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Abstract

Efficiently solving NP-hard network optimization problems often
relies on exploiting the underlying topological structure of the
graph. Structural parameters such as treewidth and the recently
introduced twin-width offer a pathway to tractable solutions via
parameterized algorithms. However, computing these parameters
and their associated decompositions is itself a computational bot-
tleneck. This paper explores whether machine learning (ML) can
augment the development of effective computational routines for
novel graph parameters across diverse graph classes. Focusing
first on twin-width, we show that classification models built from
simple graph features accurately predict twin-width, and that ML
can produce contraction sequences with widths comparable to
leading solvers. We then apply the same generic ML framework
to treewidth, proving its efficacy in producing optimal elimina-
tion orderings. These results highlight the potential of ML to
accelerate research in parameterized algorithms by reducing the
reliance on extensive manual engineering, thereby unlocking the
potential of structural parameters for practical, efficient network
optimization.
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1 Introduction

A pervasive challenge in network optimization is the combina-
torial explosion inherent to NP-hard problems, which renders
exact solvers intractable for large-scale instances. To circum-
vent this, Fixed-Parameter Tractable (FPT) algorithms exploit
structural graph measures, such as the classical treewidth and
the recently introduced twin-width, to confine combinatorial
explosions to a small parameter rather than the input size. This
approach theoretically renders NP-hard problems, including Max-
imum Independent Set and Minimum Dominating Set, tractable
on structured networks. For these theoretical advantages to ma-
terialize in practice, however, two prerequisites are essential:
efficient computation of the parameters and a systematic charac-
terization of their behavior across diverse network topologies.
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Traditionally, establishing these properties for new graph pa-
rameters has required years of intensive manual effort and algo-
rithmic engineering. A compelling recent example is twin-width:
developing effective solvers to compute this parameter, a pre-
requisite for running twin-width-based optimization routines,
demanded long-term, hands-on work, ultimately leading to major
progress in the PACE 2023 challenge (e.g., [5, 11, 14, 33, 34]).

Given the high cost of manual engineering, data-driven au-
tomation offers an attractive alternative. However, most of the
existing work on using machine learning to engineer algorithms
for NP-hard combinatorial optimization problems has focused on
subset problems, where the optimal solution is defined as a subset
of nodes or edges that satisfy certain constraints (e.g., VERTEX
CoveR [31], Faciuity LocaTioN [41], VEHICLE ROUTING [26, 30]
and MaxiMmuM CLIQUE [32]). These learning approaches focus on
pruning the search space by leveraging features derived from al-
gorithmic insights to identify elements that are either unlikely or
likely to be in the optimal solution. We note that these techniques
are not directly applicable to learning contraction sequences for
twin-width computation, as this problem cannot be described
as a subset problem, but is instead an order-based optimization
problem. Thus, there is a need for a novel machine-learning ap-
proach to discover heuristics for and glean insight on order-based
optimization problems, which is exactly what we contribute in
this paper.

In this paper, we explore a fundamental question: Can ma-
chine learning (ML) techniques automate the development of
computational heuristics to estimate novel parameters across
diverse problem instances? We answer this affirmatively. We
demonstrate that both twin-width and treewidth can be effec-
tively estimated using interpretable classification models based
on simple topological features. This suggests that ML can provide
a rapid, automated pathway to gauge the tractability of networks
without solely relying on complex, hand-tuned heuristics.

Furthermore, solving a network optimization problem via FPT
algorithms requires more than just a parameter estimate; it re-
quires a structural certificate — a contraction sequence for twin-
width or an elimination ordering for treewidth - to guide the
Dynamic Programming process. This leads to our next critical
question: Can we learn to efficiently generate these decomposi-
tion certificates while still producing estimates comparable to
those from carefully engineered, state-of-the-art solvers? We pro-
pose a generic learning framework that generates certificates
for both twin-width and treewidth. Our approach outperforms
a standard greedy baseline and yields results only slightly infe-
rior to GUTHM [33], the highly specialized PACE 2023 winning
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technique, while utilizing minimal domain knowledge of the two
parameters.

To construct complete contraction sequences, we iteratively
expand partial sequences managed in a priority queue, with
priorities guided by learned twin-width estimates. Efficiently
navigating the vast search space necessitates further algorithm
engineering: we limit the number of contractions at each step and
bias the queue toward near-complete sequences. Both techniques
focus the solver on more promising sequences and complement
accurate predictions.

A persistent barrier to employing parameters like twin-width
in practical optimization is the opacity of their structural under-
pinnings. For many graph classes, we lack closed-form expres-
sions or general reduction rules, making it difficult to predict al-
gorithm performance. This raises our third critical question: Can
ML provide interpretability regarding how these parameters are
influenced by specific network characteristics? We demonstrate
that it can. By analyzing feature importance within our classi-
fication models, we uncover key topological predictors across
different graph classes. For instance, in Erd6s—Rényi random
graphs G(n, p), we identify edge count and density as the pri-
mary predictors of twin-width, a finding that empirically aligns
with known closed-form expectations [1, 2]. Similar insights
emerge from feature selection on other graph classes, establish-
ing that ML can illuminate the structural properties of emerging
parameters even when theoretical domain knowledge is limited.

The success of this data-driven framework suggests a par-
adigm shift in the development of parameterized algorithms.
Rather than dedicating years to the manual engineering of com-
putational routines for new graph parameters, researchers can
leverage learning techniques to rapidly prototype robust solvers.
This approach effectively augments the algorithm design pipeline,
significantly reducing the cost and effort required to understand
how novel parameters behave across diverse problem instances.
By providing a method to generate high-quality decomposition
certificates comparable to state-of-the-art solvers, our framework
facilitates the immediate practical application of theoretical pa-
rameters in network optimization tasks.

We generate a substantial dataset [35] comprising 115,307
graphs from various distributions along with 295,238 contraction
sequences of minimum twin-width, requiring over 15k core hours
using state-of-the-art solvers. We make this dataset available for
its independent utility to the broader research community work-
ing on graph parameters, algorithm engineering and network
optimization. [35]

Outline. Section 2 reviews preliminaries on twin-width and
treewidth, and Section 3 surveys related work on these parame-
ters and ML for combinatorial optimization problems on graphs.
Section 4 details the generation of labeled datasets for train-
ing our models. Sections 5 and 6 present our twin-width solver
methodology and experimental results, while Section 7 briefly
covers the ML-guided treewidth solver. Section 8 concludes with
a discussion of the framework’s strengths and limitations.

2 Preliminaries

Twin-width and treewidth are fundamental graph parameters
that quantify the structural complexity of graphs.

Twin-width measures how “close” a graph is to a cograph,
a graph that can be reduced to a single vertex by iteratively
merging node pairs with identical closed neighborhoods (twins).
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A contraction sequence of a simple graph is a sequence of
simple graphs obtained by repeatedly merging two nodes into a
single node. Initially, all edges are considered black. During each
contraction of a pair of nodes u and v, edges are colored red if
they do not belong to the intersection of their neighborhoods
N(u) N N(v). Note that edges colored red at some point remain
red. The contraction process is applied iteratively until a single
node remains. The number of incident red (black) edges of a node
are called its red degree (black degree). The width of a contraction
sequence is the maximum red degree any node has in any of the
intermediate graphs. The twin-width of a graph G is the minimum
k such that G admits a contraction sequence of width k.

Treewidth. A tree decomposition of a graph G = (V,E) is a
pair (T, B) where T = (W, F) is a tree and B is a mapping W —
{V’ |V’ C V} with the following properties: (i) U,,e1 G[B(w)] =
G, and (ii) for each node v € V, the nodes w with v € B(w) induce
a subtree in T. For each node w € W, B(w) is called the bag of w.
The width of a tree decomposition is the size of the largest bag
plus one. The treewidth of a graph G is the smallest k such that a
tree decomposition of G with width k exists.

An alternative certificate for the treewidth is a so-called elim-
ination order, which is a sequence of the nodes of a graph. To
eliminate a node u, the neighborhood N (u) is made into a clique
and u is removed from the graph. This process is repeated until
no node remains. The width of an elimination order is defined
as the size of the largest clique plus one encountered in any in-
termediate graph during elimination. These two definitions are
equivalent, and a tree decomposition of the same width can be
constructed in polynomial time from an elimination order, and
vice-versa. Thus, treewidth can be considered an order-based
optimization problem.

3 Related Work

Twin-width. The parameter twin-width is of interest as all prob-
lems that can be formulated in First Order (FO) logic can be solved
in FPT time parameterized by the twin-width [21]. Distinguish-
ing between graphs of twin-width 4 and 5 is NP-complete [9].
For further theoretical results, see [13, 15-21]. Graphs of twin-
width 0 and 1 are recognizable in linear time [3]. It remains
open whether graphs of twin-width 2 or 3 can be detected in
polynomial time. Notably, sparse graphs of twin-width 2 possess
bounded treewidth [10], underscoring the connections between
twin-width and treewidth.

We are aware of only a single practical solver for twin-width
outside of PACE 2023 [7], a SAT-based formulation [39] limited
to very small graphs. In contrast to many NP-complete problems,
no practical reduction rules are known, except for trivial merging
of twins and fringe cases that effectively exploit small separa-
tors [34]. Recent exact solvers use branch-and-bound [33, 34], and
prior solvers used SAT formulations [39]. Heuristically, greedily
merging two nodes resulting in the minimum red degree is suc-
cessful, as witnessed in the PACE 2023 winner [33].

Treewidth is motivated by the fact that Monadic Second Order
(MSO) problems can be solved in FPT time when parameterized by
the treewidth [25]. Deciding whether a graph has treewidth k is
FPT [12]. State-of-the-art solvers combine dynamic programming
(DP) ideas [4] with potential-maximal-clique techniques [22], and
utilize sophisticated preprocessing, including reduction rules [42]
and special node separators [40]. Greedy algorithms iteratively
building elimination orders are fast and commonly used for initial
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upper bounds or quick filtering; common choices are min-degree
and minimum fill-in (least number of edges).

ML for Combinatorial Optimization on Graphs. ML for
hard graph problems is well studied (e.g., surveys [8, 28, 38, 43]).
As noted earlier, most of these are subset problems. For ordering
problems, some work exists using mixed-integer linear program-
ming branch-and-bound solvers (e.g., [6, 44]), but these methods
are not directly applicable to learning contraction sequences or
elimination orderings. Techniques like imitation learning assume
the existence of strong greedy rules to imitate, which is unlikely
for novel parameters and measures.

4 Labeled Data Generation

Training supervised models requires large, diverse datasets, but
obtaining labels via exact solvers is costly. We computed optimal
twin-widths for all graphs using the top two exact solvers [33, 34]
from PACE 2023 [7]. A key strength of our ML approach is that
it requires minimal domain knowledge: the exact solvers only
provide the labels and no additional insight. SAT solvers could
generate the same labels, but at far greater computational cost.
We generated and labeled a set of 3911 random hyperbolic graphs
(also denoted RHG), with 2.5 < y < 3 and 35 < n < 45, resulting
in twin-widths of at most 4. This class is of limited utility as
instances with twin-width of at most 1 can be recognized in
linear time [3]. Preliminary experiments were also run on Erd6s-
Rényi graphs with 30 < n < 50, and p € {0.05,0.1,...,0.45}
yielding twin-widths ranging from 3 to 11. This graph class has a
closed-form [1] bound: With high probability and for every ¢ > 0
and1/n < p:=p(n) <1/2

twin-width(G(n, p)) > 2p(1 — p)n — (2V2 + &)\/p(1 - p)nlnn.

We sampled 1699 of the resultant graphs to ensure diversity of
twin-widths over the number of edges. This approach aims to
discourage models from relying purely on edge counts to classify
graphs. We also generated a dataset of Erdés-Rényi graphs with
8 < n < 48 and p = 1/2. This value of p yields the highest
expected twin width value [1], making it of particular interest in
our solver evaluation: With high probability, the twin-width of
G(n,1/2) is

n V3n Inn to ( m)

twin-width(G(n, 1/2)) = 3"

2

We also considered another synthetic graph class, referred to as
“perturbed rook graphs”. These graphs are nxm grids where each
node connects to all others in its row and column. To introduce
variety, we randomly add edges with probability a between nodes
not in the same row or column, and delete edges with probability
b between nodes in the same row or column. This yields high
twin-width graphs, which are otherwise difficult to generate. In
fact, we are not aware of any other techniques to consistently
generate graphs of high twin-width (outside of the Erdés-Rényi
approach above, with p = 0.5). We used all n,m € [5,9] and
a,b € 0.1,0.2, producing twin-widths from 6 to 17. We also in-
clude 8000 real-world planar graphs with n < 100, whose twin-
widths lie in the range 0 — 5. Such data is useful, so as to keep in
scope possibilities for real-world applications of twin-width. We
provide the dataset [35] and our code implementations!. Since
the data is computationally expensive to produce and we are
unaware of any established source of solved high twin-width
graphs, we believe it is useful for practitioners.

1 https://, github.com/ryan-o-c/Learning_Framework_Twin_Width
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5 Learning Twin-Width

Here we outline our two-pronged methodology which utilizes
machine learning for twin-width computation. Each approach
addresses a distinct challenge: We first train supervised classifi-
cation models using simple graph-theoretic features to predict
twin-width across graph classes. Performant classifiers provide
insight into how different features relate to twin-width. Feature
selection identifies the most discriminative features, which is cru-
cial for successful ML applications. Next, we leverage the trained
twin-width classification models to generate a contraction se-
quence. Navigating the vast solution space is challenging, but
our ML classifiers facilitate efficient search, producing sequences
comparable in width to state-of-the-art solvers.

Before describing the above methodologies, we first discuss the
common thread between these approaches: feature generation.

5.1 Feature Generation for Twin Width

Supervised models are underpinned by features which provide
useful information and context to the model. For new parameters,
we often lack knowledge of which features correlate with the
parameter. We therefore use standard graph-theoretic features,
along with some features that simply follow from the definition of
the parameter. The full set of features considered for twin-width
computation include (i) the total number of nodes and edges, (ii)
graph red and black edge density, (iii) graph diameter, (iv) average
clustering coefficient, (v) node connectivity, (vi) average shortest
path length, (vii) average co-occurrence, (viii) average Jaccard
coefficient, (ix) average degree centrality, (x) GL2Vec graph em-
beddings, (xi) maximum red degree, (xii) the total number of
red edges, (xiii) average red degree (of nodes with nonzero red
degree), (xiv) proportion of nodes with a nonzero red degree,
(xv) a binary feature to indicate if the graph is a tree, and (xvi) a
binary feature to indicate if the graph is bipartite.

For the classifiers in Section 5.2, features involving red edges
are excluded since initial models are trained on input graphs
without red edges. Red-edge features are included later in the
twin-width solver (Section 5.3). We use standard graph metrics
and include a feature set from the GL2Vec [24] graph neural
network, which aggregates graphlet substructures into a fixed-
length embedding. We use a 32-dimensional vector, as longer
embeddings yield diminishing returns according to feature selec-
tion results.

5.2 Predicting Twin-Width

We frame these experiments as a supervised learning task, train-
ing separate models for each graph class to examine how feature
correlations with twin-width vary across classes. For each graph
class, graph-level features are extracted from labeled datasets, and
results are reported on hold-out test sets. Features serve as input
to Random Forests [23] and feedforward neural networks (later
denoted MLP) [27], chosen for their availability and strong perfor-
mance. Hyperparameters are tuned via grid search, with feature
selection applied per model using Mutual Information [37] and
scikit-learn’s SequentialFeatureSelector [36]. Additionally, we
tested a popular end-to-end GNN classifier based on graph convo-
lutional networks [29] (GCN), but it compared poorly to models
using hand-crafted features. Common GNN embeddings were
still somewhat useful as an additive feature.

We also explored modeling this task as a regression problem.
While regression minimized the "mean-squared error" loss func-
tion, it performed poorly in terms of accuracy due to rounding
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errors, normalization issues, and slower training, so we focus on
classification models instead.

5.3 Learning Approach for Generating
Contraction Sequences

We generate contraction sequences using our twin-width pre-
dictor models by exploring a search tree of partial sequences,
tracking the maximum red degree throughout each sequence.
We start with sequences of length 0, corresponding to the origi-
nal graph of size n; a complete solution is a sequence of length
n — 1, corresponding to a single-node graph. Partial sequences
are stored in a priority queue, each linked to its partially con-
tracted graph and historical maximum red degree. Of note: a
single partially contracted graph can be linked to multiple par-
tial contraction sequences, each potentially having a different
historical maximum red degree.

When a partial contraction sequence is popped from the queue,
the solver considers several candidate node pairs for contraction.
Each candidate contraction produces a new partial sequence—its
“child”—one pair longer, which has a corresponding partially
contracted graph one node smaller. The ML model evaluates this
graph’s feature vector to assign a priority, which is then used to
insert the child sequence back into the queue.

Priorities are defined as Oprior = 0-e (depth)¢, where 0 is
the predicted twin-width, depth the sequence length, and €, ¢
tuneable to favor solution quality or speed/early bounding.

This model uses all features, including red-edge ones, making
it suitable for partially contracted graphs, unlike the prior model
trained only on original graphs. It also expands the training data:
each labeled graph yields n points corresponding to all partially
contracted graphs along its optimal sequence. This generic order-
based approach could be applied to other graph measures.

Optimizations. The following optimizations reduce running
time by over 95% in many cases, allowing us to process instances
up to four times larger.

e Branching-factor reduction via Jaccard filtering: Pre-select a
subset of node pairs based on Jaccard coefficient.

o Solver restarts with pruning: After finding a sequence of width
k, restart and prune any states with current red degree > k to
shrink the search space.

o Feature sampling: Approximate expensive features (e.g., diam-
eter, clustering, densities) via random node samples or incre-
mental computation from the prior partial contraction step.

e Exclude embedding: We drop GL2Vec features due to high cost;
red-degree features help offset the loss in inference.

6 Experimental Results

Our evaluation consists of two parts. In Section 6.1 we assess
direct prediction of twin-width without certificates. This serves as
a stepping stone to the fully-fledged heuristic solver in Section 6.3,
which relies on accurate classifiers to efficiently navigate the
search space.

6.1 Evaluating Twin-Width Classifiers

We present our evaluation of classification models here. Regres-
sion experiments yielded similarly positive results, but since
twin-widths are integers, we view the evaluation metrics for
classification to be more relevant/interesting. In this direct pre-
diction setting, extensive feature calculation enables the training
of relatively complex models. Table 1 summarizes the strong

132

O’Connor et al.

Table 1: Overall performance for twin-width predictions.

RF MLP GNN
Dataset / Graph Class | Acc.  F1 Acc. F1 | Acc. F1
Perturbed Rook 0.869 0.851 | 0.871 0.856 | 0.514 0.442
Random Hyperbolic | 0.761 0.736 | 0.727 0.704 | 0.724 0.516
Planar 0.907 0.777 | 0.887 0.678 | 0.822 0.180
G(n,p) 0.858 0.747 | 0.813 0.775 | 0.745 0.552
G(n,p =0.5) 0.821 0.715 | 0.825 0.717 | 0.259 0.166

Table 2: Confusion Matrix for G(n, p) and Random Forests

True Predicted TW

™ 3 4 5 6 7 8 9 10 11
3 6 5 0 0 0 0 0 0 0
4 1 84 1 0 0 0 0 0 0
5 0 1 39 2 0 0 0 0 0
6 0 0 1 11 1 0 0 0 0
7 0 0 0 2 21 4 0 0 0
8 0 0 0 0 2 48 5 0 0
9 0 0 0 0 0 13 39 2 0
10 0 0 0 0 0 0 2 14 0
1 0 0 0 0 0 0 3 0

performance of the trained classifiers across all datasets from
Section 4, though the end-to-end GNN approach performs no-
ticeably worse. Such models are popular in the literature for
graph-based applications, but their inference is not easily ex-
plained. This also limits their utility in our setting, where we are
interested in how features relate to the parameter of interest, in
pursuit of a deeper understanding of the problem.

To gain a more fine-grained understanding of the classifier’s
performance on the most difficult-to-classify datasets, we provide
a confusion matrix for Erdés—Rényi random graphs in Table 2.
For all graph classes, there is a strong concentration along the
diagonal. In fact, across all datasets, the classifier accurately
predicts the twin-width, or deviates by at most one.

There is substantial overlap between features selected for the
initial twin-width classifiers and their sampled counterparts used
during solving. While evaluation metrics decline somewhat in
the sampled case, these classifiers preserve solver performance
and, due to large runtime gains, improve overall efficiency.

6.2 Feature Importance for Trained Classifiers

Studying feature importance is valuable both for solver efficiency
and problem insight. Feature selection allows us to eliminate low-
importance features and their runtime cost, reducing overhead
during solving. Conversely, high-importance features potentially
reveal connections between well-understood graph features and
twin-width, which may lead to structural insights and further
exploitation by hand-crafted algorithms. Different graph classes
have different associated closed-form expected values or bounds
for twin-width due to their underlying characteristics. As such,
we train separate classifiers for each graph class to investigate
these properties. Resultant feature importance scores vary across
datasets, though graph size (nodes or edges) appears consistently.
We outline the most pertinent results below.

We observe that for Erd6s—Rényi random graphs, the number
of edges is the most important feature, and together with the
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Table 3: Comparison on G(n,p), Planar and RHG Graphs

G(n,p) Planar RHG
Solver - - -
Opt | Time [s] | Opt | Time [s] | Opt | Time [s]
Greedy 1.65 300 1.72 300 1.78 300
ML 1.20 13.72 1.33 75.65 1.095 43.41
GUTHM | 1.04 10 1.04 10 1.004 10

Table 4: Perturbed Rook Graphs and G(n,p=0.5)

Perturbed
Solver Rook Graphs Gln,p=0.5)
Opt | Time [s] | Opt | Time [s]
Greedy 1.27 300 1.24 300
ML 1.13 65.81 1.058 108.1
GUTHM | 1.05 10.0 1.06 10

correlated features of graph density and average degree central-
ity, it dominates the mutual information feature importance for
this graph class. This is in line with the tight bounds obtained on
twin-width for random graphs [1, 2]. The fact that our classifiers
recover these known relationships provides strong evidence of
their ability to identify structural correlates of twin-width. Re-
sults on perturbed rook graphs provide further evidence of this,
where number of nodes, density, and average degree centrality
correspond directly to the parameters defining the graphs and
their resulting twin-widths.

6.3 Evaluating the Contraction Sequences

We now integrate our previous experimental insights into a
learning-based heuristic that computes contraction sequences
of small twin-width. Evaluation is conducted across all datasets
from Section 4, comparing against a simple greedy solver and
GUTHM, the winning heuristic from the PACE Challenge [33].
The greedy solver, implemented in Rust, merges the node pair
with minimum red degree at each step. A randomized node order
is generated for each greedy solver call to break ties, and this
process is repeated until timeout. All solvers are given a 5-minute
time limit, reporting their best solution within this window. This
is the same as the evaluation framework for the PACE challenge
heuristic track. GUTHM is designed to run until timeout, so its
average solve time always matches the provided limit. While it
often converges well before the full 300 seconds, it does not ex-
pose intermediate solution times. We experimented with shorter
timeouts and could run solves for as short as 10 seconds with-
out a significant drop in optimality ratio. This illustrates how
quickly it converges to best-in-class solution quality. Tables 3
and 4 summarizes our findings.

The relative solver performance is consistent across datasets.
While the PACE heuristic generally achieves the best optimality
ratios, the performance gap between it and the ML solver narrows
on graph classes with higher twin-widths. Notably, the ML solver
yields slightly better optimality ratios on G(n, p = 0.5) graphs.
Conversely, despite the computational efficiency associated with
its Rust implementation, the greedy solver never surpasses the
ML solver in solution quality. However, regarding runtime, the
ML solver is less competitive; the greedy approach can identify
solutions comparable to its 300s benchmark in under one sec-
ond. These results are to be expected, given that GUTHM was
extensively optimized for both speed and quality in a competitive
setting: it selects specialized solvers based on input character-
istics, uses extensive look-ahead routines to score contractions,
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Table 5: Treewidth Solver Results

Dataset Full Sampled
Opt Ratio | Time [s] | Opt Ratio | Time [s]
MinDegree 1.031 0.0002 1.031 0.0002
MinDegree-ML 1.031 30.6 1.033 7.04
MinFill 1.038 0.0004 1.038 0.0004
MinFill-ML 1.017 30.1 1.017 6.9
ML-select 1.354 22.2 1.315 5.2

and employs advanced data structures and sampling techniques
in the low-level language Zig. In contrast, our framework is
generic, relying only on standard ML techniques and minimal
domain knowledge. While slower, this design offers the flexibility
to target various graph parameters beyond just twin-width.

7 Learning-Augmented Treewidth

To exhibit this flexibility, we extend our framework to treewidth,
another ordering-based optimization problem. Using the same
feature sets as for twin-width (excluding red-edge features), classi-
fiers trained on perturbed k-tree data achieve strong performance,
paralleling our twin-width results.

Beyond prediction, we also evaluate treewidth solvers guided
by these classifiers. A pure ML method, ML Select, chooses con-
tractions solely from classifier output, while two ML-augmented
heuristics query the ML Select classifier to break ties in the Min-
Degree and MinFill heuristics. We compare these to the standard
heuristics. Results for the treewidth solvers are displayed in Ta-
ble 5, for solvers which use the sampled and full feature calcula-
tion (as in the twin-width setting) models respectively. ML-select
is slow and produces relatively poor solutions. The ML-extension
for MinDegree does not consistently improve optimality, but ap-
plying it to MinFill yields marked improvement, at the cost of
increased runtime.

8 Discussion

We present a generic, learning-augmented framework for esti-
mating the structural parameters that govern the complexity
of network optimization problems. The first component of our
approach —rapid parameter estimation— serves as a crucial filter
for algorithm selection, allowing solvers to assess the tractability
of specific network instances before committing computational
resources. The second component —leveraging these estimates
to generate certificates— bridges the gap between theoretical
parameterized complexity and practical solver implementation.

This generation of certificates is particularly impactful for
order-based parameters such as twin-width, treewidth, clique-
width, and boxicity, where the certificate (e.g., a contraction
sequence) effectively acts as the “blueprint” for dynamic pro-
gramming. For parameters defined by subset-based certificates
(e.g., vertex cover), techniques such as learning-to-prune [41],
are highly effective.

To the best of our knowledge, this work represents the first suc-
cessful application of machine learning to estimate fundamental,
computationally challenging graph parameters like twin-width
and treewidth. By automating the discovery of these structural
decompositions, we remove a primary bottleneck in deploying
structure-aware algorithms for large-scale networks. We foresee
significant potential in integrating advanced ML paradigms, such
as tree-search-based Reinforcement Learning, to further refine
the quality of these decompositions. Such methods, combined



INOC °26, 22-24 April 2026, Liége (Belgium)

with learned evaluation functions, could produce certificates that
minimize the downstream runtime of optimization solvers.

Finally, we provide our labeled datasets, representing a sub-
stantial CPU investment, as a foundational resource for the com-
munity. These benchmarks are essential for training the next
generation of data-driven heuristics. Notably, the inclusion of the
perturbed rook-graph family introduces a novel, high twin-width
benchmark.
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