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Abstract—Satisfiability Modulo Theories (SMT) plays a criti-
cal role in various software engineering applications, including
program verification, symbolic execution, and automated test
generation. Over the years, a wide range of SMT solvers
has been developed, typically designed for general purposes or
tailored to specific background theories, such as bit-vectors or
nonlinear arithmetic. Due to the diversity and complexity of SMT
instances, no single solver consistently outperforms others across
all problem domains. This motivates the need for algorithm
selection strategies that can adaptively choose solvers based on
the characteristics of the instances.

To overcome the limitations of single-solver selection, solving
SMT as a scheduling problem, enabling a more fault-tolerant
and effective use of multiple solvers in sequence. We model
algorithm scheduling as a hyperparameter optimization problem,
enabling efficient black-box search over solver sequences while
treating the dataset as a whole, thus achieving globally optimized
and robust scheduling strategies. The resulting scheduler called
SMTgazer. To further enhance scheduling efficiency and solver
performance, we propose two optimizations: leveraging unsuper-
vised X-means clustering to create semantically coherent instance
groups for localized model training, and augmenting the Bayesian
optimization surrogate with boosting and bagging ensembles to
improve generalization and mitigate overfitting, thereby yielding
more reliable performance predictions for the sequential portfolio
scheduler.

Extensive experiments are conducted to evaluate the per-
formance of SMTgazer, utilizing six SMT benchmarks derived
from real-world applications. It shows that our approach consis-
tently outperforms current state-of-the-art methods. Particularly,
SMTgazer achieves a 44.65% reduction in PAR-2 score and
69.11% decrease in the number of unsolved instances, compared
to the strongest competitor, Sibyl, demonstrating the effectiveness
of formulating SMT algorithm scheduling as a hyperparameter
optimization problem. We further analyze the generated schedul-
ing sequences to uncover the design principles that explain the
success of our method. Finally, we also empirically show that
our approach is both robust and generalizable, and the proposed
strategies are effective.

Index Terms—SMT, solver scheduling, Bayesian optimization

I. INTRODUCTION

Satisfiability Modulo Theories (SMT) is a fundamental
decision problem that extends Boolean satisfiability (SAT)

* Xindi Zhang is the corresponding author.

by incorporating first-order background theories such as bit-
vectors, linear and nonlinear arithmetic, arrays, uninterpreted
functions, or their combinations. The ability to reason about
complex logical formulas makes SMT a central enabling
technology in many areas of software engineering. Notably,
SMT solvers [1] are widely used in program verification [2],
symbolic execution [3], model checking [4], automated test
generation [5], and software synthesis [6]. Their capacity to
encode and solve rich semantic constraints has significantly
contributed to advancements in automated reasoning and high-
assurance software development.

As the scale and complexity of SMT problems continue to
increase in industrial applications, there is a growing demand
for high-performance SMT solving techniques. In response,
researchers have developed efficient SMT solvers [1], [7]–
[10] over the past two decades and have proposed various
effective algorithms tailored to different background theories.
For instance, modern SMT solvers primarily rely on eager bit-
blasting techniques to address the bit-vector (BV) background
theory [7], while they typically employ the lazy CDCL(T) [1],
[11] framework or Model-Constructing Satisfiability Calculus
(MCSAT) [12] to manage complex integer arithmetic (IA)
theories. Recently, novel paradigms such as local search [13],
[14] and learning [15], [16] have emerged in the domain of
SMT solving.

There is no universally superior SMT algorithm, and algo-
rithms often exhibit complementary strengths. To fully lever-
age the capabilities of various SMT solvers, certain application
software integrates multiple solvers, allowing users to make
informed selections [17]–[19]. However, choosing the appro-
priate SMT algorithm is inherently challenging. It requires a
thorough understanding of the structural and semantic features
of the given SMT formula, as well as the ability to model the
performance landscape of each solver across different types of
problems.

Algorithm selection is introduced to address this issue. It
is a methodology designed to leverage the advantages of a
diverse set of algorithms to effectively solve a given problem.
Numerous studies have been conducted on algorithm selection
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related to SMT solving.
Typically, (single-algorithm) selectors identify the empir-

ically best solver by employing feature engineering. This
process involves extracting feature vectors from given SMT
queries and training models to predict the performance or rank-
ing of the solvers. MachSMT [20] is a recently advanced SMT
selector that employs traditional feature engineering methods.
The features are defined and tuned by SMT experts utilizing
domain knowledge. Sibyl [21] represents the current state-
of-the-art selector, which relies on graph attention networks
(GATs). It constructs graph-based embeddings of queries, and
the feature vectors are generated using representation learning
techniques to predict solver rankings.

However, selectors cannot consistently choose the best or
even a relatively superior solver [21]. If an ineffective solver
is selected, it may exceed the time limit for the SMT query,
indicating a lack of robustness.

Parallel portfolios offer a straightforward solution. The per-
formance depends on the effectiveness of the best solver within
the selected subset. While this approach is often effective, the
cost of computational resources increases with the number of
selected solvers, making it less feasible in resource-constrained
environments.

Algorithm scheduling is a flexible and cost-effective alter-
native, often referred to as the sequential portfolio. In order to
maximize the likelihood of quickly solving a given instance,
a scheduler involves not only selecting and ranking of com-
plementary solvers or configurations, but also the allocation
of resources across multiple solvers.

A representative scheduler is SATZilla [22], and its under-
lying methods remain competitive today [23] for SAT solving.
Recently, there have been studies focusing on SMT algorithm
scheduling [24], [25], among which MedleySolver [25] serves
as a representative. It employs multi-armed bandit techniques
for online algorithm selection. Given a specific set of SMT
solvers and queries, MedleySolver learns algorithm prefer-
ence policies during the solving process and allocates time
resources across a sequence of solvers using a lightweight
timeout prediction scheme. This method improves the overall
runtime; however, due to the absence of pre-training knowl-
edge, its performance cannot compete with that of the current
leading algorithm selector, Sibyl.
Contributions The primary contribution of this paper is the
development of a high-performance SMT algorithm schedul-
ing tool, referred to as SMTgazer. The second and third con-
tributions are two optimization strategies aimed at enhancing
scheduling efficiency: Fine-grained cluster-specific scheduling
(clustering) and a hybrid surrogate model for Bayesian opti-
mization (HyModel).

SMTgazer: This scheduler formulates the algorithm schedul-
ing problem as a hyperparameter optimization task. It consid-
ers both the ranking of the scheduled solvers and the allocated
time as hyperparameters, while the time required to solve
a given instance is treated as the target cost function. By
leveraging the power of Bayesian optimization [26], [27] with
the assistance of SMAC3 [28], SMTgazer efficiently explores

the scheduling space and selects the solver scheduling solution
with minimal costs. SMTgazer enables more precise schedul-
ing and allows for iterative refinement based on performance
feedback during training.

Clustering: Hyperparameter optimization typically operates
on a dataset and yields a single solution. However, the SMT
benchmark set often comprises instances generated from vari-
ous applications. For this issue, we apply the X-means cluster-
ing to partition the large benchmark into several semantically
coherent smaller groups. Each cluster is then associated with
a separately scheduling solution.

Hybrid-Model: Bayesian optimization is widely used for
hyperparameter tuning, often employing bagging-based (e.g.
random forests) surrogate model. However, in regression
tasks, bagging and boosting provide complementary advan-
tages—bagging enhances generalization, while boosting im-
proves predictive accuracy. To leverage both, we integrate a
LightGBM-based boosting model with SMAC’s default bag-
ging surrogate, forming a hybrid model. This integration im-
proves surrogate accuracy and enhances overall performance
on small datasets with poor clustering.

Evaluation: This paper conducts extensive experiments to
evaluate our scheduler. We selected six SMT benchmarks,
each derived from real-world application scenarios, and fur-
ther collected the corresponding candidate SMT solvers for
each set. SMTgazer outperforms existing competitive methods,
achieving a 44.65% lower PAR-2 score [29] and 69.11%
fewer unsolved instances than Sibyl, the most recent com-
petitor, thereby validating the effectiveness of formulating
SMT scheduling as a hyperparameter optimization problem.
In addition to overall performance, we provide an in-depth
analysis of the learned schedules from multiple perspectives,
including solving behavior, cross-validation consistency, and
solver dominance, to better understand the nature of the
scheduling strategy. An ablation study further demonstrates
both the effectiveness and the complementarity of the proposed
approach.

II. PRELIMINARIES

This section provides the necessary preliminaries for this
paper.

A. Satisfiability Modulo Theories

Satisfiability Modulo Theories (SMT) extends propositional
satisfiability (SAT) by allowing formulas over background
theories such as arithmetic, arrays, or bit-vectors. Formally,
the SMT problem asks whether a first-order logic formula is
satisfiable under specific theories.

The SMT-LIB1 initiative provides a standardized format
and benchmark suite for SMT solvers, serving as the basis
for the annual SMT Competition (SMT-COMP)2. SMT-COMP
has become the standard platform for evaluating SMT solver
performance across a range of background theories.

1https://smt-lib.org/
2https://smt-comp.github.io/
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The benchmarks are categorized based on the underlying
theories. There are three representative families that encom-
pass the largest number of instances, and QF is an abbreviation
for ’quantifier-free’.

• Bit-Vectors (QF-BV): Models fixed-width binary repre-
sentations and supports bitwise arithmetic operations.

• Nonlinear Integer Arithmetic (QF-NIA): Extends linear
arithmetic constraints

∑
i aixi < k by allowing multi-

plicative terms such as xy or xn.
• Equality with Uninterpreted Functions and Linear Arith-

metic (ELA): Combines equality reasoning over uninter-
preted functions with linear integer or rational arithmetic.

Example. Consider the following SMT formula that com-
bines multiple theories with a disjunctive constraint:

f(x) = y∧(x+y < 5∨x·y = 6)∧bvadd(a,0b0001) = 0b0010

This formula involves uninterpreted functions, linear and
nonlinear integer arithmetic, and bit-vector operations. This
formula is satisfiable with one possible model:

x = 2, y = 3, f(2) = 3, a = 0b0001

B. Algorithm Selection and Scheduling

An SMT query, or SMT formula, represents a set of first-
order logic constraints defined within specific background
theories, which are to be resolved by SMT solvers.

Let Q = {q1, q2..., qm} be a set of SMT queries, and S =
{s1, s2..., sn} be the candidate SMT solvers.3

Algorithm selection learns a mapping fselect : Q → S that
assigns each query q ∈ Q to the solver si ∈ S expected to
solve it q most efficiently.

Algorithm scheduling instead learns a mapping fscheduling :
Q → Σ. For each query q ∈ Q, σ(q) ∈ Σ is a scheduling
sequence, where

σ(q) = [(si1 , t1), (si2 , t2), . . . , (sik , tk)],

and a time budget tj is specified for each solver. Solvers are
executed sequentially to minimize overall runtime and mitigate
the effects of suboptimal selection decisions.

The solvers in σ(q) are executed sequentially according to
the specified order. The execution halts when either a solver
returns a solution, satisfiable or unsatisfiable, or when the
cumulative time exceeds a global timeout Tmax.

If q is solvable under the scheduling sequence σ(q), and it
is first solved by the i-th solver si, we denote this index as
ℓ(q) = i. Let tf ≤ tsi be the actual time taken by si to solve
q. The total runtime for solving q following the scheduling
sequence σ(q), denoted as Tσ(q), is defined as:

Tσ(q) =

ℓ(q)−1∑
j=1

tsj + tf

3Noting that SMT covers diverse background theories, and solvers differ
in their support and optimization for each. As a result, candidate solvers are
selected based on the specific theory or benchmark, yielding different solver
pools across query sets.

If none of the solvers in σ(q) successfully solve q within
the global cutoff Tmax, then T (q) = k × Tmax, where k is the
penalty factor (PAR-k score).

The objective of algorithm scheduling is to find the optimal
fscheduling that minimizes the total runtime.

min
σ∈Σ

∑
q∈Q

Tσ(q)

C. Hyperparameter Optimization Problem
Hyperparameter Optimization (HPO) aims to find a configu-

ration of hyperparameters that minimizes a black-box objective
function. Given a configuration space Λ and an objective
function f : Λ → R, the problem is defined as:

λ∗ = argmin
λ∈Λ

f(λ)

Here, λ is a candidate configuration, and f(λ) evaluates
its performance. Due to the expensive and non-differentiable
nature of f , methods like Bayesian Optimization (BO) are
commonly employed. The following section will illustrate BO
methods in the context of HPO.

D. Bayesian Optimization
Bayesian Optimization is an effective strategy for optimiz-

ing expensive black-box functions, frequently employed in
hyperparameter tuning and algorithm configuration. [30]

At each iteration t, BO fits a surrogate model using existing
observations and selects the next promising configuration by
minimizing an acquisition function.

The formal definitions are as follows.
Let Λ ⊂ Rd be a bounded configuration space, where each

λ = (λ1, ..., λm) ∈ Λ denotes a configuration (e.g., a set
of algorithm parameters), and f : Λ → R be a black-box
objective function over Λ. BO aims to identify the optimal
configuration that incurs the lowest cost.

A piece of the observation is a recorded input–output
pair (λ, y), where y = f(λ) + ϵ, obtained by evaluating
the objective function at configuration λ. ϵ represents the
observation noise, typically i.i.d. Gaussian.

The observations collected prior to the time frame t are
denoted as Dt = {(λi, yi)}t−1

i=1 .
A surrogate model is a probabilistic approximation p(f |Dt)

of the objective function f , constructed using the observed data
Dt, typically with a Gaussian Process.

For each iteration t, an acquisition function α : Λ → R
guides the next query:

λt = argmax
λ∈Λ

α(λ; p(f | Dt)).

After evaluating f(λt), the observed dataset are updated
Dt+1 = Dt ∪ {λt, f(λt)}, and the surrogate model is refined
accordingly. This process repeats until a time budget tmax is
reached or convergence is achieved.

SMAC3 [28] is a prominent hyperparameter optimization
algorithm that combines Bayesian optimization with decision-
tree-based surrogate models. It provides a robust and flexible
framework for efficiently finding high-performing configura-
tions across a wide range of machine learning tasks.
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E. Ensemble Learning

Ensemble Learning is a fundamental machine learning
paradigm that combines multiple base learners (or models)
to produce a more accurate and robust learner than any single
learning alone. Common ensemble methods can be divided
into two categories:

Bagging: The core idea of bagging (bootstrap aggregat-
ing) is to train each base learner independently on different
bootstrap samples of the training data, which are generated
by random sampling with replacement. The outputs are then
combined, typically through majority voting or averaging, to
produce a final prediction. The primary advantage of bagging
lies in its ability to enhance stability and reduce overfitting in
high-variance models. A representative method of bagging is
the Random Forest [31].

Boosting: The idea is to sequentially training a series of
models, where each new model is trained to focus on the in-
stances that previous models misclassified, often by adjusting
the sample weights. This approach effectively reduces bias and
builds a strong learner from many weak learners, with each
model concentrating more on the hard-to-predict examples.
XGBoost [32] and LightGBM [33] are two representative
boosting algorithms.

In the domain of HPO, the default surrogate model of
SMAC3 is a random forest [28], which leverages the strengths
of bagging to provide robust predictions and uncertainty
estimates for efficient Bayesian optimization.

III. OUR PROPOSED SMTgazer APPROACH

In this section, we present the core methodology behind
SMTgazer, our effective SMT algorithm scheduling frame-
work. The central idea of SMTgazer is to reformulate the
scheduling problem as a HPO task over a given set of SMT
queries. Additionally, we elaborate on two more contributions,
Clustering and Hybrid-Model, that significantly enhance the
performance of SMTgazer.

A. Top-level Framework of SMTgazer

The top-level framework of SMTgazer is illustrated in
Fig. 1. As a learning approach for SMT algorithm scheduling,
SMTgazer comprises both the training component (Fig. 1a)
and the testing component (Fig. 1b).

1) Modeling
Given a set of SMT queries Q and a set of candidate n

SMT solvers S. The scheduling sequence for query q ∈ Q is
σ(q) = [(si, ti)]

n
i=1.

There are two types of configurations for scheduling: solver-
related parameters and time-related parameters.

Solver-related Parameters. Integers j ∈ {1, ..., n} uni-
formly represent an SMT solver in S; specifically, the cate-
gorical hyperparameter si = j denotes the i-th solver in σ(q)
and is assigned to j.

Time-related Parameters. The continuous hyperparameters
ti ∈ [0, Tmax] represents the allocated time for the i-th solver
in σ(q).

With n candidate SMT solvers, σ(q) can be formulated to
a configuration λ = (s1, t1, s2, t2, ..., sn, tn). There are two
additional constraints that the configuration must adhere to.

Time-allocation Constraint. All solvers should be allocated
a specific amount of runtime, where si = 0 indicates that the
i-th solver should not be used in this portfolio.

n∑
i=0

ti = Tmax

All-different Constraint. This constraint enforces that all
variables within a specified set must assign distinct values.

all-different (s1, s2, ..., sn)

The goal (target function) is to find the optimal configura-
tion λ∗.

λ∗ = argmin
λ∈Λ

∑
q∈Q

Tσ[λ](q),

where Tσ[λ](q) denotes the runtime for q ∈ Q following σ[λ],
and σ[λ] indicates the scheduling sequence corresponding to
configuration λ.

2) Training
The training process is described as follows:
In the modeling stage, each SMT query is transformed into

a 189-dimensional feature vector utilizing human-engineered
features.

Noting that SMTgazer employ the same feature extraction
approach as MachSMT [20]4, where the majority of the fea-
tures are designed to capture the syntactic characteristics of the
input formulas, such as the occurrence frequencies of Boolean
constructs, integer terms, and real-valued expressions.5

Then, SMTgazer clusters the SMT queries into several
groups based on the feature vectors, which will be discussed
in Sec. III-B.

In the PO stage, SMTgazer treats each group of queries as an
individual HPO process. Subsequently, for each group, it em-
ploys Bayesian optimization techniques to obtain a promising
configuration λ∗. SMTgazer uses the BO implementation of
SMAC3 [28], and is improved with a hybrid surrogate model,
which will be discussed in Sec. III-C.

Finally, we get the scheduling sequences σ[λ∗] for each
group of SMT queries.

3) Testing
Given a new SMT query q, SMTgazer first extracts its

feature vector, classifies q into the cluster with the nearest cen-
troid, and then applies the scheduling sequence corresponding
to this cluster.

B. Fine-grained Cluster-specific Scheduling

One limitation of HPO is its inability to fine-tune decisions
at the instance level, as it operates on global performance
across the dataset. Existing studies have shown that no single
solver consistently achieves optimal performance across all

4https://github.com/MachSMT/MachSMT
5For a complete description of each feature, readers can refer to the

literature [20] for more details.
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(a) SMTgazer training component.
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(b) SMTgazer testing component.

Fig. 1: Top-level framework of our SMTgazer method.

TABLE I: A motivating example of further clustering.

Name Solver
Bitwuzla STP Yices cvc5 mathsat z3

bench 5632 3.82 3.40 2.37 TO 217.20 TO
bench 8458 174.66 511.75 303.90 TO TO TO

SMT logics. [20], [21] Even within the same logic, it remains
challenging for a solver to perform optimally on all queries.

Motivating Example. In the QF BV benchmark, there are
two instances from the Sage2 subset, bench_5632.smt2
and bench_8458.smt2, belonging to the same application
domain. However, according to the average results of 10 runs
shown in Table I, Yices is optimal for bench_5632.smt2,
while Bitwuzla performs best on bench_8458.smt2.
With the help of the clustering method, SMTgazer as-
signs these queries to different clusters, cluster 15 for
bench_5632.smt2 and cluster 0 for bench_8458.smt2.
This demonstrates that clustering is an effective method for
distinguishing their differing solver preferences.

To address this issue, SMTgazer employs a clustering-based
approach. Since the exact number of distinct SMT query types
in the dataset is unknown and difficult to determine in advance,
we adopt an unsupervised learning strategy to automatically
discover latent structure among queries.

In practice, SMTgazer employs the X-Means algorithm [34]

for clustering. This process automatically determines the num-
ber of subcategories and stores the corresponding centroids,
enabling efficient assignment of new SMT queries to the
appropriate clusters.

C. Hybrid Surrogate Models for Bayesian Optimization

During hyperparameter optimization, SMTgazer constructs
a unified configuration space for each cluster and applies
Bayesian optimization to identify the optimal settings.

For each BO iteration t, we assume that the configuration
is λt and the corresponding scheduling sequence for this
iteration is σ[λt]. The total runtime across the training set
is evaluated by calculating f(λt) =

∑
q Tσ[λt](q), where

SMTgazer employs the PAR-2 score. Subsequently, an obser-
vation (λt, f(λt) + ϵt) is incorporated into the observation
records Dt, where the noise ϵt is determined by the standard
deviation across 10 runs with random seed.

To generate a legal configuration λt for the subsequent
iteration, the acquisition function must adhere to both the time-
allocation constraint and the all-different constraint. Since
SMAC3 does not support sum-equality constraints, SMTgazer
employs the proportional allocation method to simulate the
time-allocation constraint.

The surrogate model of SMAC3 is a random forest, which
is a typical bagging-based methods. Bagging and boosting
are known to offer complementary advantages: while bagging
reduces variance by aggregating predictions from multiple
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independent learners, boosting reduces bias through sequen-
tial training that emphasizes hard-to-predict instances. In the
context of algorithm scheduling, capturing fine-grained per-
formance patterns is crucial. Boosting methods like Light-
GBM [33] excel at modeling such patterns due to their bias-
reduction capabilities.

To leverage the complementary strengths of both ap-
proaches, we construct a hybrid ensemble by combining a
random forest (bagging) p1(f |Dt) and a LightGBM model
(boosting) p2(f |Dt) in a 1:1 ratio by

p(f |Dt) =
p1(f |Dt) + p2(f |Dt)

2
.

This design enables us to balance variance reduction and bias
mitigation, resulting in more accurate performance predictions
and, ultimately, more effective scheduling decisions.

Optimization Strategy. In practice, SMTgazer follows an
incremental scheduling process. Starting from an empty list
L = [], SMTgazer iteratively appends a new solver si from
the remaining solvers to maximize the overall performance,
forming L = L ∪ [si, ti] along with its allocated time ti.
For each iteration, BO is applied to jointly optimize the time
parameters and the newly added solver, while keeping the
order of the previously added solvers. This process continues
until L contains a predefined number of solvers n.

IV. EXPERIMENTAL DESIGN

This section introduces the experimental settings employed
to evaluate the performance of SMTgazer against the current
state-of-the-art SMT algorithm selectors and schedulers. The
experiments are designed to address the following three re-
search questions (RQs).

A. Research Questions

RQ1 : How does SMTgazer perform in comparison to
the current state-of-the-art algorithm selectors or schedulers?

Answer: SMTgazer demonstrates significant performance
improvements compared to its competitors, and the results
confirm both effectiveness and stability.

RQ2: What are the characteristics of the solver schedules
generated by SMTgazer?

Answer: SMTgazer generates adaptive, front-loaded
scheduling sequences that not only solve the majority of
instances early but also exhibit strong scheduling policy-level
effectiveness and generalize well across datasets with varying
structures.

RQ3: Are the proposed clustering and hybrid-model
strategies in this work effective?

Answer: The proposed two strategies are efficient and
collaborate effectively when used together.

B. Benchmarks

Based on the existing studies [20], [21], we selected datasets
from four application domains of SMT solvers: competition
(SMT-COMP), bounded model checking (BMC), symbolic
execution (SymEx), and syntax-guided synthesis (SyGuS). For
the competition domain, we selected the three SMT logics with

the highest query counts; for the remaining three application
domains, we adopted the same datasets used by Sibyl [21].
The detailed description of the datasets is as follows.

SMT-COMP. SMT-COMP was established to spark ad-
vances in SMT, especially for verification. Empirical results
across successive SMT-COMPs show that the performance of
solvers improves substantially over that of previous competi-
tions. The SMT-COMP 2021 single query track consists of 18
logic divisions [35]. From the published research [21], learning
methods require substantial data for training and evaluation, so
we selected the three logic divisions with the highest number
of queries, i.e., QF BV, QF NIA, and ELA.

BMC. ESBMC [36] is a C bounded model checker that
leverages an SMT solver backend. It generates SMT queries
to establish that a specification holds up to a given bound and
employs K-Induction to extend verification beyond that bound.
These queries encode both the program’s semantics and the
induction conditions required to validate the inductive step.
BMC dataset was generated by executing ESBMC on 11,369
C files from the SV-COMP’22 dataset [37]. Consistent with
SV-COMP, for each C file, ESBMC was run with a 15-minute
timeout, yielding nearly 700,000 SMT queries. From these,
100,000 queries were randomly sampled to form the dataset.
All SMT queries in BMC dataset are in either the QF BV or
QF Equality+BV logic division.

SymEx. KLEE [38] is a symbolic execution engine that
relies on an SMT solver backend to determine the reachability
of program execution states. When encountering interesting
states, KLEE generates an SMT query encoding the path
condition leading to that state to verify its reachability. SymEx
dataset was generated by running KLEE version 2.2 on 20
GNU coreutils and 5 real world programs which KLEE is
often evaluated on [17], [38], [39]. All SMT queries in SymEx
dataset are in either the QF BV or QF Equality+BV logic
division.

SyGuS. Syntax-guided synthesis is a program synthesis
technique that generates candidate programs from a user-
defined formal grammar and employs a constraint solver,
typically an SMT solver, to validate each candidate’s cor-
rectness [40]. SyGuS-COMP is the competition that evalu-
ates program synthesis tools. SyGuS dataset was generated
by a program synthesis tool competed in SyGuS-COMP’19
called DryadSynth [41]. Executed on the benchmarks from
the Invariant Synthesis and Conditional Linear Integer Arith-
metic categories from SyGuS-COMP’19, DryadSynth gener-
ated 2,000,000 SMT queries, in which 100,000 queries were
randomly selected to construct the dataset. All SMT queries
in SyGuS dataset are in the ELA logic division.

C. Candidate SMT solvers

Most solvers are designed for specific logics; therefore, we
select the corresponding set of solvers based on the logics
present in the dataset, in accordance with prior studies [21].
For each dataset, Table II presents the total number of SMT
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TABLE II: Statistics of all datasets.

Dataset #Total #Testing Candidate Solvers

QF BV 8,748 1,737 [42]–[47]
QF NIA 9,112 1,767 [42]–[45], [48], [49]
ELA 12,549 2,495 [42], [43], [45], [50]–[53]

BMC 100,000 65,003 [42]–[47]
SymEx 93,996 73,391 [42]–[47]
SyGuS 100,000 79,981 [42], [43], [45], [50], [53]

queries (#Total), the number of instances selected for testing
(#Testing)6, and the references for the candidate SMT solvers.

D. Competitors

This paper compares SMTgazer with three state-of-the-art
SMT algorithm selectors and schedulers, i.e., MachSMT [20],
MedleySolver [25], and Sibyl [21].7

• MachSMT . It leverages machine learning to construct em-
pirical hardness models and pairwise ranking comparators
of solvers for algorithm selection.

• MedleySolver. It models the solver scheduling problem as
a multi-armed bandit problem and selects solvers through
feature engineering and reinforcement learning.

• Sibyl. It is a selector for SMT solvers based on graph
attention networks, a variant of graph neural networks.
For a given SMT query, Sibyl generates scores for solvers
for selection.

To facilitate a better understanding of the performance and
behavior of SMT solvers, we also compare SMTgazer with
two static selectors and the (VBS).

• Frequently Fastest Static Selector (FFSS). It selects the
solver that is most frequently identified as the optimal
choice for individual cases across the dataset.

• Overall Fastest Static Selector (OFSS). It selects the
solver that takes the least total time on the entire training
set.

• Virtual Best Solver (VBS). It is a hypothetical algorithm
that is not implementable in practice. It is theoretically
able to select the best solver from a given set of solvers
for each SMT query, thus providing valuable bounds for
evaluating performance.

E. Environmental Setups and Implementation Details

In this paper, all experiments are conducted on a cluster
equipped with two AMD EPYC 7763 CPUs @ 2.45 GHz,
totaling 128 physical cores, and 1 TB of RAM, running the
Ubuntu 20.04 LTS (64-bit).

As with its competitors, SMTgazer is written in Python and
primarily utilizes third-party software from SMAC3 [28] and
LightGBM [33].

6The method for splitting the training and test sets is consistent with that of
Sibyl [21]: 80:20 for SMT-COMP and 20:80 for the other dataset. Instances
that none of the candidate solvers could solve were removed, since they
provide no useful signal for the scheduling problem.

7Noting that there was an SMT scheduler before MedleySolver [24].
However, since its source codes and executable file is not publicly available
(as confirmed via email with the authors of Sibyl [21]), we did not compare
against Hůla et.al in this paper.

Training and evaluation require runtime labels for each
SMT query. The runtime is labeled using the PAR-2, with a
cutoff set at 1200 seconds. We employ the labels from Sibyl’s
repository8, which were produced by execution on the Starexec
cluster [54].

In this paper, all selectors and schedulers are retrained using
10 distinct random seeds to ensure statistical reliability.

V. EVALUATION

This section addresses the three research questions through
comprehensive and extensive experiments.

A. Performance Evaluation

We compare SMTgazer with two state-of-the-art algorithm
selectors, MachSMT and sibyl, one algorithm scheduler, Med-
leySolver, two static selectors, FFSS and OFSS, and the VBS
selector. All the selectors and schedulers run ten times with
different seeds. Since the unsolvable instances are filtered like
sibyl, #Unsolved of VBS is always zero.

The results are presented in Table III. For each dataset, we
report the average PAR-2 time (PAR-2) and the number of un-
solved instances (#UNK) for each method in the corresponding
table. Additionally, we specify the SMT solver selected by
FFSS and OFSS for each dataset, and the best results in each
category are underlined in the table for emphasis.

• SMTgazer solves the most instances across all six bench-
marks; and achieves the best PAR-2 scores on five of
them, with only one exception where the difference is
just 0.11 seconds. On average, compared to MachSMT,
MedlySolver, and Sibyl, SMTgazer reduces the number
of unsolved instances by 81.27%, 94.71%, and 69.11%,
and the PAR-2 scores by 48.70%, 91.22%, and 44.65%,
respectively.

• SMTgazer consistently outperforms FFSS and OFSS,
both of which select two fixed solvers for all instances.
This highlights the strength of our method. Designing a
good selecting method is not easy, as the other three com-
peting methods do not always achieve better performance
than FFSS and OFSS on all benchmarks.

To provide a more detailed comparison of SMTgazer against
other strategies at the instance level, we include a scatter plot
visualization. Figure 2 uses different colors and markers to
compare SMTgazer with its three competitors, where each
point represents a pair of average runtimes for a single
instance. Points above the diagonal indicate instances where
SMTgazer performs better (i.e., has a lower runtime), while
points below indicate the opposite. Due to space constraints,
we include all instances from the six benchmarks in this
single figure for illustration. A more detailed version with per-
benchmark breakdowns is available in our code repository.

This reveals that SMTgazer is able to solve many instances
that its competitors fail to handle, and its primary advantage
lies in effectively tackling the more challenging cases.

8https://github.com/will-leeson/sibyl
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TABLE III: Comparing SMTgazer to its competitors on all datasets.

(a) QF BV

Method PAR2 #UNK

SMTgazer 33.12 12.8
MachSMT 50.64 28.1
MedleySolver 329.60 210.0
Sibyl 49.66 28.4
FFSS (Yices [44]) 41.16 18.0
OFSS (Yices [44]) 41.16 18.0
VBS 9.63 -

(b) QF NIA

Method PAR2 #UNK

SMTgazer 119.50 52.8
MachSMT 369.91 260.7
MedleySolver 329.47 215.1
Sibyl 257.33 164.8
FFSS (Yices [44]) 440.39 312.0
OFSS (z3 [42]) 274.49 159.0
VBS 18.57 -

(c) ELA

Method PAR2 #UNK

SMTgazer 4.91 3.0
MachSMT 26.87 25.4
MedleySolver 1361.48 1408.0
Sibyl 1539.63 1598.0
FFSS (cvc5 [43]) 28.03 26.0
OFSS (cvc5 [43]) 28.03 26.0
VBS 0.70 -

(d) BMC

Method PAR2 #UNK

SMTgazer 1.67 9.4
MachSMT 2.79 39.7
MedleySolver 55.74 1123.0
Sibyl 1.68 16.2
FFSS (Bitwuzla [46]) 2.78 24.0
OFSS (Yices [44]) 2.18 18.0
VBS 0.58 -

(e) SymEx

Method PAR2 #UNK

SMTgazer 0.32 0.1
MachSMT 0.33 0.9
MedleySolver 18.34 275.0
Sibyl 0.27 0.2
FFSS (STP [47]) 10.10 188.0
OFSS (Yices [44]) 0.40 0.0
VBS 0.23 -

(f) SyGuS

Method PAR2 #UNK

SMTgazer 0.028 0.0
MachSMT 0.080 2.0
MedleySolver 2.94 97.2
Sibyl 2.13 70.1
FFSS (UE1[45]) 2.93 97.0
OFSS (cvc5 [43]) 1.60 52.0
VBS 0.019 -
1 To save space, “UE” denotes Ultima-

teEliminator+MathSAT.

(a) SMTgazer vs MachSMT (b) SMTgazer vs MedleySolver (c) SMTgazer vs Sibyl

Fig. 2: Scatter plots of SMTgazer against its three competitors on all the six benchmarks. Noting that the average runtime may
exceed 1200 seconds due to PAR-2 penalty and averaging across 10 runs.

We employ two methods to ensure the results are robust and
generalizable of SMTgazer. Firstly, we conduct the experiment
10 times using different seeds and all the metrics use in
this paper are the average numbers, which have already been
discussed in the previous text.

Secondly, we adopt 5-fold cross-validation to evaluate the
robustness of the training model. Specifically, each dataset
is randomly partitioned into five equal-sized folds. In each
round, four folds are used for training and the remaining one
for testing. This process is repeated five times, with each
fold used exactly once as the test set. The average standard
deviation of PAR-2 across the five folds is 0.33. On average,
the results differ by only 16.69% from those reported in
Table III, indicating the reliability of our evaluation.

This evaluation protocol reduces the variance caused by
random train-test splits and yields a more robust estimate of
the model’s performance. The results confirm the consistency
and stability of SMTgazer across different subsets of the data.

RQ1: SMTgazer outperforms state-of-the-art SMT al-
gorithm selectors and schedulers, and it is experimen-
tally proven to be robust, demonstrating the effective-
ness of modeling algorithm scheduling as a hyperpa-
rameter optimization problem.

B. Scheduling Behavior Analysis

Since SMTgazer is a scheduling algorithm, it raises several
questions about the scheduling behavior (RQ2), such as:

• What kinds of schedules does it produce?
• How does it compare to other methods at the policy level?
• Does it generalize across datasets?

We design a series of experiments that focus on these three
aspects.

Firstly, to analyze the behavior of the scheduling sequence,
we note that different random seeds lead to varying solver
orders. As a result, we cannot precisely determine the final
scheduling sequence used for each dataset. Therefore, we
conducted an additional experiment to record the position in
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TABLE IV: The average number of SMT queries that the k-th
solver successfully solved on all datasets.

k
Dataset

QF BV QF NIA ELA BMC SymEx SyGuS

1 1634.6 1399.5 2429.1 63967.3 73336.1 68273.0
2 23.4 217.1 48.9 850.5 54.8 11659.0
3 55.0 57.2 7.3 151.4 0.0 49.0
4 11.2 40.4 6.7 24.4 0.0 0.0

the schedule, i.e., the index of the solver, that ultimately solved
each instance.

The results are summarized in Table IV, where we report,
for each instance set, the number of instances solved by the
k-th solver in the schedule. Most of the benchmarks are solved
by the first solver, achieving an average percentage of 92.39%.
Meanwhile, the average percentages of instances solved by
the 2nd, 3rd, and 4th solvers are 5.25%,1.17%, and 0.54%,
respectively.

On the other hand, the average time allocated to the first
4 solvers are 219.86, 198.12, 355.17, and 426.85 seconds,
respectively.

0% 20% 40% 60% 80% 100%

QF_BV

QF_NIA

ELA

BMC

SymEx

SyGuS

41.28%

41.62%

47.44%

39.07%

28.74%

30%

0.62%

6.76%

27.98%

25.69%

6.69%

3.11%

51.96%

29.78%

26.87%

54.24%

68.15%

70%

SMTgazer MachSMT MedleySolver Sibyl

Fig. 3: The optimal performance ratio of SMTgazer and its
competitors on all datasets.

Secondly, we evaluate the scheduling policy quality, Fig-
ure 3 presents a horizontal stacked bar chart illustrating the
percentage of instances where each method achieves the best
performance across six benchmark datasets.

From the result, SMTgazer outperforms a high win rate. For
example, it achieves 70% on SyGuS and 68.15% on SymEx,
significantly outperforming all baselines. Even on more diverse
datasets like BMC and QF BV, SMTgazer maintains a clear
lead.

In contrast, Sibyl performs relatively well on structurally di-
verse datasets such as ELA and QF NIA. SMTgazer, however,
solves more instances on these datasets through its adaptive
scheduling policy, highlighting a complementary relationship
between the two methods.

TABLE V: Generalization evaluation via cross-dataset testing

Training Testing PAR2 #UNK

QF BV BMC 2.88 13.7
QF BV SymEx 3.92 0.0
BMC QF BV 43.27 17.8
BMC SymEx 4.06 0.4
SymEx BMC 8.03 5.0
SymEx QF BV 73.12 16.4

Finally, we evaluate the generalization ability of the se-
quences generated by SMTgazer through cross-dataset vali-
dation. Table V presents all possible combinations where the
training and testing datasets differ, excluding cases where the
candidate solvers are not the same. For each setting, the table
reports the training and testing datasets, the resulting PAR-2
scores, the number of unsolved instances.

The results show that, when trained and tested on different
datasets, the number of unsolved instances changes by 4.3,
-0.1, 5.0, 0.3, -4.4, and 2.6, respectively, demonstrating the
robustness and generalizability of our approach.

RQ2: SMTgazer generates effective, front-loaded
schedules with strong generalization across datasets.

C. Ablation Studies
We perform ablation studies on SMTgazer to address the

final research question.
This paper proposed two strategies, Clustering and Hybrid-

Model. To evaluate the contribution of individual components
in SMTgazer, we compare the full SMTgazer system with two
ablated variants.

• Alt-1: removes the clustering step and schedules solvers
on the whole dataset directly.

• Alt-2: uses only the default model in SMAC3, random
forest, by removing the boosting model.

The results are summarized in Table VI. We present the
PAR-2 score along with the average number of unsolved
instances (#UNK) for each benchmark.

As shown in the table, each of the two strategies led
to performance improvements on 5 out of the 6 datasets,
with the sets of benefited datasets being partially distinct,
demonstrating the effectiveness of combining both strategies.

To further illustrate the impact of each strategy, we present
a bar chart of the relative PAR-2 score differences between
the full SMTgazer system and its ablated variants (Figure 4).
Each bar shows the percentage increase or decrease in PAR-
2 score for a variant compared to SMTgazer, across the six
benchmarks.

We observe that the clustering strategy demonstrates solid
performance across most benchmarks, with an average im-
provement of 11.45% over the baseline without clustering.
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TABLE VI: Comparing SMTgazer and its two variants.

Method QF BV QF NIA ELA BMC SymEx SyGuS

PAR2 #UNK PAR2 #UNK PAR2 #UNK PAR2 #UNK PAR2 #UNK PAR2 #UNK

SMTgazer 33.12 12.8 119.50 52.8 4.91 3.0 1.67 9.4 0.32 0.1 0.028 0.0
Alt-1 29.51 9.7 140.78 66.3 5.13 3.0 2.07 12.4 0.40 0.0 0.036 0.0
Alt-2 33.45 13.0 121.14 56.7 7.05 3.0 1.70 9.6 0.31 0.1 0.029 0.0

QF_BV QF_NIA ELA BMC SymEx SyGuS
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Fig. 4: Percentage Change in PAR-2 Compared to SMTgazer.

However, its effectiveness is limited on QF BV and ELA,
where the performance gain is relatively modest or even
slightly negative.

This behavior can be attributed to the characteristics of these
two benchmarks: both have limited training data and high
intra-domain diversity. For instance, QF BV was partitioned
into 20 clusters, which is largely due to data sparsity leading
to unstable clustering. The small dataset size further hinders
the ability to train accurate predictors for each cluster.

ELA was grouped into only two clusters, indicating that
the manually designed features fail to effectively separate the
underlying task types. As previously discussed, the boosting-
based model offers more precise predictions and demon-
strates complementary behavior to the random forest approach.
Experimental results confirm this synergy, showing that the
combination of both models leads to improved overall perfor-
mance.

Noting that, although QF NIA contains diverse instances
from SMT-COMP, most of the instances are generated from
software termination verification problems. This results in
more homogeneous structures, which enhances the effective-
ness of clustering.

RQ3: Both Clustering and HybridModel are effective
and applicable to different scenarios, with complemen-
tary strengths.

D. Threats to Validity

There is a potential threat that bugs or implementation errors
in our system may affect the correctness of the scheduling
algorithm and solver results. Although we conducted thorough
testing, we have also performed multi-person code reviews
and made the code open-source to increase transparency and
reduce the risk of unnoticed errors. However, such issues

cannot be completely ruled out and might still impact the
reliability of our findings.

For SMTgazer and its competitors, overfitting is a general
threat. To address the threat, as claimed in Section V, we
adopt 5-fold cross-validation to evaluate the robustness of
SMTgazer. The average standard deviation of PAR-2 across the
five folds is 0.33, indicating the reliability of our evaluation.
Moreover, we have evaluated the generalization ability of
SMTgazer through cross-dataset validation. The results in
Table V demonstrate the robustness and generalizability of
SMTgazer.

Another threat lies in the limited number and variety of
solvers used in our experiments, which may not fully represent
all existing SMT solvers. To address this, we have collected
as many solver samples as possible and conducted cross-
validation on multiple datasets to demonstrate the general-
izability and scalability of our approach. Nevertheless, the
benchmark datasets may still not fully capture the complexity
of all real-world scenarios.

VI. RELATED WORK

This section reviews related work on algorithm selection and
scheduling, organized accordingly to reflect these two aspects,
while highlighting how our approach differs from existing
methods throughout the discussion.

Algorithm Selection. MachSMT [20] extracts the features
of SMT queries and predicts the solving time of SMT queries
given a solver through a machine learning model. Sibyl [21]
employs representation learning techniques to generate feature
vectors of SMT queries to predict solver rankings. Different
from their work, our SMTgazer method constructs scheduling
sequences containing several solvers rather than selecting a
single solver. Moreover, we extract features of SMT queries
for clustering instead of using them to predict the performance
of solvers on SMT queries.

Algorithm Scheduling. YicesLS [55] first runs Yices for 100
seconds, then runs stochastic local search for 500 seconds. If
the given instance is still not solved, YicesLS will run Yices
for the remaining time. FastSMT [56] combines learning and
synthesis techniques to find the right solution strategy for
the solver. The difference between our approach and theirs
is that we focus on scheduling solvers rather than the solving
strategies inside solvers. SATZilla [23] uses machine learning
to predict the time it will take for solvers on the given
queries, thereby obtaining a subset of solvers that are expected
to perform best. Unlike SATZilla, our approach focuses on
SMT rather than SAT, which covers a wider range of logic
divisions. And SATZilla does not set a suitable stop time

1281



for each solver. It will only replace the next solver when
the solver crashes. MedleySolver [25] employs multi-armed
bandit techniques to predict the solver sequence and the
sequence of time-allocations. Different from MedleySolver, we
use Bayesian optimization to build the scheduling sequences
instead of dynamically adjusting them based on SMT queries.
Hůla et al.’s work [24] uses GNN to predict the runtimes
of individual solvers and creates scheduling sequences based
on the predictions. Our approach differs from their work in
that they select the order of solvers based on the predictions
without further exploring the time allocated to solvers.

VII. CONCLUSION AND FUTURE WORKS

This paper introduces SMTgazer, an algorithm scheduling
based method for SMT solving. By formulating scheduling
problem as a hyperparameter optimization problem, SMTgazer
learns robust solver sequences that outperform existing selec-
tors and schedulers. To improve generality and performance,
SMTgazer integrates cluster-aware scheduling and a hybrid
surrogate model. Extensive experiments demonstrate substan-
tial gains over prior work, including a 44.65% reduction in
PAR-2 and a 69.11% decrease in timeout instances compared
to currently best competitor. Our findings highlight the po-
tential of optimization-driven scheduling in SMT and offer
insights into effective solver combinations.

In the future, we plan to extend it to small and diverse
datasets, exploring finer-grained scheduling, and enabling
data-driven control over the internal algorithms of SMT
solvers. Moreover, we intend to integrate SMTgazer into client
tools such as model checkers and symbolic executors to further
enhance their performance.

VIII. DATA AVAILABILITY

The implementation of SMTgazer, all adopted subjects,
and detailed experimental results are publicly available at our
repository: https://github.com/Bazoka13/SMTgazer.
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