enforcing the PSD constraint on a single large matrix,
it is imposed on multiple smaller matrices, with additional linking constraints
to maintain consistency [10]. This approach scales SDP relaxations to much
larger instances, but the performance depends on the chosen decomposition.
Since many decompositions are possible, selecting a near-optimal one remains
difficult, and existing heuristic strategies often yield suboptimal performance
[2]. The difficulty of selecting high-quality decompositions suggests that purely
heuristic rules may be insufficient for capturing the complex interactions that
determine solver performance. In this context, machine learning methods offer
a natural complement, as machine learning has shown promise in guiding algo-
rithmic decisions that are hard to formalize analytically [4,9].

To the best of our knowledge, there has been little work focused on integrat-
ing machine learning into the design of SDP decomposition strategies. We briefly
review these efforts to position this work. The study in [13] uses reinforcement
learning to imitate the minimum-degree heuristic for chordal extension. While
it reproduces the expert policy, it cannot generate novel or improved decompo-
sitions. In contrast, [2] learns to select the best decomposition from a candidate
set produced by multiple heuristics and their random permutations, outperform-
ing state-of-the-art strategies in most cases. This result motivates our work by
showing that learning can surpass classical heuristics. A limitation of the paper
is that it ranks decompositions, but does not generate new decompositions, re-
stricting exploration to the small subset produced by heuristic candidates and
their random permutations. A common assumption is that minimizing fill-in
during chordal extension yields better decompositions. However, [20] shows that
adding fewer edges does not necessarily lead to better performance, underscor-
ing the complex link between structure and solver efficiency and the limits of
minimal fill as a proxy for quality. Other work bypasses decomposition by pre-
dicting solutions directly. For example, [18] maps optimal power flow instances
to solutions with a graph neural network, but generalizes only within a fixed
network and is demonstrated only on small systems (30 and 118 nodes). Related
methods [19] predict subsets of variables and recover the rest by post-processing.
Although fast at inference, these approaches depend on ground-truth solutions
and do not scale to large problems, where decomposition is still needed to gener-
ate training data. Moreover, they are specialized to optimal power flow, whereas
learning-based SDP decomposition could apply more broadly.

This paper proposes a learning-based framework for generating chordal de-
compositions of large-scale semidefinite relaxations, with optimal power flow
(OPF) as a motivating use case. We develop a data generation pipeline and a
Random Forest surrogate to assess decomposition quality, and introduce a re-
inforcement learning policy that sequentially constructs merge decisions. The
proposed approach outperforms established heuristics on unseen instances. The
results demonstrate that learning-guided decomposition can achieve meaningful
solver runtime reductions beyond fixed or greedy merging strategies.
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2 Solution Methodology

SDP lifting converts nonconvex quadratic constraints into linear constraints over
a lifted positive semidefinite matrix, but the resulting PSD constraint quickly
becomes a computational bottleneck at scale. An SDP problem can be stated as

min
n∑
i=1

n∑
j=1

q0
ijxij

s.t.
n∑
i=1

n∑
j=1

qkijxij = bk, k = 1, . . . , m

X ∈ Sn, X � 0

where Sn is the set of symmetric n×n matrices, X � 0 constrains X to be a PSD
matrix and xij are the elements of the X matrix. Q0 =

(
q0
ij

)
and Qk =

(
qkij

)
are

symmetric n × n matrices (parameters of the problem). If Q0 and Qk are sparse
we may be able to speed up computational efforts. We construct an undirected
sparsity graph G = (V, E) with nodes V = {1, . . . , n} and E containing edges
(i, j) if the corresponding element is non-zero in at least one of the Q0 or Qk,
matrices. By constructing a chordal extension of this sparsity graph, the origi-
nal large PSD constraint can be equivalently replaced by a collection of smaller
PSD constraints defined on the maximal cliques of the chordal graph, coupled
through linear consistency constraints on their overlaps [10]. This transforma-
tion relies on the fact that, for chordal graphs, global positive semidefiniteness
is fully characterized by positive semidefiniteness on the clique submatrices. In
practice, however, different chordal completions and clique merging strategies
lead to substantially different computational performance, as they determine
both the number and size of the resulting PSD blocks. Thus, as a first step, we
investigate a regression task using a Random Forest (RF) model to determine re-
liable predictions of the computational performance of different decompositions.
A regression model enables the selection of the most promising decomposition
from a pool of candidates, thereby improving efficiency in solving the original
problem. The predictive approach however relies on having already generated
a diverse set of decompositions, and its effectiveness is inherently limited by
the quality of the best decomposition in that set. This approach does not itself
generate decompositions, it merely selects among them.

To overcome this limitation, a second component of our methodology explores
a reinforcement learning (RL) approach. Here, a learned regression model acts
as a surrogate evaluator, providing a reward signal to guide an agent in learn-
ing how to construct efficient decompositions autonomously. With this setup,
the agent is able to explore a broader space of possible decompositions and to
identify structures that may outperform those in the dataset. Additionally, at
inference time, a successful agent would directly form high-quality decomposi-
tions, bypassing the candidate-generation and prediction stage entirely. For the
reinforcement learning setup, we design an environment tailored to the use case,
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specifying the state and action spaces, the reward structure, and the parameter-
ization of both a policy and a value function.

2.1 Surrogate Model

We design a surrogate model to predict the computational performance of candi-
date SDP decompositions, with the goal of enabling data-driven decomposition
selection without solving the underlying optimization problem. Among standard
regression models, we adopt a Random Forest regressor as the surrogate. This
choice is motivated by three considerations. First, RFs are well suited for hetero-
geneous, nonlinearly interacting features, which naturally arise from graph-level
summary statistics. Second, RFs are robust to feature scaling and outliers, both
of which are present due to large variation in problem size and decomposition
structure. Third, RFs provide strong ranking performance in practice, which is
critical in our setting where the relative ordering of decompositions matters.

Representing decompositions. Three closely related graph structures are
used throughout this work: the original graph, its chordal extension graph, and
the clique graph. The original graph corresponds to the sparsity pattern of the
SDP relaxation, where nodes, v ∈ V , represent variables and edges encode pair-
wise interactions appearing in constraints or the objective. Since this graph is
generally non-chordal, enforcing a sparse semidefinite relaxation directly is not
possible. A chordal extension is therefore constructed by adding fill edges such
that all cycles of length greater than three are triangulated, enabling a decompo-
sition of the PSD constraint into smaller PSD constraints associated with max-
imal cliques. These maximal cliques form the nodes of the clique graph, where
edges represent shared variables between cliques. The clique graph captures the
interaction structure of the decomposed SDP and determines both the size of
the local semidefinite blocks and the number of consistency constraints to ensure
that shared variables among the cliques agree. As a result, properties of all three
graphs jointly influence solver performance and are explicitly reflected in the fea-
ture representation. We use a tabular representation computed from summary
statistics, aligned with prior work [2,13]. For each decomposition we compute 36
features: nine graph statistics computed on each of the original graph, its chordal
extension, and the clique graph and nine clique-specific descriptors capturing the
distribution of clique sizes and the complexity of separator constraints, includ-
ing quartiles of clique sizes, the sum of cubed clique sizes (reflecting cubic SDP
scaling), and the separator load induced by consistency constraints. Together,
these features provide a compact yet expressive representation of the structural
factors known to influence SDP solver performance (see Table 1).

Evaluation. To evaluate generalization in the regression task, we need to distin-
guish between two settings: (1) predicting solve times for unseen decompositions
of the same problem instance, and (2) predicting for decompositions of entirely
unseen problem instances. Due to the comparatively smaller intra-instance vari-
ation in graph structure and solve times, generalization to unseen instances is
considered more challenging and practically important. Thus, our evaluation
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Table 1: Summary of features computed for each decomposition.
Category Feature Name Formula / Description

Graph-specific

Number of nodes |V |
Number of edges |E|
Maximum degree maxv∈V deg(v)
Minimum degree minv∈V deg(v)

Mean degree 1
|V |

∑
v∈V

deg(v)
Median degree median ({deg(v) | v ∈ V })

Degree variance Varv∈V (deg(v))
Global clustering coefficient 3×# triangles

# connected triplets
Density 2|E|

|V |(|V |−1)

Clique-specific

Number of cliques Number of maximal cliques (nc)
Mean clique size 1

nc

∑nc

i=1 |Ci|
Minimum clique size mini |Ci|

Q1 clique size First quartile of {|Ci|}
Median clique size Median of {|Ci|}

Q3 clique size Third quartile of {|Ci|}
Maximum clique size maxi |Ci|

Sum of cubed clique sizes
∑nc

i=1 |Ci|3
Separator load Number of equalities needed

focuses on the model’s ability to generalize across different entirely new prob-
lem instances taken from the optimal power flow usecase. This is in line with the
approach from [2]. To assess this, we adopt an instance-based leave-one-instance-
out cross-validation scheme. In each fold, all decompositions associated with one
instance are held out for testing, while the surrogate is trained on decomposi-
tions from the remaining instances. This setup provides an unbiased estimate of
generalization performance to previously unseen networks. Model performance
is evaluated using both regression and ranking metrics. Standard regression met-
rics (MAE, MSE, RMSE) quantify absolute prediction accuracy. However, since
the primary downstream objective is to select an efficient decomposition, rank-
ing quality is equally important. We therefore also report Pearson and Spearman
correlation coefficients, which measure linear and monotonic agreement between
predicted and true solve times, respectively. Beyond standard regression metrics,
we evaluate the practical usefulness of the surrogate model for guiding decompo-
sition selection using top-k performance measures. In many realistic settings, a
model is not required to identify the globally optimal decomposition with perfect
accuracy; rather, it must reliably rank high-quality candidates near the top of
its predictions. To capture this behavior, we report top-1, top-5, and top-10
metrics, defined as the average of the true solver runtime of the best-ranked
decomposition among the k lowest predicted runtimes.

While chordal decomposition enables scalable SDP formulations, the initial
set of maximal cliques obtained from a chordal extension is not unique and often
overly fine-grained. Minimum Degree (MD) and Approximate Minimum Degree
(AMD) are graph-based heuristics used to compute elimination orderings for
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chordal graph construction. Given an undirected graph, the MD heuristic itera-
tively eliminates the vertex with the smallest degree, introducing fill edges be-
tween its neighbors to preserve sparsity structure. This process yields a chordal
extension of the original graph and determines the resulting set of maximal
cliques. While MD aims to minimize fill-in exactly, maintaining and updating
exact degrees is computationally expensive for large graphs. AMD is a scalable
approximation that estimates vertex degrees using local structural information
and aggressive update strategies, significantly reducing runtime while producing
orderings of comparable quality in practice. Due to its favorable trade-off be-
tween quality and computational cost, AMD is widely used in large-scale sparse
SDP applications. To reduce the number of semidefinite blocks and the asso-
ciated consistency constraints, neighboring cliques can be merged, trading off
fewer but larger PSD constraints against a reduced number of linking equalities.
This merging process has a direct and often nontrivial impact on solver perfor-
mance: excessive merging increases the cost of interior-point iterations due to
larger matrix blocks, whereas insufficient merging leads to a proliferation of sep-
arator constraints that can degrade numerical stability. Consequently, selecting
an effective merging strategy is critical, and small differences in merge decisions
can lead to substantial differences in runtime. This sensitivity motivates treating
clique merging as a decision problem rather than a fixed heuristic choice, and
forms the basis for both the surrogate-based selection and the reinforcement
learning approaches developed in this work.
2.2 Reinforcement Learning - Generation Through Policy Learning

Even with a successful and reliable surrogate model in place, we can only evaluate
decompositions; how do we generate new ones? To address this, we introduce a
reinforcement learning-based approach that utilizes the surrogate model to guide
the search and efficiently identify high-quality decompositions.
Environment Design. In designing a reinforcement learning setup, careful
consideration must be given to the environment structure. Several variants were
initially explored. Sequential construction strategies such as adding fill edges
until chordality or selecting elimination nodes step by step were considered.
However, intermediate states do not correspond to valid decompositions, making
the surrogate evaluation unreliable and forcing learning to rely on sparse terminal
rewards. Another option explored was to generate an initial elimination ordering
(e.g., via AMD or MD) and modify it through node swaps. While this preserves
chordality throughout the trajectory, empirical tests showed that local swap
actions had limited impact on decomposition quality.

To address these issues, the environment is defined directly over the clique
graph merging process and in particular the action space is defined over the edges
of the clique graph. Each episode begins with a chordal extension generated
using AMD, from which the corresponding clique graph is constructed. Let Gt =
(Vt, Et) denote the clique graph at timestep t, where each node i ∈ Vt corresponds
to a clique with a variable set Ci. For an edge a = (i, j) ∈ Et connecting two
cliques, we assign a weight w(a) = |Ci|3 + |Cj |3 − |Ci ∪ Cj |3, inspired by [1].
The intuition behind this measure stems from the cubic complexity of each
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iteration of the interior point method with respect to the size of the positive
semi-definite matrices. At each timestep t, the admissible action set is restricted
to At = { a ∈ Et | w(a) > 0 }, which significantly reduces the action space and
naturally prunes poor merge decisions. A positive weight therefore indicates that
merging the two cliques is expected to reduce the overall computational cost.
As merging progresses, the size of At decreases, yielding a natural termination
condition: an episode ends when At = ∅. The state-transition dynamics are
deterministic. Given an action at = (i, j) ∈ At, the two cliques Ci and Cj are
removed and replaced by a new clique Ck = Ci ∪ Cj and all nodes and edges
features of the clique graph are updated accordingly, resulting in the next state
st+1.

With the state representation, action space, and transition dynamics defined,
the final component is the reward signal. Initially, only the surrogate prediction
was used, but early findings revealed that relying solely on it led to unstable
convergence. To support learning, a heuristic reward based on the edge weight is
added to guide the agent. Let st and st+1 denote the clique graph states before
and after executing action at. The total reward is defined as Rt = rheur(at) +
rsur(st, st+1), where rheur encourages merges with high structural benefit and
rsur provides feedback based on the surrogate-predicted change in solve time.
Let w(at) denote the weight of the selected action, and define

wmax = max
a∈At

w(a), rank(at) = 1
|At|

|{ a ∈ At | w(a) > w(at) }| ,

that is, the fraction of admissible actions with strictly larger weight than at.
From this, we compute

value_score(at) = w(at)
wmax

and rank_score(at) = 1 − rank(at).

To prevent inflated rewards near the end of an episode when few actions remain,
a decay factor based on episode progress is applied: dt = 1− t

|A0| , where |A0| de-
notes the number of admissible actions at the start of the episode. The heuristic
reward is then defined as rheur(at) = dt(βv value_score(at)+βr rank_score(at)),
where βv and βr are scaling factors selected empirically.

For the surrogate reward, let fsurr(·) denote the surrogate model predicting
the solve time of a decomposition. Due to high variance in absolute predic-
tions, the raw values are not used directly. Instead, we define ∆ft = fsurr(st) −
fsurr(st+1), and employ a thresholded reward

rsur(st, st+1) =


1, if ∆ft > δ,

−1, if ∆ft < −δ,

0, otherwise.

with δ = 0.01.

This reward design encourages the policy πθ(at | st) to balance structural heuris-
tics with data-driven feedback. Early in an episode, the heuristic reward dom-
inates and guides coarse decisions, while later stages rely increasingly on the
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surrogate reward to refine merge choices. Although the agent observes only the
clique graph, the environment maintains the corresponding decomposition graph
in parallel. Each merge operation is reflected by adding the appropriate fill edges.

Policy and Value Parametrization. Both the policy πθ and the value func-
tion Vψ are parameterized using a Graph Neural Network where the nodes are
represented using two usecase-specific features (detailed in Section 3.2) along
with the clique size and edge features are assigned using w(a). We adopt a
shared feature-extraction backbone followed by separate policy and value heads,
a standard design in policy-gradient methods [21], which balances representa-
tional efficiency and parameter economy. The feature extractor consists of two
Graph Attention Network (GATv2) layers with a hidden dimension of 16 [7]. For
each node (clique) i ∈ Vt, the final-layer embedding is denoted by h(L)

i ∈ R16.
This shared representation is used by both heads. At timestep t, each admissible
action corresponds to selecting an edge at = (i, j) ∈ At. For a candidate edge
(i, j), we construct an edge-level representation by concatenating the embeddings
of its incident nodes with the scalar edge attribute w(i, j):

zij =
[
h(L)
i ‖ h(L)

j ‖ w(i, j)
]

∈ R33.

This representation is passed through a single-hidden-layer multilayer perceptron
(MLP) with ReLU activation to produce a scalar logit

`ij = w>
2 σ(W1zij + b1) + b2,

where σ(·) = ReLU(·), W1 and w2 are learnable weight matrices, and b1 and b2
are bias terms. To enforce feasibility, edges with non-positive heuristic weight are
masked by setting `ij = −∞. The resulting logits define a categorical distribution
πθ(· | st) over valid merge actions, from which the action at is sampled. The value
head estimates the expected return from state st. A graph-level embedding is
obtained by mean pooling over node embeddings,

hGt = 1
|Vt|

∑
i∈Vt

h(L)
i .

This pooled representation is passed through a separate MLP with one hidden
layer of size 16 to produce the scalar value estimate Vψ(st), which serves as a
baseline for variance reduction.
Training. Training is performed using the REINFORCE algorithm with a
learned baseline [21]. This choice is motivated by the large and dynamically
changing action space induced by the clique-merging process. The baseline plays
a critical role in our setting, as rewards are predominantly positive; subtracting
the value estimate Vψ(st) ensures that only above-average merge decisions are
reinforced, thereby reducing gradient variance and stabilizing learning. Although
the initial goal was to adopt a leave-one-group-out training strategy analogous
to the surrogate evaluation, this approach resulted in unstable learning dynam-
ics and inconsistent performance. As a more stable alternative, the agent was
trained using a single fixed optimal power flow instance as the sole environment.
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To maintain consistency under this single-instance training regime and avoid
data leakage, the surrogate model used within the environment is trained exclu-
sively on the decompositions generated from the same instance, ensuring that
the agent did not gain indirect exposure to evaluation environments through the
reward signal. An entropy regularization term is added to the policy objective
to encourage exploration and prevent premature convergence to deterministic
policies. This technique is widely used in policy-gradient methods [16] to main-
tain sufficient stochasticity and avoid poor local optima. Let Ât = Gt − Vψ(st)
denote the advantage estimate at timestep t, where Gt is the empirical return.
The resulting policy loss is given by

Lπ(θ) = −E
[
log πθ(at | st) Ât

]
− αE

[
H

(
πθ(· | st)

)]
,

where H
(
πθ(· | st)

)
= −

∑
a∈At

πθ(a | st) log πθ(a | st) denotes the policy en-
tropy, and α = 10−3 is the entropy coefficient. This value is chosen to balance
exploration without encouraging excessively random behavior. To further im-
prove training stability, gradient clipping with a maximum norm of 1 is applied
during backpropagation. In addition, although the learned baseline already re-
duces variance by centering returns, advantage estimates are normalized to zero
mean and unit variance prior to policy updates. This normalization prevents
excessively large or small advantage values from dominating gradient steps, re-
sulting in more stable and faster convergence. Notice that the surrogate model
is only used during training. Inputs to the RL agent after training, are only the
node and edge features mentioned earlier.
Evaluation. In reinforcement learning, the primary performance metric is the
expected return, as this is the objective the agent is explicitly optimized to max-
imize. During training, we log both the episode return and the average policy
entropy. The episode return serves as a direct measure of the agent’s progress in
optimizing its objective, while policy entropy provides insight into the agent’s
exploration behavior. Monitoring these two metrics allows us to diagnose con-
vergence and assess whether the agent is effectively learning in the training
environment. However, in our setting, the return signal is not the ultimate met-
ric of interest. Our true objective is to determine whether the learned policy
produces decompositions that lead to faster solve times. To test whether the
agent genuinely learns beyond the heuristic reward, we introduce an additional
baseline that always selects the edge with the highest heuristic weight at each
step. This strategy is analogous to the clique graph merging heuristic described
in [1] and we refer to this approach as CGM.

3 Use Case and Computational Results
This section presents the use case and the data generation scheme, along with
computational results showcasing the performance of the surrogate modeling
approach, followed by an evaluation of the reinforcement learning method.

3.1 Data Generation

The optimal power flow (OPF) problem provides a natural benchmark for learning-
based decomposition strategies. OPF is a large-scale network optimization prob-
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lem whose semidefinite relaxation becomes computationally challenging as grid
size grows, making chordal and clique-based decompositions essential for scal-
ability. This also makes OPF well suited for decomposition learning: modest
changes in the induced chordal structure and clique merging decisions can lead
to noticeable differences in solver runtime and numerical behavior. The formu-
lation of the OPF is taken from [8].
OPF instances. All instances are taken from Power Grid Lib–Optimal Power
Flow (PGLib-OPF) v23.07 [3]. PGLib-OPF provides 65 test cases with multiple
operating-condition variants. We use only the base-case versions to reflect real-
istic operating conditions and to avoid artificially stressed scenarios that could
bias decomposition performance. To balance scale and tractability, we restrict
to networks in the range 1,000-6,000 buses, yielding 22 instances. Table 2 sum-
marizes the selected cases along with the size of the resulting conic formulation
under the baseline decomposition (AMD chordal extension, no merging).
Generating a library of decompositions. For each OPF instance, we gener-
ate a diverse set of chordal decompositions and record the corresponding solver
runtimes. The pipeline is inspired by [2] and introduces variability at three stages:
graph perturbation, chordal extension, and clique merging. We first create struc-
tural perturbations of the original network to alter the induced chordal structure.
Specifically, we consider (i) no perturbation, (ii) weak perturbation by adding
20 edges, and (iii) strong perturbation by adding 50 edges. Added edges con-
nect pairs of nodes at graph distance two, which primarily creates triangles
and changes the elimination dynamics. Each perturbed setting is repeated three
times, giving 7 graph variants per instance. Each variant is chordalized using
two elimination heuristics: minimum degree and approximate minimum degree.
Finally, we apply the clique merging heuristic of [8] using a single threshold
tol. Let Ck denote a clique in the clique tree with parent Cpa(k), and separator
ηk = Ck ∩ Cpa(k). A merge is performed if

(|Cpa(k)|−|ηk|)(|Ck|−|ηk|) ≤ tol or max
(

|Ck|−|ηk|, |Cpa(k)|−|ηpa(k)|
)

≤ tol.

The first condition controls fill-in created by merging, while the second prevents
merges that create large “exclusive” clique parts. Varying tol yields a continuum
of trade-offs between the number of cliques and clique sizes, which is useful for
learning. Overall, the pipeline generates 434 decompositions per instance, for a
total of 22 × 434 = 9,542 decompositions. Each decomposition is solved using
the implementation in [8], and the solve time is stored as the supervision signal.

To assess whether the features presented in Table 1 capture meaningful vari-
ation, we apply PCA separately within each OPF instance and examine the rela-
tionship between the first principal component (PC1) and normalized solve time.
In many cases, larger PC1 values correspond to lower runtimes (Fig. 1), suggest-
ing that PC1 captures a performance-relevant structural direction, though ex-
ceptions exist (e.g., case 2312). Across instances, PC1 loadings are qualitatively
consistent: features related to clique-graph connectivity (e.g., clique-graph edge
count and degree statistics), number of cliques, and separator load tend to con-
tribute positively, indicating that decomposition efficiency is driven by system-
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atic trade-offs between separator complexity, clique sizes, and induced sparsity
patterns.

Fig. 1: Projections of decomposition features onto bins of the PC1.

3.2 Surrogate and RL Results

The Random Forest regressor is implemented using the scikit-learn library4,
with all hyperparameters left at their default values. In particular, bootstrap
samples are used to build each tree, all features are considered at each node split
within the trees, and the squared error criterion is used for measuring the splits.
The resulting random forest surrogate shows a clear overall correlation between
predicted and observed solve times across hold-out OPF instances (see Fig. 2),
indicating its ability to capture meaningful performance trends across candidate
decompositions.

Regarding RL training, training is conducted on a single mid-sized instance
(case 3120). The surrogate model fsurr used in the environment reward is trained
exclusively on decompositions from the same instance. Among the evaluated sur-
rogates, a random forest regressor with 100 trees and no depth limit achieved
the best predictive performance and is therefore selected. The mean Spearman
correlation on the hold-out test sets is 0.875, and the mean Pearson correlation
on the hold-out test sets is 0.861. The standard error of these measures is small
(0.033), indicating low variability across instances. For comparison, the method
in [2] reported a Pearson correlation of 0.57 on their test set, highlighting the
stronger predictive performance achieved here. As mentioned in Section 2.2, the
RL agent uses two problem-specific node features corresponding to the average
active and reactive power of the buses within the clique. The agent is trained
for 500 episodes using the Adam optimizer. The policy learning rate is set to
2.2 × 10−2, while the value-function learning rate is set to 1 × 10−3, following
4 https://scikit-learn.org

https://scikit-learn.org
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Fig. 2: Surrogate test predictions vs actual solve times for the combined test set,
aggregated across all hold-out instances. Color indicates each instance.

standard practice for actorcritic-style training. All experiments are implemented
in PyTorch and executed on the DTU HPC cluster using Tesla A100 GPUs.
A fixed random seed is used to ensure reproducibility. The implementation is
publicly available [14]. After training the RL agent on instance 3120, we applied
the agent to all instances in our data set and reported the MOSEK [17] solve
time for the resulting decomposition. The results are shown in Table 2 (column
RL). The table compares the solve time (in seconds) to that obtained by other
decomposition methods. Bold numbers indicate the best performance for a par-
ticular instance (disregarding results in the Best column). The other methods
included are:

– CGM: Heuristic defined in Section 2.
– top-k: the average solve time over the predicted k best decompositions (using

the RF model) out of 434 decompositions generated for each instance.
– No Merge: Solve time using the chordal decomposition from AMD ordering

with no clique merging.
– Fixed Merge: Solve time from AMD ordering followed by merging using a

fixed threshold of 16, as recommended in [8].
– Best Merge: The best solve time achieved using AMD ordering and merging,

with the merge threshold, tol, selected from the candidate range (0 to 30).
– Best: The fastest solve time observed among all 434 decompositions for that

instance, regardless of edge-perturbation, ordering or merging strategy.

Of the methods listed, only RL, CGM, No Merge and Fixed Merge can be
applied to a new instance without excessive computation. Best merge requires
solving 31 decompositions, and Best requires generating and solving all 434
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decompositions. The top-1 results could also be seen as practically feasible; this
requires generating 434 decompositions and evaluating each one using the RF
model and selecting the best. The top-5 and top-10 results require solving 5 or
10 decompositions, and are therefore computationally impractical.

Table 2 shows that RL provides decompositions with the shortest solve time
overall (see "total" row), and it is also the method with the most "wins" (better
than the other methods in 12 out of 22 cases). Of the other practical methods,
CGM and top-1 do well, while the performance of Fixed Merge is disappointing
when compared to the alternatives. It is interesting to note that RL in 9 out of 22
cases finds a better decomposition than the best decomposition in the training
set, indicating that the method can generate decompositions that do not have
an equivalent in the training set. A post hoc bootstrap comparing RL to CGM
yields an estimated mean advantage of 9.5s with a 95% CI of [0.35, 21.08] and
a one-sided bootstrap p-value of 0.0308, supporting that RL is faster on average.

Table 2 only shows MOSEK runtime on the generated decomposition and not
how long it takes to generate the decomposition. It turns out that the running
time of the RL agent is low. It takes between 0.6 and 1.8 seconds to execute the
RL agent (longer time for larger instances). For comparison, it takes between
0.2 and 0.7 seconds to execute the CGM heuristic.

Table 2: OPF instance characteristics and solve times (in seconds) for different
decomposition strategies. Green row indicate training environment for RL.
Case Problem Size RL / Heuristic RF Selection Baselines Best

Scalar Cone Scalar Matrix RL CGM top-1 top-5 top-10 No Fixed Best
Const. Const. Vars. Vars. Merge Merge Merge

case1354 27,520 3576 18,458 1287 20 20 21 23 23 27 40 24 21
case1803 35,040 5590 26,874 1685 30 23 34 35 35 35 59 34 26
case1888 35,776 4820 24,440 1816 37 39 38 39 40 46 67 42 38
case1951 36,786 4942 25,364 1879 40 43 42 41 42 50 74 44 40
case2000 58,587 6676 32,354 1854 83 69 82 75 73 98 100 73 63
case2312 55,815 6068 29,800 2217 128 155 267 259 256 342 265 206 165
case2383 52,970 5792 28,980 2312 82 90 91 94 94 124 122 105 85
case2736 60,312 6538 32,232 2652 130 107 112 125 120 140 171 127 108
case2737 60,010 6538 32,068 2653 113 106 128 121 118 145 149 116 97
case2746 61,714 6614 32,768 2653 107 163 105 109 110 186 144 126 92
case2848 54,701 7124 36,536 2739 69 78 69 68 70 81 124 75 65
case2853 63,618 7842 40,350 2724 109 137 114 118 122 143 164 167 114
case2868 55,214 7178 37,002 2763 69 72 65 68 69 83 121 72 63
case2869 66,922 8368 42,046 2700 75 76 74 75 75 86 124 74 71
case3012 67,035 7144 35,886 2916 134 168 149 170 169 227 235 150 139
case3022 68,988 8380 40,872 2880 123 107 109 116 122 138 140 120 101
case3120 69,770 7386 36,700 3029 148 155 165 172 172 226 201 169 153
case3375 76,572 8300 41,626 3248 185 188 195 204 204 258 246 202 184
case6468 136,836 16,576 82,148 6153 381 405 405 384 388 506 582 422 336
case6470 137,980 16,856 84,088 6149 318 406 406 394 391 408 477 408 356
case6495 137,671 16,888 84,234 6171 354 358 461 433 428 445 550 427 366
case6515 137,991 16,926 84,438 6193 454 443 481 427 440 553 498 410 370

4 Conclusion

The random forest surrogate demonstrated useful rank-based predictive capabil-
ity across OPF instances, despite exhibiting high absolute prediction errors on
some cases. This behavior aligns with its intended role: guiding decomposition
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selection rather than predicting exact solve times. RF-based selection consis-
tently outperformed the no-merge and fixed-threshold baselines, confirming that
decomposition features capture informative signals. However, the RF did not re-
liably match the strongest heuristic baseline, CGM, nor consistently identify the
best decomposition within the candidate library. In practice, this suggests that
RF-based top-k selection is more robust than single-candidate selection, at the
cost of evaluating multiple decompositions. A key limitation of this approach is
its dependence on a pre-generated candidate pool, which constrains exploration
to the support of the dataset.

The reinforcement learning approach overcomes this limitation by learning
a sequential merging policy rather than selecting from a fixed library. Despite
relying on an imperfect surrogate signal, the learned policy generalized well to
unseen OPF instances and achieved lower total solve times than heuristic base-
lines, even after accounting for action-selection overhead. Importantly, the policy
did not simply imitate CGM decisions, indicating that it exploited additional
structural information beyond greedy edge selection.

Stable training was achieved when using a single mid-sized instance as the
training environment. While strong generalization suggests that the learned be-
havior is not instance-specific, extending training to multiple instances will likely
require further stabilization and tuning. A second limitation arises from re-
ward misalignment: the surrogate was trained on final decompositions from a
threshold-based heuristic, whereas the RL agent evaluates intermediate merge
actions drawn from a different distribution. This mismatch necessitated heuristic
reward shaping and restricts exploration. Promising directions include training
surrogates on intermediate states, incorporating cumulative rewards relative to
the initial decomposition, and integrating active learning to selectively query
exact solve times for uncertain states. Extending the framework to other sparse
SDP or conic relaxations would further clarify its generality beyond OPF.
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