Learning Unified Graph and Language
Representations for SMT Algorithm Selection

Zhengyang Lu &

University of Waterloo, Canada

Paul Sarnighausen-Cahn &
University of Gottingen and CIDAS, Gottingen, Germany

Jiahao Chen &2
Georgia Institute of Technology, Atlanta, GA, USA

Arie Gurfinkel &

University of Waterloo, Canada

Florin Manea &
University of Gottingen and CIDAS, Goéttingen, Germany

Vijay Ganesh =
Georgia Institute of Technology, Atlanta, GA, USA

—— Abstract

Algorithm selection is important in satisfiability and constraint solving, since no single solver
performs best across all instances. Traditional learning-based approaches represent problem instances
using expert-designed features to predict solver performance, while recent work explores graph
representations derived from ASTs. However, most existing approaches overlook high-level contextual
information, such as the application domain or the benchmark origin. In practice, such cues often
help practitioners choose an appropriate solver.

We present SMT-SELECT, a multimodal framework for SMT algorithm selection. It learns
graph representations from formula ASTs and textual representations from natural-language context
descriptions. These representations are then combined to guide solver selection. Evaluated across
nine SMT logics, SMT-SELECT consistently outperforms existing selectors and SMT-COMP winning
solvers. Across all evaluated logics, it closes at least 30% of the performance gap between the
competition winner and the virtual best solver (VBS), and nearly matches the VBS in two logics.
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Multimodal Learning for SMT Algorithm Selection

1 Introduction

Satisfiability Modulo Theories (SMT) solvers decide the satisfiability of first-order logic
formulas [12], and they serve as core engines for various tools in software engineering [10, 9],
formal verification [38, 17], and planning [6, 11]. Due to the inherent difficulty and diversity
of SMT applications, no single algorithm performs best across all SMT instances; instead,
different solvers exhibit complementary strengths across different problem families and
application fields. This motivates algorithm selection [40], which seeks to exploit solver
complementarity by selecting the most suitable solver for each problem instance. Machine-
learning (ML)-based methods have emerged as an effective data-driven approach for this
problem: SATzILLA [59] pioneered ML-based algorithm selection in the SAT domain, and
MACHSMT [46] extended the idea to SMT solving.

As in many ML applications, the effectiveness of algorithm selection critically depends
on how problem instances are represented. Many algorithm selectors rely on handcrafted,
domain-specific features intended to capture instance properties that affect solver performance.
In the SMT domain, MACHSMT defined a set of syntactic features, primarily based on counts
of theory symbols, to characterize problem instances. Subsequent systems [37, 33, 34, 26]
adopted similar features to guide solver or heuristic selection.

Beyond handcrafted features, there has been a growing interest in leveraging ML advances
to automate feature design. Given the inherent abstract syntax tree (AST) structure of SMT
formulas, graph-based representations provide a natural foundation for such approaches.
Hila et al. [20] were the first to explore the use of graph neural networks (GNNs), specifically
Graph Convolutional Networks (GCNs) [23], for SMT algorithm selection. Subsequently,
SIBYL [29] used a more advanced GNN architecture, Graph Attention Networks (GATs) [53],
and evaluated the approach across a broader range of SMT application scenarios.

More recently, rapid advances in transformer-based models for text representation have
opened up promising opportunities for learning expressive features directly from textual
inputs [52]. In this direction, Pellegrino et al. [36] proposed a transformer-based approach
to feature learning for algorithm selection in combinatorial optimization. Their method
employs a BERT encoder [14] to embed optimization problems expressed in the ESSENCE [15]
language into fixed-dimensional representations for algorithm selection tasks.

Inspired by this line of work, we investigate whether semantic natural-language descriptions
can enhance SMT algorithm selection. Existing approaches such as MACHSMT and SIBYL
primarily rely on syntactic representations of formulas. However, practitioners often consider
not only the syntactic structure of a formula but also high-level semantic context when
choosing solvers. For example, they may take into account the application domain, such
as software verification or cryptographic analysis, and draw on prior experience regarding
which solvers are designed for such applications or particularly effective for such tasks. This
motivates us to explore whether incorporating contextual descriptions alongside structural
features can provide complementary signals and improve selection performance.

To this end, we present SMT-SELECT, a multimodal learning-based framework for SMT
algorithm selection that integrates structural and semantic representations of SMT formulas.
In SMT-SELECT, the formula AST is encoded by a GNN to obtain a structural representation.
We additionally incorporate high-level natural-language descriptions, such as those provided
in SMT-LIB headers, which capture information about the formula’s semantics, application
domain, or source, and are typically available to solver users. These descriptions are embedded
using a transformer-based encoder. The resulting graph and text representations are then
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combined to guide solver selection. Furthermore, SMT-SELECT provides multiple variants
with different representation and learning choices, enabling systematic trade-offs across data
availability and computational resources.

Our Contributions

Our main contributions are as follows:

SMT-Select, the first multimodal framework for SMT algorithm selection. We
present SMT-SELECT, a neural architecture that learns SMT instance representations from
both the AST structure and natural-language descriptions. The combined representation
enables effective solver selection and achieves state-of-the-art performance across diverse
SMT logics.

A systematic study of representation and architecture choices. We investigate
different feature representations and algorithm selection architectures, leading to multiple
SMT-SELECT variants tailored to different data-availability and computational-resource
scenarios. These variants range from lightweight syntactic-feature-based models to full
multimodal graph-and-text approaches, all built on an effective cost-sensitive pairwise
selection mechanism.

Thorough empirical evaluation on SMT-COMP benchmarks. We evaluate SMT-
SELECT on SMT-COMP benchmarks across nine logics where complementary solvers
exist. All SMT-SELECT variants consistently outperform existing selectors SIBYL and
MACHSMT, as well as competition-winning solvers. Notably, even the lightweight variant
based only on simple syntactic features achieves strong performance, benefiting from
the cost-sensitive pairwise selection framework. Building on this foundation, the full
multimodal SMT-SELECT that combines graph and text representations achieves the best
performance overall and substantially narrows the gap to the virtual best solver (VBS).

2 Preliminaries

2.1 SMT and Algorithm Selection

Satisfiability Modulo Theories (SMT) solvers determine the satisfiability of first-order logic
formulas under background theories [25]. SMT-LIB [2] is an international initiative that
supports the development and evaluation of SMT solvers by providing a standardized input
language and maintaining a large, curated benchmark library. Many SMT-LIB benchmarks
also include natural-language descriptions in their headers, which typically summarize the
problem origin, application domain, or encoding method. Although these descriptions are
not part of the formal logical constraints, they provide contextual information associated
with each benchmark instance.

SMT-COMP [3] is an annual competition in which state-of-the-art SMT solvers compete
on SMT-LIB benchmarks. For each logic, a winner solver is determined based on the
number of benchmarks solved within the specified time limit. However, it is often observed
that the winner solver is outperformed by other solvers on certain problem families. This
complementarity motivates the problem of algorithm selection, which aims to predict the
best solver for each instance.

We briefly introduce the standard formulation of machine learning (ML)-based algorithm
selection [24, 22]. Let A be a portfolio of off-the-shelf SMT solvers. For an SMT instance x
and a solver o € A, we write uy(x) as the performance of @ on = (e.g., runtime). We
assume a distribution D over SMT instances that reflects the target domain of interest, such
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as instances generated by a symbolic execution engine in software analysis. The goal of
algorithm selection is to construct a selector f that maps a given instance x to a solver
f(z) € A'so as to maximize the expected performance Eyp [t () ()]

Two common reference baselines are the virtual best solver (VBS) and the single best
solver (SBS). The VBS is an idealized oracle that always selects the best solver for each
instance, representing an upper bound on the achievable performance of algorithm selection.
In contrast, the SBS is one single solver in A that performs best on average.

In the ML setting, a training instance set S is sampled from D, and the performance of
each solver on each training instance is collected. Based on this training dataset, a learning
algorithm trains a selector f that predicts the most suitable solver for a given instance from
its feature representation. The learned selector is evaluated on a separate test set T drawn
independently from D.

Two common learning approaches for the algorithm selection problem are:

Empirical hardness model (EHM) [59] is a regression-based algorithm selection method.

During training, EHM learns a regression model for each solver to predict its performance

on problem instances. At inference time, the solver with the predicted best performance

is selected.

Pairwise classification (PWC) [58] reduces the multiclass problem to a set of binary

classification tasks. During training, a classifier is constructed for each pair of solvers in

A to predict which solver performs better on a given instance. At inference time, each

classifier casts a vote for the preferred solver in its pair, and the solver receiving the most

votes is selected.

2.2 Graph Neural Networks

Graph Neural Networks (GNNs) are a class of neural architectures designed for learning
graph representations. They broadly follow a recursive neighborhood aggregation (or message
passing) scheme, where each node aggregates feature vectors of its neighbors to compute its
new feature vectors. Let G = (V, E) be a graph where V represents the set of nodes and E
represents the set of edges, with initial node features X, for each v € V. At each layer k,

the representation hg,k) of node v is updated as:

h(®) = COMBINE(*) (hg’H), AGGREGATE®) ({hg’H) cueN (v)})) ,

where N (v) denotes the neighborhood of v, hT(,O) = X,, AGGREGATE™ is a permutation-
invariant function, and COMBINE™ is a learnable transformation. After k iterations,
each node representation hf,k)
hop neighborhood. The representation of the entire graph hg can be obtained through
pooling [60], for example, by summing the representation vectors of all nodes in the graph.

Different GNN variants, such as GraphSAGE [18], Graph Convolutional Networks
(GCN) [23], and Graph Attention Networks (GAT) [53], vary in their neighborhood ag-
gregation and graph-level pooling mechanisms. The expressive power of a GNN for graph
representation depends largely on those choices. Xu et al. [57] propose a theoretical frame-
work for analyzing GNNs’ representation power, characterizing it in terms of their ability to
distinguish non-isomorphic graphs. They show that the discriminative capability of a GNN
is upper-bounded by the Weisfeiler-Lehman (WL) graph isomorphism test [54], and that
commonly used architectures such as GraphSAGE and GCN are strictly less powerful than
this bound.

captures the structural information within the node v’s k-
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Motivated by this theoretical analysis, they introduce the Graph Isomorphism Network
(GIN), a GNN architecture designed to match the discriminative power of the WL test, i.e.,
achieving maximal discriminative power within the class of message-passing GNNs. GIN
adopts sum aggregation together with a multilayer perceptron (MLP) as the update function.
The node representation at layer k is updated as

h(? = MLP® | (14 M)+ 3~ hiE=Y |,
ueN (v)

k)

where €(¥) is either a learnable parameter or a fixed scalar.

2.3 Transformer-based Text Representation

Transformer-based language models [52] have become the dominant architecture for learning
contextual representations from text. They are built upon self-attention mechanisms that
enable each token to attend to all other tokens in a sequence, allowing the model to capture
long-range dependencies and contextual relationships.

Given an input text sequence of tokens 7 = (w1, wa,...,w,), a transformer encoder
produces contextualized token embeddings z1,...,2z,, where z; € R%". For downstream
tasks, a pooling operation is applied to obtain a sentence-level embedding h, € R97, for
example by averaging token embeddings or using a special classification token.

Pretrained transformer models, such as BERT [14] and its variants, are trained on large-
scale corpora to learn semantic representations of text. Through this pretraining process, the
embedding space is shaped so that semantically similar texts are mapped to nearby vectors,
while semantically different texts tend to be farther apart. This geometric property makes
transformer embeddings effective for classification, clustering, and retrieval tasks. These
pretrained models can either be used directly as feature extractors or further fine-tuned to a
downstream task, where model parameters are updated using task-specific data.

3 SMT-Select: Multimodal Learning-Based Algorithm Selection

3.1 System Overview

SMT-SELECT is a unified multimodal algorithm selection framework that integrates graph
and language representations to select a suitable solver for a given SMT instance. Given an
input SMT formula together with its natural language description, the framework encodes
both inputs into vector representations, fuses them into a joint embedding, and applies a
selection layer to determine the solver. An overview of the framework is shown in Figure 1.

The architecture consists of three components: a graph encoder, a language encoder, and
a multimodal solver selection layer. The graph encoder extracts a structural representation
from the SMT formula, while the language encoder produces a semantic representation from
the textual description. These representations are jointly processed by the selection layer to
produce the final solver decision.

3.2 Graph Encoder
3.2.1 Graph Construction

We represent each SMT formula as a directed acyclic graph (DAG) G = (V, E) following the
AST representation used in Z3 [13]. Nodes v € V correspond to subexpressions, including
function applications, quantifiers, variables, and constants, while directed edges (u,v) € E
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Figure 1 Overview of the SMT-SELECT architecture.

connect each parent expression to its child subterms. Each top-level assertion in the SMT
formula is treated as a root node, so a formula with multiple assertions is represented as a
DAG with multiple roots.

Each node v is assigned a type t(v) according to its syntactic role. Binding constructs,
including forall, exists, and lambda, are labeled by their specific kind. Built-in operator
applications are labeled by their operator name. We additionally distinguish uninterpreted
function applications, constants, free variables, and bound variables.

3.2.2 Graph Neural Encoding

We encode the formula graph G using a three-layer Graph Isomorphism Network (GIN) with
hidden dimension dg. Each node v is initialized with a learnable embedding hq(jo) € Rdc
based on its type t(v). Let h{” denote the representation of node v at layer ¢. At each layer,
node representations are updated through neighborhood aggregation followed by a two-layer
MLP with ReLU activation.

Algorithm selection is a graph-level prediction task that requires expressive whole-graph
embeddings capable of distinguishing structurally different formulas. We adopt GIN due
to its maximal discriminative power and simple architecture. These properties allow the
GIN encoder to efficiently capture hierarchical and compositional relationships among
subexpressions that influence solver performance.

After the final layer, node representations are aggregated using a global mean pooling to
obtain a graph embedding hg € R% | which serves as the structural representation of the
SMT instance and is passed to the multimodal solver selection module.

3.3 Description Encoder

For each SMT instance, we assume that an associated natural-language description 7 is
available, for example from SMT-LIB headers. The description provides high-level contextual
information, such as the encoded problem, application domain, or problem origin. In practice,
such information is often known to users.
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By default, description-based features are obtained by encoding this text using the
pretrained all-mpnet-base-v2 model [49, 39]. It is a lightweight sentence embedding model
with approximately 0.1B parameters and is widely used for generating high-quality text
embeddings in classification tasks. In our study, we also compared it with larger alternative
models and experimented with fine-tuning all-mpnet-base-v2. However, these variants yielded
only marginal performance differences. We therefore mainly use the pretrained all-mpnet-
base-v2 for generating description embeddings.

Let dr denote the dimensionality of the text embedding space (dr = 768 for all-mpnet-
base-v2). Given a description text 7, the encoder produces a vector hy € R47 | which serves
as a semantic contextual representation of the instance.

3.4 Multimodal Solver Selection Layer

The multimodal solver selection layer takes as input the graph representation hg and the
description representation hy, and produces a solver prediction « € A for the given SMT
instance. The layer consists of two stages: multimodal fusion and pairwise solver selection.

3.4.1 Multimodal Fusion

Since hp typically has much higher dimensionality than hg, direct concatenation may intro-
duce a dimensional imbalance that biases the fusion layer toward the higher-dimensional hp.
We therefore apply a learnable projection that maps hp € R to hp € R aligning it
with hg.

The projected embedding hy is then concatenated with he and passed through a layer
normalization step followed by a bottleneck fusion layer. This operation models cross-modal
interactions and produces a compact joint representation h¥ € R4, which is subsequently
fed into the pairwise classification heads. In our implementation, we set dp = dg.

3.4.2 Pairwise Solver Selection

Let A = {aq,...,akx} denote the set of candidate solvers. We adopt the pairwise classification
(PWC) scheme and construct a binary classifier f; ;(-) for each unordered solver pair (a;, a;)
with ¢ < j, resulting in a total of K (K — 1)/2 classifiers.

Each classifier takes the fused representation h’ as input and produces a logit by =
fij (h*"), where fi,; is implemented as a two-layer MLP. This logit is converted into a binary
decision indicating which solver in the pair is predicted to perform better. The final solver
prediction is obtained by aggregating the pairwise decisions via majority voting and selecting
the solver that receives the most votes.

3.5 Training Strategy
We adopt a two-stage training procedure with a cost-sensitive pairwise objective as follows:
Stage 1: graph-only pretraining. We first train the graph encoder together with pairwise

classification heads using only structural information from the formula. For each unordered
solver pair (a;, @;) and instance x € D, we define the binary training label

69 = 1 ifre,(x) < 7a;(z),
* 0 otherwise,
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where 7 () denotes the PAR-2 runtime! of solver a on instance x. To reflect the importance
of performance differences, each training example is assigned a weight

wg(ci,j) — |7"ai (l’) — Tay ((E)| :

The pairwise classifier f; ;(x) is then trained by minimizing the weighted binary cross-entropy
(BCE) loss

big =Y wi? -BCE(fi;(x),yi").
zeD

Stage 2: multimodal training. In the second stage, we train the multimodal fusion module
and its pairwise heads while keeping the pretrained graph encoder fixed. The same cost-
sensitive pairwise objective is used.

This two-stage design allows the graph encoder to learn stable graph-level representations
before introducing semantic information. Freezing the pretrained graph encoder during
multimodal training also reduces computational cost. We additionally experimented with
fine-tuning the graph encoder during the multimodal stage. However, this did not yield
noticeable performance improvements while increasing training cost. We therefore adopt the
frozen-graph-encoder design.

An important design choice is the cost-sensitive training of each pairwise classifier.
Training samples are weighted according to the PAR-2 performance difference between the
two solvers. For example, misclassifying a solver that solves an instance while another times
out results in a substantial performance loss and thus incurs a high penalty. In contrast, if
both solvers solve the instance and their runtimes differ only by a negligible margin, confusing
them has little impact. This weighting scheme encourages the model to prioritize distinctions
that most affect overall performance. As shown in our experiments, this cost-sensitive PWC
scheme contributes significantly to the strong performance of SMT-SELECT.

3.6 SMT-Select Variants

We introduce several variants of the proposed framework.

SMT-Select-Graph-+Text denotes the full multimodal model described above, which
integrates graph representations with natural-language description embeddings and is trained
using the two-stage procedure.

SMT-Select-Graph refers to the GNN-only variant, trained using only Stage 1 (graph-
only pretraining) without incorporating description information.

SMT-Select-Lite is a lightweight variant, which relies on simple syntactic features
instead of graph representation. The feature vector has 215 dimensions and is consistent with
the meta-information provided in the SMT-LIB catalog [45, 44]. Specifically, it includes counts
of 9 SMT-LIB commands, such as assertions, function declarations, constant declarations,
and sort declarations; counts of 204 predefined theory symbols, such as bvadd, mod, and
str.substr; as well as the maximum term depth and file size. We refer the reader to
the SMT-LIB catalog for the complete feature specification. SMT-SELECT-LITE uses the
same cost-sensitive PWC algorithm selection pipeline, but replaces the MLP models with
lightweight SVM classifiers.

1 PAR-2 is a penalized runtime metric that assigns each solved benchmark its actual runtime and each
unsolved benchmark twice the timeout.
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Table 1 Meta-information for the selected SMT-COMP 2024 logics: benchmark count, number
of competition solvers, SBS and VBS solved counts, description rate, and average file size.

Logic Benchmarks  Solvers SBS solved VBS solved Desc.% Avg. file size (KB)
ABV 2487 3 837 (cveb) 971 100.0 4.1

ALIA 1537 3 298 (iProver v3.9) 390 100.0 5.0

BV 1040 5 952 (cveb) 1002 98.6 303.2

QF_ BV 10703 [§ 10489 (Bitwuzla) 10560 81.5 1528.4
QF_IDL 1208 5 1047 (Z3-alpha) 1101 79.1 1637.6
QF_LIA 4825 5 4514 (OpenSMT) 4726 92.9 861.4
QF_NRA 3104 5 2813 (Z3-alpha) 2933 98.7 670.9
QF_SLIA 23722 4 23276 (Z3-Noodler) 23700 83.5 35.1
UFNIA 6279 3 3688 (cvceh) 3759 99.6 75.5

SMT-Select-Lite+Text is an extension of SMT-SELECT-LITE by additionally incor-
porating description embeddings. In this variant, the syntactic feature vector is concatenated
with the text embedding to form a joint representation, and the same cost-sensitive pairwise
SVM framework is applied to this combined feature vector.

SMT-Select-Text is a variant that relies solely on description features. It adopts the
same cost-sensitive pairwise SVM framework.

Due to their training and computational efficiency, SMT-SELECT-LITE and SMT-
SELECT-LITE+TEXT serve as fallback selectors for SMT-SELECT-GRAPH and SMT-SELECT-
GRAPH+TEXT, respectively, when graph construction fails within the specified timeout.

4 Experimental Setup

We evaluate SMT-SELECT through a rigorous and comprehensive experimental study. Beyond
performance gains, we also examine practical factors such as training and inference overhead.

4.1 Benchmark, Solver, and Performance

Our experiments use the open SMT benchmarks from SMT-LIB and retrieve solver per-
formance data from the accompanying metadata catalog [45]. We conduct experiments on 9
selected logics from the single-query track of SMT-COMP 2024. These logics are selected
based on the following criteria:

1. VBS must solve at least 50 more benchmarks than the competition win-
ner (SBS). This ensures sufficient headroom for algorithm selection to demonstrate
measurable improvements.

2. Natural-language description coverage in SMT-LIB must be at least 75%, as
our method relies on textual descriptions as part of the feature representation.

The selected logics and their meta-information are listed in Table 1. For each logic, we
partition the competition benchmarks into 75% for training and 25% for testing. Based on
the training dataset, we train the algorithm selector to choose among the competition solvers.
The competition runs were executed on the VerifierCloud cluster operated by SoSy-Lab at
LMU Munich, with a wall-clock timeout of 20 minutes per benchmark-solver pair. Further
details about the competition setup can be found on the official SMT-COMP website [8].
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4.2 SMT-Select Implementation
4.2.1 Feature Extraction

Syntactic features and formula ASTs. We use KLAMMERHAMMER [43] to extract the
syntactic features used by SMT-SELECT-LITE, and the AST parser of Z3-4.15.0 [13] to
construct formula DAGs for the GNN models. We impose a 5-second feature extraction
timeout. Syntactic features extraction is efficient, with only three QF__BYV instances and one
QF_NRA instance exceeding this timeout; in such cases, SMT-SELECT-LITE falls back to
the training-set SBS solver. Graph construction for SMT-SELECT-GRAPH is substantially
more expensive due to AST parsing, node labeling, and format conversion. When graph
construction fails within the time limit, SMT-SELECT-GRAPH fall back to SMT-SELECT-
LITE. Detailed graph-construction failure statistics are reported in Table 10 in the Appendix.

Natural language descriptions. For natural language descriptions, we concatenate the
category, application, and description fields defined in the SMT-LIB catalog, extracted
by KLAMMERHAMMER from benchmark headers. In our dataset, the category field takes one
of three values: “industrial”, “crafted”, and “random”. The application field includes entries
such as “Software verification”, “Symbolic Execution of Python Programs”, or “Rewrite rule
verification”. The description field often contains richer information about the benchmark
and its source, for example: “The instance is generated by a runtime predictive analysis
system called RVPredict. This problem was added to SMT-LIB by Bohan Li.” Note that not
all fields are present for every benchmark. For benchmarks without descriptions, we assign
a simple placeholder. For example, for QF__IDL instances from the asp family that lack
textual descriptions, we use: “This is a QF _IDL instance from the asp family.”

We also observe that descriptions in ABV and ALIA exhibit very limited variability. All
benchmarks in ABV and the vast majority of those in ALIA are generated using Ultimate
Automizer [19] to encode software verification tasks from SV-COMP [4, 5]. Their SMT-LIB
descriptions are nearly identical and only indicate this origin. To address this, we enrich these
descriptions with information from the corresponding SV-COMP benchmark, including a
brief summary of the program and, when available, the property being checked; for example,
“The original SV-COMP benchmark checks unreachability and memory cleanup in a circular
doubly linked list program.”

Description embeddings. Descriptions are encoded into vector representations using pre-
trained sentence embedding models. For our main results, we use all-mpnet-base-v2, a widely
used sentence embedding model introduced in 2021 that remains a strong baseline for text
representation. It supports a maximum input length of 384 tokens; longer descriptions are
truncated (see Appendix Section A.1 for truncation statistics).

We additionally compare against the recent embedding model, Qwen3-Embedding-0.6B [61]
in an ablation study on description encoders. Compared to all-mpnet-base-v2, Qwen3-
Embedding-0.6B has roughly six times more parameters, a 32K-token context window, and a
1024-dimensional embedding space.

We further explore whether task-specific fine-tuning improves performance. Specifically,
we fine-tune all-mpnet-base-v2 using the SetFit framework [50] on the algorithm selection task,
where each description in the training set is labeled with the best solver for the corresponding
instance. SetFit trains the encoder through supervised contrastive learning under a multiclass
classification objective. The fine-tuned model is then used to generate description embeddings
in the same way as the pretrained model.
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4.2.2 ML Model Training

SVM. SMT-SELECT-LITE, SMT-SELECT-TEXT, and SMT-SELECT-LITE+TEXT use
SVMs as their pairwise classifiers. For each unordered solver pair, we train a binary SVM
with an RBF kernel. Input features are standardized prior to training.

GNN. For graph-based variants, we instantiate the graph encoder described in Section 3.2.2
with hidden dimension dg = 64 and dropout rate 0.1. In Stage 1 (Section 3.5), this GIN
backbone and the pairwise classification heads are trained jointly. For each unordered
solver pair, we use a two-layer MLP, ReLLU activation, and dropout rate 0.1 as the binary
classification head. Models are trained using Adam with a learning rate 10~3 and batch size
64 for up to 200 epochs. Early stopping is applied based on validation loss.

Multimodal layer. In Stage 2, we freeze the pretrained GIN backbone and train only the
multimodal fusion module together with its pairwise classification heads. The description
encoder remains fixed and provides precomputed description embeddings. We use the same
cost-sensitive pairwise objective as in Stage 1 and optimize models using Adam with the
same learning rate and batch size for 200 epochs.

For graph-based models, when the training set of a logic contains more than 3000 instances
(namely QF_BV, QF_LIA, QF_SLIA, and UFNIA), we exclude instances that are solved
by all solvers within 24 seconds. This filtering reduces training time on large datasets and
removes instances that are unlikely to be informative for distinguishing solver performance.

4.3 Baselines

We evaluate the SMT-SELECT variants against the following baselines, using the recommen-
ded default training procedures and hyperparameter settings for each method.

MachSMT. MAcHSMT [47] is an ML-based SMT algorithm selection framework that
relies on 189 handcrafted syntactic features, which are similar to the feature set used in
SMT-SELECT-LITE. Its primary approach is the Empirical Hardness Model (EHM), where
an AdaBoost regressor is trained to predict the PAR-2 runtime for each solver. It also
supports a PWC variant, which we include in our evaluation. We evaluate MACHSMT at
the latest commit eb24a61.

Sibyl. SIBYL [29] adopts a pairwise margin ranking training objective. For each solver «,
it learns a GAT-based scoring function g, (x) for instance x, where higher scores indicate
better predicted performance. The scoring models are trained using a margin ranking loss.
For each instance z, solvers are ranked according to their PAR-2 runtimes r,(z). For any
solver pair (v, a;) with rq, (i) < 74, (z) and an instance x € D, the loss is defined as

l;,j(x) = max (07 mc(ﬁi’j) - (gai (Z) = 9oy (x)))v
where the margin mgf’j ) reflects the rank difference between o; and «; on instance x. The
overall objective sums this loss over all solver pairs and training instances. We evaluate
SIBYL at the latest commit 133d33f.

SIBYL uses PYSMT [16] to construct formula ASTs, but the current implementation
does not support certain operators appearing in UFNTA and QF__SLIA benchmarks. We
therefore exclude these two logics from the SIBYL evaluation. Additional experimental details
are provided in Appendix Section A.5.
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Since our objective is to study SMT feature representations in the setting of offline supervised
algorithm selection, where a single solver is selected before solving, we do not include
approaches that focus on online learning, such as MEDLEYSOLVER [37], or solver scheduling,
such as SMTGAZER [35], both of which rely on the same feature set as MACHSMT.

4.4 Computational Environment

All experiments were conducted on a server equipped with dual AMD EPYC 7763 processors
(128 cores, 256 threads in total) and 1 TB RAM. GNN and multimodal model training, as
well as all-mpnet-base-v2 fine-tuning, were performed on an NVIDIA GeForce RTX 3090
GPU with 24 GB memory.

The system runs Ubuntu 22.04 with Linux kernel 6.8.0. Our tools and experiments were
implemented in Python 3.11. GNN models were built using PyTorch 2.10.0 with CUDA 12.8
and PyTorch Geometric 2.7.0. Language embedding models were used through Sentence
Transformers 5.2.2. SVM classifiers were implemented using scikit-learn 1.8.0.

4.5 Evaluation Measures

We evaluate algorithm selectors on the held-out test set. For each test benchmark, the
selector chooses a solver, and its performance is retrieved from the competition dataset. We
additionally account for the selector’s overhead, including both feature extraction and model
inference time, when computing the final performance.

We evaluate performance using two metrics: the average PAR-2 score and the number
of test benchmarks solved within the timeout. We also report results as the fraction of the
SBS—-VBS performance gap closed by the selector. Since the VBS represents an upper bound
on achievable performance and the competition winner (SBS) provides a practical baseline,
this metric quantifies how much of the potential improvement over the winner is realized
by the selector. A value of 100% indicates performance equivalent to VBS, while negative
values indicate performance worse than the competition winner solver.

Througout the experiments, we observe non-trivial variability across different train-test
splits. To account for this, we generate five independent random train—test splits using
different random seeds and report the average performance across these splits.

5 Experimental Results

Table 2 and Table 3 summarize the experimental results in terms of PAR-2 score and number
of solved instances, respectively. The PAR-2 results in Table 2 are reported as the proportion
of the SBS-VBS gap closed by the algorithm selector.

5.1 Effectiveness of the Cost-sensitive PWC Mechanism

A key observation is that all SMT-SELECT variants consistently outperform existing algorithm
selectors and competition winners. This improvement is largely attributed to the cost-sensitive
PWC mechanism adopted by all SMT-SELECT variants.

Despite relying on similar syntactic features and a simpler ML model, SMT-SELECT-LITE
substantially outperforms MACHSMT. A likely reason is the difference in the underlying
selection framework: MACHSMT uses EHM by default, whereas SMT-SELECT-LITE adopts
cost-sensitive PWC training. Although MACHSMT also provides a PWC variant, it does not
incorporate cost-sensitive weighting. We additionally evaluated MACHSMT-PWC in Table 9
of the Appendix, where it performs worse than MACHSMT-EHM.
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Table 2 Experimental results on the held-out test set, measured by the PAR-2 SBS—-VBS gap
closed (%). Results are averaged over five random train—test splits.

Without Description With Description

- T-Select
MachSMT Sibyl SMT-Select SMT-Selec

Lite Graph Text Lite+Text Graph+Text

ABV 7.83 17.97 71.45 76.56 62.83 67.15 79.44
ALIA 27.73 33.34 55.30 55.07 43.68 56.42 67.65
BV 17.11 12.00 38.22 42.43 32.31 49.20 53.82
QF_BV 7.35 -29.45 35.40 47.68 55.63 55.64 57.52
QF _IDL 6.06 -30.47 64.53 69.66 44.92 71.69 81.82
QF LIA 84.70 76.66 89.01 92.56 91.95 91.19 91.65
QF_NRA 17.25 -3.50 44.61 50.61 44.94 50.72 55.17
QF_SLIA 76.96 — 90.70 92.82 87.34 93.50 93.50
UFNIA -129.22 — 14.79 24.48 -3.95 23.95 31.84

Table 3 Difference in instances solved vs. competition winner (SBS) on the held-out test set.
Results are averaged over five random train—test splits.

Ref. Without Description With Description

T-Select SMT-Select
VBS MachSMT  Sibyl SMT-Selec Selec

Lite Graph Text Lite+Text  Graph+Text

ABV +34.8 +2.2 +6.4 +25.0 +26.6 +22.0 +23.2 +27.6
ALIA +20.6 +4.4 +7.4 +10.4 +11.4 +9.2 +11.0 +13.8
BV +13.6 +0.8 -0.6 +5.2 +5.0 +3.4 +6.4 +6.8
QF_ BV +15.8 +0.2 +2.2 +5.6 +7.6 +9.8 +9.4 +9.2
QF_IDL +14.6 +1.0 -2.2 +10.8 +11.4 +7.4 +11.6 +12.8
QF _LIA +52.4 +41.6 +38.0 +47.2 +48.0 448.2 +47.2 +47.0
QF _NRA 4326 +6.6 -0.2 +15.6 +17.8 +16.0 +18.0 +18.2
QF_SLIA 41124 +87.6 — +102.8 +106.0 +106.4 +107.2 +106.0
UFNIA +16.4 -22.8 — +1.8 +4.4 -0.6 +4.4 +5.8

Similarly, SMT-SELECT-GRAPH outperforms the GNN-based selector SIBYL. While both
methods employ pairwise training, SIBYL uses solver ranking differences as training margins
for solver utility functions, whereas our approach uses PAR-2 runtime differences to weight
the training of pairwise classifiers.

5.2 SMT-Select-Lite versus SMT-Select-Graph

In terms of both PAR-2 and number of instances solved, SMT-SELECT-GRAPH outperforms
SMT-SELECT-LITE in eight of the nine evaluated logics, with a negligible difference in the
remaining one. Nevertheless, SMT-SELECT-LITE remains competitive, closing a non-trivial
portion of the SBS-VBS gap across all logics and achieving performance close to SMT-
SELECT-GRAPH in most cases. Given that SMT-SELECT-LITE requires substantially less
training time (see Table 5) and significantly fewer computational resources, including GPU
and RAM, it serves as a strong, lightweight alternative for practical SMT algorithm selection.
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Table 4 Performance comparison of SMT-SELECT (Graph) under different natural-language
description modes, measured by PAR-2 SBS-VBS gap closed (%) on the test set (mean over five
random train—test splits).

Without Description  Family-only Description  Full Description

ABV 76.56 77.52 79.44
ALIA 55.07 62.15 67.65
BV 42.43 49.55 53.82
QF_ BV 47.68 49.83 57.52
QF_IDL 69.66 80.42 81.82
QF_LIA 92.56 90.79 91.65
QF_NRA 50.61 52.81 55.17
QF_SLIA 92.82 93.26 93.50
UFNIA 24.48 26.60 31.84

Table 5 Average training time (minutes) for SMT-Select variants.

Lite Text  Lite+Text Graph Graph+Text

ABV <01 <01 <0.1 0.2 0.3
ALIA <01 <01 <0.1 <0.1 0.3
BV <01 <01 <0.1 1.1 1.6
QF_BV 1.6 0.3 1.9 312.7 321.0
QF_IDL 0.2 <0.1 0.2 65.1 65.6
QF _LIA 0.4 <0.1 0.4 156.4 158.8
QF_NRA <01 <0.1 <0.1 38.1 39.3
QF_SLIA 0.4 0.8 1.5 14.4 17.8
UFNIA <01 <01 <0.1 12.3 12.8

5.3 Role of Description Features

We first observe that SMT-SELECT-TEXT, which relies purely on description features, already
serves as a reasonably strong selector, even outperforming SMT-SELECT-GRAPH on the
QF_BV logic. However, its effectiveness strongly depends on the quality and diversity of the
descriptions. For example, in UFNIA, many benchmarks share nearly identical descriptions,
limiting the usefulness of textual information alone.

Encouragingly, incorporating description features consistently benefits both SMT-SELECT-
LITE and SMT-SELECT-GRAPH, reducing PAR-2 runtime in eight of the nine evaluated
logics for both variants. Overall, the full multimodal version SMT-SELECT-GRAPH+TEXT,
which integrates graph and description features, achieves the best PAR-2 performance in
eight of the nine logics among all variants.

To further examine how textual descriptions contribute to performance, we conduct an
ablation study comparing SMT-SELECT using descriptions containing only the benchmark
family information (e.g., “This is a QF _IDL instance from the asp family.”) against using
the full SMT-LIB descriptions. As shown in Table 4, incorporating the full descriptions
consistently outperforms the family-information-only setting, suggesting that finer-grained
semantic information provides additional benefits for algorithm selection.
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5.4 Description Encoder Choice and Fine-tuning

The ablation study results for different description encoders are shown in Table 8 in the
Appendix. We observe no clear pattern indicating that either the larger encoder Qwen3-
Embedding-0.6B or the fine-tuned all-mpnet-base-v2 (methods described in Section 4.2.1)
provides consistent performance gains. Arguably, this is because the selector performance
depends primarily on the downstream pairwise training stage, which can learn robust decision
boundaries given sufficiently informative embeddings. Thus, stronger embedding models do
not necessarily yield noticeable performance gains.

5.5 Training Cost and Inference Overhead

Table 5 reports the training times of different SMT-SELECT variants. Training lightweight
SVM-based models is inexpensive. In contrast, training SMT-SELECT-GRAPH is substantially
more costly, especially for logics containing many large benchmarks. For example, training
on QF_BV and QF__LIA takes an average of 5.2 and 2.6 hours, respectively. Since SMT-
SELECT-GRAPH4TEXT reuses the pretrained GNN to generate graph embeddings, training
the additional fusion MLP introduces only a small overhead beyond GNN pretraining.

For selection overhead, which includes feature extraction and model inference time, the
SVM-based selectors incur little cost, less than 0.1 seconds on average. For graph-based
variants, the overhead remains modest with the graph construction time capped at 5 seconds.
While QF__IDL has the largest average overhead of 1.7 seconds, all other logics remain below
1 second. Note that the selection overhead is accounted for in our performance evaluation.

5.6 Performance Variability

We observe non-trivial variability across the five train—test splits, as shown by the variability
statistics in Table 6 and Table 7 in the Appendix. However, this variability appears to stem
primarily from the intrinsic difficulty differences across splits, rather than from changes in
the relative competitiveness of the algorithm selectors.

6 Related Work

SATZILLA [59] is an early work applying ML-based algorithm selection to SAT solvers. It
introduced a set of handcrafted features designed to capture SAT instance hardness, including
statistics such as the clause-to-variable ratio, and probing features obtained from short runs
of solvers. Similarly, expert-designed features have been used for algorithm selection in
the constraint programming context, in systems such as CPHYDRA [7], SUNNY [1], and
Ulrich-Oltean et al. [51].

MACHSMT [46] applied algorithm selection to SMT solvers. It constructed a large feature
set for SMT formulas, mainly consisting of counts of theory symbols. This feature set has
also been adopted by the online selector MEDLEYSOLVER [37] and scheduler SMTGAZER [35].
Other work, such as SMTQUERY [26], developed handcrafted theory-specific features.

In the exploration of automated feature extraction, Hula et al. [20] first applied GNNs
to SMT algorithm selection. Specifically, they followed the EHM approach and trained one
independent GCN model per solver to predict runtime. In subsequent work, SIBYL [29]
employed a shared GAT backbone for graph encoding and attached solver-specific scoring
heads trained with a pairwise margin ranking objective. Our GNN variant follows a similar
shared-backbone design, enabling the model to learn a unified representation of SMT formulas
while reducing redundant computation across solvers. However, our approach differs from

41:15

CP 2026



41:16

Multimodal Learning for SMT Algorithm Selection

SIBYL in several key aspects, including the selection architecture (pairwise classifiers vs.
solver-specific scoring functions), training objective (runtime differences as weights vs. rank
differences as margins), and GNN architecture (GIN vs. GAT). Graph learning methods have
also been applied in algorithm selection for SAT [62] and verification [41, 31, 42, 28].

AS-LLM [56] introduced a large language model-enhanced method for algorithm selection.
However, its focus is on learning representations for algorithms instead of problem instances.
Pellegrino et al. [36] proposed a transformer-based approach to learn instance features for
algorithm selection, training a BERT-style encoder with a context window of 2048 tokens.
While this window size suits their optimization problems expressed in the high-level modeling
language ESSENCE, raw SMT instances are typically much longer. For example, QF BV
benchmarks in SMT-COMP 2024 have an average file size of approximately 1.5MB, which
far exceeds the typical context window of standard text embedding models. Instead of
directly encoding raw SMT formulas, we leverage natural-language contextual descriptions,
and combine them with formula graph representations.

Taken together, prior work shows a clear progression from expert-designed features
toward automated representation learning for algorithm selection. While recent work has
increasingly focused on graph-based methods and has begun to explore language-model-based
techniques, we are the first to integrate structural graph representations with natural-language
descriptions within a unified neural framework for SMT algorithm selection.

7 Conclusion, Limitations, and Future Work

We present SMT-SELECT, a multimodal SMT algorithm selection framework that combines
graph representations of SMT formulas with their natural-language descriptions. Using
a GNN as the graph encoder together with description features derived from pretrained
language models, SM'T-SELECT demonstrates consistent state-of-the-art performance across
diverse SMT logics. We also introduce lightweight variants that require substantially lower
training cost and computational resources while remaining competitive in performance.
Our experimental results demonstrate that a cost-sensitive PWC formulation provides a
strong and effective selection mechanism, and that incorporating contextual natural-language
descriptions consistently improves performance beyond structural formula features alone.

One limitation of our framework is that the pairwise training cost may increase substan-
tially as the number of candidate solvers grows. Future work could explore reducing this cost
through techniques such as dyadic feature representations [48] or training on frugal subsets
of instances [27]. Moreover, our work focuses on the setting where a selector chooses and
commits to a single solver for a given instance based on offline training data. Alternative
strategies, such as solver scheduling [20, 35], online adaptation [37, 30], or parallel portfolio
execution [21, 55], fall outside the scope of this work, though the proposed representation
and learning framework may be extendable to these settings. More broadly, the framework
could potentially generalize to objectives beyond solver runtime optimization and to domains
outside SMT, such as Constraint Answer Set Programming (CASP).
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A Additional Experimental Results and Details

A.1 Truncation Statistics of the all-mpnet-base-v2 Encoder

The all-mpnet-base-v2 model supports a maximum input length of 384 tokens; longer de-
scriptions are be truncated. In five of the nine evaluated logics, none or fewer than 1% of
descriptions exceed this limit. Truncation occurs more frequently in ABV (83.43%), ALIA

(68.18%), BV (11.35%), and QF_NRA (13.76%).

For ABV, ALIA, and BV, fewer than 10 tokens are removed on average among the
truncated benchmarks. In QF__NRA, truncated benchmarks lose an average of 102.6 tokens,
mostly consisting of citation information.

A.2 Result Variability

Table 6 and Table 7 report the mean and standard deviation of the test-set PAR-2 scores
and the number of solved instances, respectively, for all SMT-SELECT variants over five
train—test splits.

Table 6 Test set PAR-2 (seconds) by SMT-Select variants. Mean + std over five random
train—test splits.

Lite Text Lite+Text Graph Graph+Text
ABV 1488.83 £+ 34.94 1500.67 + 31.25 1495.93 £ 32.98 1482.26 + 29.39 1478.44 + 26.22
ALIA 1875.39 4+ 31.96  1890.27 + 22.06 1873.77 £ 26.38 1875.64 + 32.09 1859.08 + 32.04
BV 189.35 £ 25.65 200.73 + 30.27 175.24 + 27.00 188.65 + 62.19 172.25 + 48.24
QF_BV 54.37 + 5.56 50.84 + 4.83 50.84 + 4.66 52.22 + 5.12 50.51 + 4.86
QF_IDL 301.51 £+ 15.53 323.71 + 18.44 295.14 4+ 14.39 298.32 £+ 15.73 286.71 + 19.99
QF_LIA 72.68 + 12.34 68.17 £+ 9.96 69.36 £+ 9.57 67.20 + 12.62 68.83 £+ 12.39
QF_NRA 194.02 + 13.10 193.51 £+ 17.92 187.93 + 19.15 187.83 £ 17.45 183.64 £+ 17.50
QF_SLIA 8.10 £+ 0.88 9.61 £ 0.96 6.84 + 0.44 7.16 £ 1.31 6.84 + 0.87
UFNIA 1020.63 £+ 28.92  1026.68 + 25.65 1018.36 4+ 27.82 1018.35 + 28.00 1016.73 + 26.47

Table 7 Test set number of instances solved by SMT-Select variants. Mean + std over five
random train—test splits.

Lite Text Lite+Text Graph Graph+Text
ABV 236.8 £ 9.1 233.8 £ 8.1 235.0 £ 8.6 2384 £ 7.7 239.4 + 6.9
ALIA 86.4 £+ 5.3 85.2 £ 3.5 87.0 £ 4.5 87.4 £ 5.8 89.8 + 5.4
BV 241.8 £ 3.2 240.0 £+ 3.3 243.0 £+ 3.1 241.6 £ 6.8 243.4 + 5.2
QF_BV 2628.8 + 5.3 2633.0 £+ 4.9 2632.6 + 4.8 2630.8 + 4.9 2632.4 + 4.9
QF_IDL 2694 £ 1.6 266.0 £ 2.1 270.2 +£ 1.6 270.0 £ 14 271.4 + 2.5
QF_LIA 1178.2 £ 5.8 1179.2 + 4.5 1178.2 £ 4.6 1179.0 £ 5.9 1178.0 £ 5.7
QF_NRA 718.8 £ 4.3 719.2 £ 5.8 721.2 £ 6.3 721.0 £ 5.4 721.4 + 5.8
QF_SLIA 5916.2 + 2.6 5919.8 + 2.0 5920.6 + 1.0 5919.4 + 3.5 5919.4 + 2.3
UFNIA 924.8 £ 19.5 922.4 £ 175 927.4 £ 18.5 927.4 £+ 18.5 928.8 + 17.5
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A.3 Description Encoder Choice and Fine-tuning

Table 8 Performance comparison of different description encoders within SMT-Select-Text,
SMT-Select-Lite+Text, and SMT-Select-Graph+Text, measured by the PAR-2 SBS-VBS gap closed
(%) on the held-out test set. Results are averaged over five random train—test splits, and the
best-performing encoder for each variant is shown in bold.

SMT-Select-Text SMT-Select-Lite+Text SMT-Select-Graph+Text

mpnet Qwen3 finetune mpnet Qwen3 finetune mpnet Qwen3 finetune

ABV 62.83 62.45 63.26 67.15 65.20 70.99 79.44 77.76 79.50
ALIA 43.68  44.50 37.59 56.42 59.69 51.93 67.65 66.17 60.78
BV 32.31 34.65 36.14 49.20 53.44 52.25 53.82 55.00 57.01

QF BV 55.63 54.62 58.65 55.64 56.23 57.73 57.52 57.07 56.06
QF _IDL 44.92  48.18 46.86 71.69 70.67 74.43 81.82 81.64 78.32
QF _LIA 91.95 91.58 91.34 91.19 91.63 91.66 91.65 91.25 90.74
QF NRA 4494  50.09 42.12 50.72 54.00 53.40 55.17  51.16 51.81
QF SLIA 87.34  87.33 87.09 93.50 93.35 93.30 93.50 94.00 95.23
UFNIA -3.95 -3.97 -3.95 23.95 24.62 23.94 31.84  32.87 30.95

Table 8 compares the performance of SMT-SELECT-TEXT, SMT-SELECT-LITE+TEXT,
and SMT-SELECT-GRAPH+TEXT using different description encoders, including all-mpnet-
base-v2, Qwen3-Embedding-0.6B, and SetFit-fine-tuned all-mpnet-base-v2.

A.4 Performance of MachSMT and SMT-Select-Lite

Table 9 reports the PAR-2 SBS-VBS gap closed by MACHSMT-EHM (default), MACHSMT-
PWC, and SMT-SELECT-LITE on the test set. As indicated in the original MachSMT
paper [46], MACHSMT-PWC performs worse than the EHM version while incurring a higher
training cost.

Table 9 PAR-2 SBS-VBS gap closed (%) on the test set: MachSMT-EHM, MachSMT-PWC vs.
SMT-Select-Lite. Mean over five random train—test splits.

MachSMT-EHM  MachSMT-PWC  SMT-Select-Lite

ABV 7.83 31.48 71.45
ALIA 27.73 32.34 55.30
BV 17.11 4.47 38.22
QF_ BV 7.35 -61.55 35.40
QF_IDL 6.06 -8.32 64.53
QF_LIA 84.70 61.69 89.01
QF_NRA 17.25 -5.95 44.61
QF_SLIA 76.96 25.21 90.70

UFNIA -129.22 -305.52 14.79
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Table 10 Average failure rate (%) of graph construction for Sibyl and SMT-Select-Graph.

Logic Sibyl  SMT-Select-Graph
ABV 0.0 0.0
ALIA 0.0 0.0
BV 0.9 0.7
QF_BV 11.9 16.2
QF_IDL 14.2 16.0
QF _LIA 4.3 6.8
QF _NRA 2.8 1.2
QF_SLIA  59.8 3.6
UFNIA 83.8 2.3

A.5 Sibyl Experimental Details

SIBYL does not natively provide a fallback mechanism when graph construction fails. During
our evaluation, we therefore introduce a simple fallback strategy: if the PYSMT graph parser
fails to construct the formula graph within a 10-second time limit, the system defaults to
selecting the single best solver (SBS) from the training set. We use a longer graph construction
time limit for SIBYL because the Python-based PYSMT parser is slower than the C++-based
73 parser used in SMT-SELECT-GRAPH. This adjustment keeps the graph-construction
failure rate comparable between the two systems, as shown in Table 10.

In addition, the current PYSMT implementation does not support certain theory-specific
operators, including the integer division operator div and several string-theory operators
such as str.to_re. Consequently, graph construction fails for 83.8% of UFNIA benchmarks
and 59.8% of QF__SLIA benchmarks, and we therefore exclude these two logics from the
SIBYL evaluation.

We acknowledge that the fallback solver used by SIBYL (the train-set SBS) may be weaker
than the fallback solver used by SMT-SELECT-GRAPH (SMT-SELECT-LITE). However, for
the two logics with higher graph-construction failure rates, QF__BV and QF_IDL, Table 2
and Table 3 show that SIBYL performs no better than SBS overall. Therefore, this fallback
choice does not affect the relative comparison between SIBYL and SMT-SELECT-GRAPH.
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