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Abstract This paper presents MachSMT, an algorithm

selection tool for Satisfiability Modulo Theories (SMT)

solvers. MachSMT supports the entirety of the SMT-

LIB language and standardized SMT-LIB theories, and

is easy to extend with support for new theories. Mach-

SMT deploys machine learning (ML) methods to con-

struct both empirical hardness models (EHMs) and pair-

wise ranking comparators (PWCs) over state-of-the-art

SMT solvers. Given an input formula in SMT-LIB for-

mat, MachSMT leverages these learnt models to output

a ranking of solvers based on predicted runtimes.

We provide an extensive empirical evaluation of Mach-

SMT to demonstrate the efficiency and efficacy of Mach-

SMT over three broad usage scenarios on theories and

theory combinations of practical relevance (e.g., bit-

vectors, (non-)linear integer and real arithmetic, arrays,

and floating-point arithmetic). First, we deploy Mach-

SMT on state-of-the-art solvers in SMT-COMP 2019

and 2020. We observe MachSMT frequently improves

on the best performing solvers in the competition, win-

ning 57 divisions outright, with up to a 99.4% improve-

ment in PAR-2 score. Second, we evaluate MachSMT to

select configurations from a single underlying solver. We

observe that MachSMT solves 898 more benchmarks

and up to a 93.4% improvement in PAR-2 score across 23

configurations of the SMT solver cvc5. Last, we evaluate

MachSMT on domain-specific problems, namely net-
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work verification with simple domain-specific features,

and observe an improvement of 77.3% in PAR-2 score.
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1 Introduction

Satisfiability Modulo Theories (SMT) solvers are tools

to decide the satisfiability of formulas over first-order

theories, such as the theories of bit-vectors, floating-

point arithmetic, integers, reals, strings, arrays, and

their combinations. Prominent examples of SMT solvers

are Bitwuzla [59], Boolector [60], CVC4 [13], cvc5 [8],

MathSAT [23], SMTInterpol [22], STP [29],Yices [25],

and Z3 [13, 57]. In recent years, SMT solvers have had
a revolutionary impact on applications in software en-

gineering (broadly construed), such as software test-

ing [20, 63] and verification [18, 28, 33, 50], as well as in

sub-fields of AI [36, 44, 70]. This impact is a driver for

an insatiable demand for evermore efficient solvers, not

only to scale to larger instances obtained from existing

applications (e.g., automatic bug-finding in commercial

software [5, 31]), but also to solve problems from new

application domains (e.g., verification and synthesis of

cryptographic primitives [16]).

Motivation for Algorithm Selection for SMT

Solvers. In response to this high demand, the SMT

community has developed a plethora of solver heuris-

tics and configurations. For example, in the 2019 edi-

tion [37] of the annual SMT-COMP competition [82],

more than 50 solvers and their configurations were sub-

mitted. Many of these solvers implement very differ-

ent algorithms to tackle the satisfiability problem for (a

combination of) first-order theories, with significantly
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varying performance profiles. For example, for the quan-

tifier-free theory of floating-point arithmetic (QF FP),

there exist several substantially different decision pro-

cedures, e.g., word-blasting [19], abstract CDCL [17],

inter-reduction methods [72], and reduction to global

optimization [14,27]. In this specific setting of floating-

point arithmetic, input instances may be derived from a

variety of applications, such as software verification or

analysis of machine learning (ML) models [74]. A very

natural question arises in such a scenario: which solver

or configuration is best for a given input instance?

Another well-known issue with many SMT solvers

(even state-of-the-art ones) is that users may not know

a priori which formula features or encoding would make

an instance easy to solve. This can be very frustrating

for users as they have to try a large number of different

encodings with different solvers in order to find a combi-

nation that works best for their specific scenario, which

may result in a combinatorial explosion. Users have also

noted that as their applications change, what was once

a great solver configuration in an earlier setting is sud-

denly underperforming in the newer one. One possible

approach to address this problem is to use a portfolio

of solvers, which has been successful in the context of

SAT solvers. Unfortunately, given the plethora of SMT

solvers and solver configurations (cvc5 [8] alone utilizes

23 different configurations in a sequential portfolio set-

ting for quantified logics), such an approach quickly be-

comes infeasible.

One way to address the above-mentioned problems

is to use an automated algorithm selection tool that can

automatically and accurately predict the best algorithm

from a given set of algorithms for a specific input. Such

a tool selects the best SMT solver from a set of solvers

for a given SMT formula. Note that in the following,

in the context of algorithm selection, we will use algo-

rithm, solver configuration and solver interchangeably

when understood from the context.

Brief Overview of MachSMT. In this paper, we

introduce MachSMT, a machine learning-based algo-

rithm selection tool for SMT solvers. MachSMT sup-

ports the entirety of the SMT-LIB language [11] and

standardized SMT-LIB theories [10], and is easy to ex-

tend with support for new theories. MachSMT is writ-

ten in Python and takes as input an instance for a

specified logic (a combination of theories with or with-

out quantifiers) of interest and outputs a ranking of

solvers predicted to have the lowest runtime. Internally,

MachSMT is a set of machine learnt models constructed

by analyzing the runtimes of solver configurations on

benchmarks with respect to a predefined set of features,

as given in Table 1. These features include the frequency

of occurrences of grammatical constructs (e.g., predi-

cates, operators, bindings) and syntactical features that

can have an influence on performance (e.g., quantifier

nesting levels).

At its core, MachSMT utilizes two techniques for

algorithm selection: empirical hardness models (EHMs)

and pairwise ranking comparators (PWCs). In addition,

it pipelines the set of features defined in Table 1 with

feature preprocessing and Principal Component Analy-

sis (PCA). By default, MachSMT uses scikit-learn [65]

with Adaboosting for classification and regression mod-

els. It is, however, ML framework-agnostic with a highly

abstract interface and a built-in PyTorch interface [64].

An EHM for a given solver is a mapping from an

input instance to a predicted runtime of the solver on

that input. At runtime, MachSMT queries all EHMs

for all solvers that were considered during training on

the given input and outputs a ranking of solvers based

on their predicted runtimes (the top-ranked solver is

predicted to solve the input problem the fastest). In

contrast, a learnt PWC is a mapping that takes as in-

put a pair of solvers and an input instance, and out-

puts a ranking over the input solvers based on which is

predicted to have a lower runtime on the given input.

During evaluation, MachSMT uses the learnt PWC as a

comparator to rank the set of solvers on a given input.

While algorithm selection has been considered in

the broad setting of satisfiability solvers (e.g., QBF

solvers [67] and SAT solvers [86]) as well as certain

specific SMT theories [7, 75, 83], we are not aware of

previous work on algorithm selection aimed at the en-

tirety of SMT-LIB [10] and its standardized theories.

Our results demonstrate that the MachSMT algorithm

selector is highly effective, as it outperforms the best

performing solvers in the competition on the majority

of tracks from the SMT-COMP in 2019 and 2020.

Perhaps the first algorithm selection tool in the con-

text of logic solvers was SATZilla [86]. Since its intro-

duction, SATZilla has had a tremendous impact on SAT

solver research, winning multiple gold medals in previ-

ous SAT competitions. MachSMT differs in several sig-

nificant aspects from SATZilla. In particular, SATZilla

deploys a feature selection scheme to avoid the curse

of dimensionality, while MachSMT leverages a learnt

dimensionality reduction scheme, Principal Component

Analysis (PCA). In fact, a feature selection scheme would

not scale in the context of SMT solvers given the very

large number of learnt models that are incorporated

into MachSMT. We discuss additional differences be-

tween SATZilla and MachSMT at length in Section 8.

It goes without saying that MachSMT is only as

powerful as the underlying solvers that it has access to.

MachSMT is clearly not a replacement for any partic-

ular SMT solver, but rather a tool that enables users
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to leverage the collective strength of the diverse set of

algorithms and configurations implemented as part of

these sophisticated solvers.

Contributions. In this paper, we make the follow-

ing contributions:

1. The MachSMT Algorithm Selection Tool. We

present MachSMT, an algorithm selection tool for

the entirety of SMT-LIB [10] and its standardized

theories. Our tool uses machine learning (ML) to

construct EHMs and PWCs of solvers for algorithm

selection and is designed to be easily tuned and

extended by SMT solver users (see Section 3). All

source code is available at [1].

2. Analysis of MachSMT over SMT-COMP 2019

and 2020 Benchmarks and Solvers. We per-

form an empirical analysis of MachSMT across all

divisions from SMT-COMP 2019 and 2020. We ob-

serve that MachSMT improves on the best perform-

ing solvers in the competition in 57 divisions, with

up to 99.4% improvement in performance for the

QF BVFPLRA SQ’20 division, and up to 89.0% for

the QF UFBV SQ’19 division (see Section 4).

3. Analysis of MachSMT for cvc5 Configura-

tion Selection: We perform an empirical analy-

sis of MachSMT to select from 23 different config-

urations of the cvc5 SMT solver [8] across multiple

logics. We observe that MachSMT solves an addi-

tional 898 benchmarks over the competition version

of cvc5 (Section 5).

4. Analysis of MachSMT Leveraging Domain-

Specific Knowledge: We perform an empirical anal-

ysis of MachSMT from three solvers (Bitwuzla [59],

cvc5 [8], and Z3 [57]) to solve benchmarks from a

network verification application. We evaluate Mach-

SMT with and without domain-specific features (see

Section 6). We observe MachSMT to considerably

improve on the best standalone solver, and even

more significantly with domain-specific features.

This article is an extension of the work presented

in [73], and expands on leveraging the learnt models

for resource allocation (Section 3.5). It further includes

two novel experiments: using MachSMT to improve the

scheduling of the sequential portfolio configurations of

the SMT-COMP’21 submission of cvc5 (Section 5), and

leveraging domain-specific knowledge to boost predic-

tions of MachSMT (Section 6).

The rest of this paper is structured as follows. Sec-

tion 2 provides the necessary background, Section 3

gives a technical description of MachSMT, Section 4

gives an experimental evaluation of MachSMT over SMT-

COMP 2019 and 2020, Section 5 gives an experimen-

tal evaluation of MachSMT for solver configuration se-

lection, Section 6 gives an experimental evaluation of

MachSMT leveraging domain-specific knowledge, Sec-

tion 7 provides an analysis of the experimental results,

Section 8 describes related work, and Section 9 con-

cludes the paper.

2 Background

In this section, we provide some background on SMT,

algorithm selection via EHMs and PWCs, and the ma-

chine learning methods we use.

2.1 A Brief Overview of Satisfiability Modulo Theories

Satisfiability Modulo Theories (SMT) solvers determine

if a first-order formula is satisfiable with respect to

some combination of background theories. Such back-

ground theories include the theories of arrays, bit-vec-

tors, floating-point arithmetic, integers, reals, and strings,

which all have a wide range of applications in verifica-

tion, program analysis, and testing. The SMT-LIB in-

put format provides a standardized syntax and seman-

tics for a multitude of first-order theories and their com-

binations (also called “logics”) [12]. In this paper, we

use the following acronyms (given in brackets), option-

ally in combination, to refer to such SMT-LIB logics:

quantifier-free (QF), arrays (A), uninterpreted functions

(UF), bit-vectors (BV), floating-point arithmetic (FP),

algebraic datatypes (DT), strings (S), integer arithmetic

(IA), real arithmetic (RA), or mixed integer real arith-

metic (IRA). Further, arithmetic over integers and reals

can be linear (e.g., LIA, LRA), non-linear (e.g., NIA,

NRA), or difference logics (IDL, RDL). For combina-

tions of acronyms, their order appears in the order given

above. In addition, each theory defines various oper-

ators (e.g., bvadd for bit-vector addition), predicates

(e.g., = for equality), sorts (e.g., Int for integer sort,

Float32 for single-precision floating-point sort), and

generalized keywords (e.g., assert, check-sat). For a

complete list, as well as more details on syntax and

semantics, we refer to the SMT-LIB standard [12].

2.2 A Brief Overview of Algorithm Selection

The idea of algorithm selection was first proposed and

formalized by Rice [68] in 1976. It is common knowl-

edge that given a set of different algorithms and im-

plementations for the same specification or problem,

it is often the case that one of these implementations
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may perform poorly on a given class of inputs while an-

other might perform very well. This is especially true

for problems believed to be computationally hard (e.g.,

NP-hard). The reasons for this phenomenon could be

as diverse as the choice of data structures, fundamental

differences between algorithms, or the fact that heuris-

tics implemented as part of one algorithm can exploit

the input problem structure or the underlying hardware

better than others.

It is natural to want to exploit the diversity in al-

gorithmic approaches to minimize the cumulative run-

times. In practice, users often deploy greedy algorithm

selection—picking the best-observed algorithm based

on empirical analysis and testing. However, greedy al-

gorithm selection can be sub-optimal when the empir-

ically best algorithm has deficiencies relative to other

algorithms on certain families of inputs.

With the recent advances in AI and ML, researchers

are beginning to leverage these new technologies to ad-

vance algorithm selection. In the context of ML-driven

algorithm selection for satisfiability solvers, to the best

of our knowledge, there exist two fundamental approaches:

the use of Empirical Hardness Models (EHMs) [87] and

Pairwise Ranking Comparators (PWCs) [89].

2.2.1 Algorithm Selection via Empirical Hardness

Models (EHMs)

Let I be an input in the language of a set of algo-

rithms S with a corresponding feature vector x⃗ ∈ Rn.

For an algorithm s ∈ S, an EHM is a learnt function

fs : Rn → R that predicts the runtime of s on I.
An EHM is constructed with an ML regression model

trained on collected runtime data. The algorithm is

then selected by computing the global minimum of fs
over x⃗ as follows.

argmin
s∈S

fs(x⃗)

2.2.2 Algorithm Selection via Pairwise Ranking

Comparators (PWCs)

For each unique solver pair (s, s′) for s, s′ ∈ S and

s ̸= s′, we construct a learnt comparator f(s,s′) : Rn →
{0, 1}. Given a solver input I with its feature vector

x⃗ ∈ Rn, the comparator f(s,s′)(x⃗) returns 0 if solver s

solves I faster than s′, and 1 otherwise. We compute a

ranking of algorithms as a map r over S, where r[s] is

the ranking of algorithm s that represents “how many

algorithms in S are faster than s on input I” as follows.

r[s] =

s̸=s′∑
s′∈S

f(s,s′)(x⃗)

The selected algorithm is then the minimum ranked

algorithm, computed as the argmin of r[s] as follows.

argmin
s∈S

r[s]

2.3 Supervised Learning, Adaptive Boosting, Curse of

Dimensionality, and K-Fold Cross-Validation

Supervised learning is one of the most predominant ar-

eas of ML. It takes as input a data set of features X

and labels Y , where each data point x⃗ ∈ X has a label

y ∈ Y . A data point is a real-valued vector x⃗ ∈ Rn de-

scribing a sample. The learning problem is said to be a

classification problem if the labels y ∈ Y come from a

fixed and finite set of classes C (e.g., a set of algorithms).

Alternatively, the learning problem is a regression prob-

lem if the labels are real-valued (e.g., runtimes). In this

paper, we will consider three regression techniques: Ad-

aBoost, Deep Neural Networks, and Ridge Regression

which are used in Sections 4, 5, and 6 respectively.

One efficient and effective approach to supervised

learning is Adaptive Boosting (AdaBoost). AdaBoost is

an ensemble approach to machine learning invented by

Freund and Schapire et al. [26], which won the Gödel

Prize in 2003. In ensemble learning, a set of learning

algorithms (e.g., weak learners) are trained, and pre-

dictions are made diplomatically across the set [51]. We

use an ensemble of 200 decision trees in the AdaBoost

algorithm. For more, we refer to Drucker et al. [24]. Ad-

aboosting is one of the most popular supervised learn-

ing algorithms due to its out-of-the-box effectiveness in

creating non-linear models.

For linear models, one efficient and effective ap-

proach is Ridge Regression, in which a linear model is

trained by optimizing over mean square error and in-

cludes a L2 regularization penalty.

Finally, deep neural networks (DNN) are an ex-

tremely effective, biologically inspired, supervised learn-

ing technique that have had significant impact in a

plethora of different domains, with a large amount of

literature [32,49]. As used in this work, a DNN is com-

posed of multiple layers of neurons, where each layer

corresponds to a learnt linear transformation followed

by a non-linear activation function.

While supervised learning has had tremendous im-

pact in several research areas, there are pitfalls such as

the curse of dimensionality (CoD). For example, con-

sider the convex polytope P formed around the con-

vex hull of X. The volume of P increases exponentially

with the dimensionality of X, requiring an exponen-

tial amount of data points to avoid extreme sparsity

in X. Sparsity in data sets is one of the leading causes
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of poor performance in learnt models [34]. There ex-

ists a large amount of literature on managing the CoD.

In this paper, we discuss feature selection and deploy

dimensionality reduction solutions. In feature selection,

a new data set X ′ is computed from X by selecting

the subset of most performant features on a validation

data set. Feature selection was utilized in the SATZilla

algorithm selection tool for Boolean satisfiability [86].

Despite the success of feature selection in SATZilla,

feature selection does have some flaws. First, there is a

significant loss of information. In the case of SATZilla, a

feature vector composed of more than a hundred values

describing an input is reduced to just five values. Sec-

ond, the total number of feature subsets is exponential

in the number of features. While there exist techniques

to reduce the time spent searching for high-performing

subsets [45,84], in our experiments, we found feature se-

lection to be the most computationally expensive com-

ponent of the SATZilla framework.

When evaluating the performance of a supervised

learning model, a training set is used to construct the

learnt model, and a testing set is set aside to evaluate.

However, this method alone can be prone to overfitting

and selection bias [56,71]. Instead, it is common to use

k-fold cross-validation to evaluate learnt models. In k-

fold cross-validation, the data set is first randomly par-

titioned into k subsets. The learnt model is then trained

on k−1 sets and evaluated on the set that was excluded

from training. This training and evaluation process is

repeated for every subset to obtain fair predictions.

2.4 Unsupervised Learning and Principal Component

Analysis

In contrast to supervised learning, unsupervised learn-

ing is the study of detecting patterns in an unlabelled

data set X. Applications of unsupervised learning in-

clude dimensionality reduction [81, 85], clustering [35,

91], and anomaly detection [2, 48].

Principal Component Analysis (PCA) is an unsu-

pervised learning dimensionality reduction technique,

which computes an orthogonal transformation of a data

set X composed of points in Rn to a new data set X ′

composed of points in Rn′
where n′ < n. It is an incre-

mental algorithm where a new component (or dimen-

sion) is computed in each iteration. On the first iter-

ation, a hyperplane is fit around the data set X, and

its corresponding spanning vector is the first element of

the basis around the transformation onto X ′. On each

subsequent iteration, a new hyperplane is computed un-

der the additional constraint of being orthogonal to its

predecessors. This process is repeated until the desired

number of iterations is achieved [38,85].

3 An Overview of MachSMT

In this section, we provide an overview of the Mach-

SMT tool. The architecture diagram of MachSMT is

presented in Figure 1.

3.1 Features and Preprocessing

By default, MachSMT defines a feature vector with 196

entries (i.e., dimensions). This feature vector can op-

tionally be extended with user-defined features (see Sec-

tion 3.6). A complete description of each predefined

feature is provided in Table 1. We use two strategies

to mitigate taxing feature calculation times, which can

severely impair algorithm selection solutions. First, all

features are entirely syntactical properties of the in-

put. This is a major difference between MachSMT and

other algorithm selection solutions, such as SATZilla.

Second, all features are calculated within a strict and

user-adjustable time limit (default 10s). On a timeout,

the feature value is recorded as −1.0.

By default, MachSMT performs three key prepro-

cessing steps before constructing any learnt models over

a given data set. The entirety of the ML pipeline is

mutable, and MachSMT has an interface to connect

to any major ML platform. We describe each subse-

quently. First, all feature values are scaled to zero mean

and unit variance1. This data normalization technique

is common in ML research and applications to improve

model efficiency and numerical robustness.

The second step in the preprocessing pipeline is com-

puting the polynomial interaction terms of degree two

on the normalized feature vector. These polynomial fea-

tures make interacting correlations of features explicit.

These first two preprocessing steps are included in the

SATZilla preprocessing pipeline [90].

As discussed in Section 2, ML in a high dimensional

space is prone to the curse of dimensionality. While

other algorithm selection tools (e.g., SATZilla) com-

monly implement feature selection solutions, we pro-

pose to use learnt dimensionality reduction, namely,

PCA. As discussed above, feature selection can be a

proactive solution to the curse of dimensionality but

presents many challenges when applied to SMT. Inter-

nally, MachSMT manages up to more than a thousand

learnt models (e.g., in the context of our SMT-COMP

analysis in Section 4), and calculating optimal feature

subsets for each one is infeasible.

The third and final preprocessing step is (option-

ally) applying PCA to the polynomial features. The

1 x−µ
σ

, where x is a feature sample, µ is the mean across
the specific feature on the training set, and σ is the deviation
across the specific feature on the training set.
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Fig. 1 Architecture of MachSMT.

final feature vector is composed of the first 35 principal

components and is used to construct the learnt mod-

els with AdaBoost. This step can dramatically improve

building times on larger data sets with many logics.

Furthermore, several supervised learning techniques are

more performant with PCA enabled. Concretely, Mach-

SMT computes the 196+ features from the input, and

the means and deviations are computed on each compo-

nent in the feature vector across the provided data set.

MachSMT then expands this vector by computing poly-

nomial interaction features of degree 2 (i.e., products of

all components), resulting in an expanded feature vec-

tor of nearly 40,000 dimensions. Finally, we reduce this

to a vector space of just 35 dimensions with PCA, which

aims to preserve as much of the original information as

possible from this large vector space. The reduction to

35 dimensions is a hyperparameter of PCA and Mach-

SMT, and was empirically determined.

3.2 Supervised Learning Core

Depending on the quality and type of data available,

different machine learning techniques may have differ-

ent tradeoffs, as well as development and production

constraints. For example, linear ridge regression is a

popular regression algorithm for algorithm selection [90]

with relatively very fast training times and very inter-

pretable models. It is, however, not always the most

performant technique. On tabular data problems, deci-

sion trees and AdaBoosting increase the overall accu-

racy of the learned models at the cost of interpretability

and training times. Furthermore, it may be beneficial

to deploy deep learning techniques in the presence of

large amounts of data or significant resources.

MachSMT is written in Python and aims to be ML

framework and algorithm agnostic. By default, Mach-

SMT leverages scikit-learn [65] and numpy [39]. How-

ever, it is easy to extend MachSMT to support any

ML model/pipeline under scikit-learn syntax, specifi-

cally, any class with fit and predict methods. Fur-

thermore, it includes interfaces to other relevant frame-

works, notably PyTorch [64] and XGBoost [21]. By de-

fault, MachSMT is configured to use AdaBoost with

200 decision tree estimators and linear loss as its super-

vised learning core. Alternatively, it can be configured

to use linear ridge regression or a multi-layer perceptron

(MLP) deep neural network.

3.3 Configurations of MachSMT

MachSMT implements the following algorithm selec-

tion solutions.

1. Mach-LogicEHM – This configuration of Mach-

SMT is analogous to the algorithm selection ap-

proach taken by SATZilla, with an EHM is con-

structed for every solver/logic pair. As state-of-the-

art SMT solvers implement significantly different al-

gorithms depending on the logic of the input prob-

lem, data points from different logics could nega-

tively skew predictions.

2. Mach-LogicPWC – This configuration of Mach-

SMT deploys the PairWise comparator approach

as described in Section 2. In this configuration of

http://orcid.org/0000-0002-4145-1612
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Feature Description

1–4 Frequency of constructs for problem description
(as, assert, check-sat, check-sat-assuming)

5–13 Frequency of constructs for declaration and
definition (e.g., declare-const, define-fun, . . . )

14–15 Frequency of echo and exit constructs
16–27 Frequency of get-* constructs

(e.g., get-model, get-unsat-core, . . . )

28–29 Frequency of push and pop constructs

30–31 Frequency of reset and reset-assertions

constructs

32–34 Frequency of set-* constructs
(set-info, set-logic, set-option)

35–36 Frequency of forall and exists bindings

37 Frequency of let bindings

38–48 Frequency of core and Boolean constructs
(e.g., true, Bool, and, or, =>, ite, . . . )

49–51 Frequency of constructs of the theory of
arrays (Array, select, store)

Feature Description

52–87 Frequency of constructs of the theory of
bit-vectors (e.g., BitVec, bvor, bvadd, bvult, . . . )

88–133 Frequency of constructs of the theory of
floating-point arithmetic (e.g., FloatingPoint,
RNE, fp.add, fp.leq, fp.isNaN, . . . )

134–148 Frequency of constructs of the theories of
integers and reals (e.g., Int, Real, >, +, *
to real, is int, . . . )

149–184 Frequency of constructs of the theory of
strings and regular expressions (e.g., String,
RegLan, str.len, str.++, re.diff, . . . )

185 Avg. number of selects per array

186 Avg. store chain depth per array

187–189 Avg./Median/Deviation of the depth of BV adder chains

190–192 Number and ratio of forall/exists variables

193 Avg. quantifier nesting level

194–195 Avg. arity and number of applications of
uninterpreted functions

196 Size of the smt2 file in bytes

Table 1: Complete list of the 196 features used in MachSMT.

the PWC, comparators are trained for every pair of

solvers on the benchmarks of a common logic.

3. Mach-Greedy – In this configuration, the algo-

rithm that performed the best over the training data

is returned. Similar to Mach-LogicEHM and Mach-

LogicPWC, it is filtered by the logic. This solution

is a fallback for when MachSMT fails to learn a

model that improves on the best standalone solver

(as determined by the SMT-COMP results).

By default, MachSMT creates models for Mach-EHM

and Mach-Greedy in the presence of one logic, and

Mach-LogicEHM in case of multiple logics. In evalua-

tion, MachSMT evaluates the performance of each ap-

proach on each logic. In deployment, MachSMT uses

the approach that had the best-observed performance

in evaluation.

3.4 Using MachSMT

MachSMT consists of three core tools, which are used

to build, evaluate, and deploy MachSMT, respectively.

1. machsmt build – This tool is the interface for build-

ing MachSMT’s database around the solvers and

benchmarks provided by the user. It takes as input

a csv data file with columns solver, benchmark, and

score. The solver column denotes the name of the

solver, and the benchmark column indicates where

the benchmark is located. We use PAR-2 as score,

with penalties for timeouts and incorrect answers

(see Section 4.2). With default settings, the out-

put of machsmt build is a library directory con-

taining the database and learnt models. For exam-

ple, on input data.csv with output directory dir,

machsmt build is called as follows:

1 $ machsmt build −f data.csv −l dir

2. machsmt eval – This tool takes as input the library

directory with the database and learnt models gen-

erated by machsmt build, evaluates them under k-

fold cross validation, and provides a summary of

the results. machsmt eval further tunes MachSMT

to use the best empirically observed configuration

based on the logic of the input benchmark. For ex-

ample, on dir, it is called as follows:

1 $ machsmt eval −l dir

3. machsmt – This tool is the primary interface to Mach-

SMT’s algorithm selection. Given an input bench-

mark and the library files generated above, machsmt

will output a ranking of solvers, ordered from pre-

dicted to solve the input the fastest (top) to slow-

est (bottom). An example usage of machsmt on in-

put file example.smt2 with library directory dir is

given in Figure 2.

3.5 Allocating Resources with MachSMT

In Figure 2, we present an example commandline

usage of MachSMT primary prediction interface. We
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1 $ machsmt example.smt2 −l dir
2 MachSMT selects: bitwuzla
3 bitwuzla 81.102%
4 cvc4 16.180%
5 Z3 2.718%

Fig. 2 Example Usage of MachSMT.

suggest two different ways to allocate resources: either

greedily spend all resources on the top selected solver

or allocate resources based on the suggested allocation

(see Section 5 for a comparison).

MachSMT utilizes a resource allocation scheme that

leverages ideas from deep neural networks—specifically,

softmin, an output activation function that computes

the smooth minimum of, in our case, a vector x⃗ of pre-

dicted solver runtimes. Leveraging EHMs yields a pre-

dicted runtime xi for every solver si ∈ S. The regres-

sion models can be poor at predicting absolute ground

truth runtime accuracy, but the predicted runtimes of

the solver EHMs relative to each other, however, can

be indicative for algorithm selection. We thus chose to

compute the suggested resource allocation for a solver

si as a softmin of xi, defined as follows.

softmin(xi) =
e−xi

n∑
j=1

e−xj

The softmin activation function normalizes predicted

solver runtimes to predicted probabilities, and is in-

spired by classification in ML, where the softmax out-

put activation function is frequently used to compute

a smooth maximum. In contrast to softmax, softmin

allows us to give preference to lower runtimes.

3.6 User-defined Features

MachSMT provides a simple interface for users to ex-

tend its set of predefined features with user-defined

features. Each new feature is represented as a Python

method that returns a single floating-point number (or

an iterable that returns floating-point numbers). Fea-

tures can be disabled, by having the user-defined pro-

cedure return None. All user-defined features are auto-

matically included in building MachSMT and can sig-

nificantly affect the accuracy of MachSMT when engi-

neered to target a specific class of benchmarks.

4 Experimental Evaluation of MachSMT on

SMT-COMP 2019 and 2020 Data

In this section, we present the evaluation of MachSMT,

specifically on the benchmarks, solvers, and solver run-

time analysis from SMT-COMP 2019 [37] and 2020 [9].

The results of this experiment are summarized in Ta-

bles 2 to 5 and Figure 3.

4.1 Experimental Setup and Methodology

In this experiment, we used the benchmarks, timing

analysis, and solvers provided by the organizers of the

SMT-COMP 2019 and 2020 competitions [9, 37]. The

competition is organized in tracks, which are split into

divisions. In 2019 and 2020, as in the years before [82],

a division corresponded to an SMT-LIB logic. We con-

sider all divisions of the Single Query (SQ) and Incre-

mental (INC) tracks for each year. In the SQ track, each

input only contains a single check-sat query, whereas

in the INC track, inputs contain multiple such queries.

In both years, all solver input queries were per-

formed on the StarExec computing service [76], which

consists of a cluster of 2.4 GHz Intel Xeon machines

running Red Hat Enterprise Linux 7.2. Each solver/

benchmark pair was configured to have four cores and

60GB of memory available. The time limit for each pair

was 2400 seconds in 2019, and 1200 seconds in 2020.

For this experiment, we configure MachSMT with

AdaBoost with 200 decision tree estimators and linear

loss as its supervised learning core. Further, we eval-

uate MachSMT in all of its configurations (as intro-

duced in Section 3.3) using k-fold cross validation with

k = 5. For cross-validation, the data set is randomly

partitioned into k subsets per division and year. For

more details on cross validation, see Section 2.

As we are leveraging data collected by the SMT-

COMP organizers, we do not rerun with the alloca-

tion scheme as outlined in Section 3.5. Instead, we use

whichever solver had the lowest predicted runtime. Note

that this is usually slower than the allocation scheme.

4.2 Experimental Results

For each division, we compare MachSMT against the

best solver of the division in the competition (including

non-competing solvers). For the Single Query track, we

evaluate solvers across, according to PAR-2 scores [55].

Given the wallclock runtime w and the wallclock time

limit t, we compute the PAR-2 score as w on successful

termination, 10 ∗ t for an incorrect answer, and 2 ∗ t

for any other case of unsuccessful termination. For the

http://orcid.org/0000-0002-4145-1612
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Logic in SQ’20 Best
PAR-2

Random Best VBS Mach-LogicEHM Impr. [%]

QF BVFPLRA (153) MathSAT5 48277.5 31111.1 159.5 174.7 99.4
LIA (299) CVC4 393648.4 37071.9 2697.3 12490.4 66.3
BVFP (224) CVC4 289843.2 266428.9 54434.9 95958.1 64.0
QF UFBV (217) Yices 35418.8 22343.0 5343.9 9356.6 58.1
UFDTNIRA (736) Vampire 561429.7 177066.7 48076.2 75373.3 57.4
QF LIA (2508) CVC4 1246085.0 579953.4 169595.8 269473.4 53.5
BV (696) CVC4 459663.8 239717.7 60146.9 129250.2 46.1
QF UFNRA (27) Yices 42957.1 12929.8 4670.0 7902.6 38.9
QF ALIA (116) Yices 39316.5 68.5 32.9 45.8 33.2
QF NRA (2230) Yices 1832304.9 1132073.9 468148.2 812778.6 28.2
AUFDTNIRA (300) Vampire 268191.0 23710.6 5964.7 17211.1 27.4
QF ABVFPLRA (41) CVC4 15213.5 3269.6 30.0 2436.3 25.5
FP (993) Z3 928925.1 462175.2 306571.7 404901.1 12.4
QF IDL (834) Yices 468813.2 234514.8 182994.3 211312.8 9.9
AUFDTLIRA (4878) CVC4 4139948.8 1316952.2 1003100.6 1189167.9 9.7
UFDTLIRA (4296) CVC4 4088170.6 1936992.8 1709161.2 1769376.9 8.7
QF BV (6861) Bitwuzla 1729172.7 431768.2 244154.8 400073.9 7.3
QF ANIA (94) MathSAT5 66033.4 617.9 251.1 573.9 7.1
UFNIA (5041) Vampire 6813123.2 913033.2 603779.5 861190.5 5.7
AUFLIA (1310) Vampire 1069749.1 507919.1 361485.5 481708.6 5.2
UFBV (72) Z3 96086.8 55232.8 52830.0 52832.7 4.3
ABV (169) Z3 357625.1 307762.2 295252.8 297652.7 3.3
QF NIA (9195) MathSAT5 10541986.4 7230607.6 4390297.4 7024329.8 2.9
AUFNIRA (300) Vampire 627468.0 582179.9 549239.6 566789.9 2.6
QF UFLIA (300) Yices 74547.2 56.3 46.2 54.9 2.5
QF RDL (247) Yices 117274.8 83921.9 83164.3 83598.5 0.4
QF UFIDL (300) Yices 40814.8 5523.1 5490.4 5508.2 0.3
AUFLIRA (1346) CVC4 796897.2 243525.3 228066.0 242965.1 0.2
FPLRA (27) CVC4 55202.7 29740.3 29740.3 29740.3 0.0
BVFPLRA (185) CVC4 338419.4 223227.4 223227.4 223227.4 0.0
NRA (93) Z3 69642.8 7497.5 38.9 7498.0 0.0
ABVFP (30) CVC4 40818.9 36003.5 36003.4 36003.5 0.0
UFFPDTLIRA (373) CVC4 525984.4 103911.2 103911.2 103911.2 0.0
AUFBVDTLIA (683) CVC4 1241067.5 791289.9 791289.9 791289.9 0.0
AUFFPDTLIRA (154) CVC4 220808.6 48019.5 48019.5 48019.5 0.0
QF UFLRA (432) Yices 97099.5 4837.3 3287.3 4884.9 -1.0
QF AX (300) Yices 66061.7 6.3 5.3 6.5 -2.8
UFLIA (2278) CVC4 3263274.9 2363827.7 2139934.2 2439073.8 -3.2
ABVFPLRA (75) CVC4 158401.1 136806.3 136806.3 141602.0 -3.5
UFDT (1223) CVC4 2296525.6 1990066.9 1889835.6 2059603.1 -3.5
QF LRA (429) OpenSMT 147136.2 71949.4 46349.1 76132.2 -5.8
UF (2291) Vampire 4042624.6 3122146.8 2917476.7 3326149.0 -6.5
LRA (802) Z3 788146.6 172873.6 71219.3 191840.8 -11.0
QF BVFP (394) Bitwuzla 20315.1 778.4 205.5 883.0 -13.4
QF AUFBV (34) Yices 42033.0 25818.9 20431.4 29298.1 -13.5
QF UFNIA (300) CVC4 152541.4 48058.9 12013.2 55528.3 -15.5
QF FP (247) Bitwuzla 134069.5 78980.8 42799.3 94053.4 -19.1
QF ABV (3385) Bitwuzla 126991.6 48643.1 42430.1 58977.6 -21.2
QF SLIA (27033) CVC4 4751221.5 698072.5 563735.7 889222.2 -27.4
AUFDTLIA (147) CVC4 152649.5 23515.5 23255.2 31105.0 -32.3
QF FPLRA (51) COLIBRI 24654.4 7275.9 162.8 9663.8 -32.8
UFDTLIA (277) CVC4 397736.7 250883.7 207326.4 355323.4 -41.6
QF ABVFP (500) Bitwuzla 66977.7 5460.8 3690.7 9589.7 -75.6
QF UF (2800) Yices 397239.9 388.8 325.8 724.5 -86.3
QF S (927) CVC4 69954.9 10415.2 4324.1 22949.6 -120.3
QF AUFLIA (467) Yices 228647.7 18.3 9.1 2412.6 -13058.7

Table 2: Results of Mach-LogicEHM on data from the SMT-COMP’20 SQ divisions.
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Logic in INC’20 Best
PAR-2

Random Best VBS Mach-LogicEHM Impr. [%]

QF ABV (376) Yices 50028.7 12049.0 2283.9 6493.4 46.1
QF AUFLIA (72) Yices 24978.5 3293.0 2924.5 2927.8 11.1
QF UFLIA (230) Z3 158480.1 129340.4 107652.4 117549.1 9.1
UFLRA (748) Z3 1131365.1 184002.0 159210.5 174155.4 5.4
UFNIA (2029) Z3 3807401.9 2757190.6 1961676.0 2787434.9 -1.1
QF LIA (69) Yices 73247.5 45262.5 40039.5 45830.5 -1.3
QF BVFP (51) Bitwuzla 12529.7 371.3 89.1 379.5 -2.2
QF UF (306) Yices 2645.4 64.3 59.8 66.6 -3.5
UF (2031) Z3 4034456.8 2391318.1 1692446.9 2612107.1 -9.2
AUFNIRA (165) CVC4 146343.7 99766.7 60200.6 116514.8 -16.8
QF AUFBV (30) Yices 28754.0 14092.7 12687.6 17773.8 -26.1
QF BV (484) Bitwuzla 42345.7 20437.5 17019.1 25880.7 -26.6
QF UFLRA (1223) Z3 19339.8 8344.7 5198.8 10607.5 -27.1
QF ALIA (44) Z3 8597.9 702.3 398.0 1517.3 -116.1
QF UFBV (932) Bitwuzla 11434.8 1831.5 832.3 4574.3 -149.8

Table 3: Results of Mach-LogicEHM on data from the SMT-COMP’20 INC divisions.

Logic in SQ’19 Best
PAR-2

Random Best VBS Mach-LogicEHM Impr. [%]

QF UFBV (223) Yices 57238.9 26322.4 2536.0 2891.0 89.0
QF UFNRA (26) Yices 81791.6 20744.2 5635.6 8119.3 60.9
NRA (93) Vampire 161246.9 53040.4 4891.9 24018.8 54.7
QF NRA (2842) Yices 4700323.3 3307748.9 918003.5 1720350.2 48.0
QF FP (225) COLIBRI 311524.5 252284.1 111486.3 177289.9 29.7
BV (823) Q3B 775521.1 407336.7 129831.8 294642.1 27.7
QF LIA (3136) SPASS-SATT 3493282.0 493192.2 183339.1 362941.9 26.4
AUFLIRA (1683) Z3 3302901.6 398577.1 316990.7 327028.9 18.0
QF LRA (546) SPASS-SATT 346010.5 128635.0 63374.3 105550.3 17.9
QF AUFLIA (651) Yices 528768.8 18.6 11.6 15.3 17.5
LIA (299) Z3 749636.7 14.8 11.3 12.9 13.1
AUFLIA (1638) Vampire 3423183.4 1242230.7 851466.2 1104767.7 11.1
UFNIA (6253) CVC4 19759215.9 13320056.8 7804961.4 11927375.3 10.5
QF IDL (1042) Z3 1477558.6 557543.6 437743.1 509547.6 8.6
AUFNIRA (300) CVC4 1302356.6 1171565.6 1110988.5 1155968.5 1.3
FP (1238) Z3 2470540.0 1006063.1 719531.7 1000203.6 0.6
QF UFNIA (300) CVC4 260047.3 72279.0 19207.9 72091.2 0.3
QF RDL (247) Yices 182890.5 162609.5 162070.6 162327.5 0.2
UFDT (1547) CVC4 5342330.5 5011100.6 4601262.4 5004303.6 0.1
QF UFIDL (300) Yices 62584.7 10206.4 10172.4 10197.5 0.1
QF NIA (11494) CVC4 28208367.0 17006943.3 10126265.9 17009089.1 0.0
UFBV (72) Z3 179316.1 110434.2 100836.9 110438.1 0.0
QF AX (300) Yices 107798.6 4.8 4.6 4.8 -0.3
QF AUFBV (41) Yices 39919.8 14811.6 6250.6 14900.5 -0.6
QF BVFP (516) CVC4 25474.1 8997.5 3643.2 9063.2 -0.7
QF UFLIA (300) Yices 193160.2 31.6 19.9 32.0 -1.4
UF (2816) Vampire 10822123.3 8052636.1 7371252.1 8180674.7 -1.6
UFLIA (2848) CVC4 9383261.2 5857081.7 5426481.9 5967471.7 -1.9
QF ABV (7538) Poolector 236916.1 104633.3 84039.8 107399.8 -2.6
AUFDTLIA (275) CVC4 191254.3 46638.2 23377.1 51228.3 -9.8
QF BV (8909) Poolector 4757776.7 868489.1 549558.4 1021521.2 -17.6
LRA (1003) Z3 2022790.0 363124.4 223245.7 473842.6 -30.5
UFDTLIA (299) CVC4 752499.4 495667.2 434393.8 725651.2 -46.4
QF UFLRA (541) SMTInterpol 280508.4 3214.4 1964.0 4972.3 -54.7
QF UF (3512) Yices 1098010.6 422.4 272.8 1451.2 -243.6
QF ALIA (139) Yices 156602.7 57.9 50.1 4852.9 -8274.6

Table 4: Results of Mach-LogicEHM on data from the SMT-COMP’19 SQ divisions.
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Logic in INC’19 Best
PAR-2

Random Best VBS Mach-LogicEHM Impr. [%]

QF UFLIA (302) Z3 377725.6 343663.9 248671.6 267783.4 22.1
QF ABV (469) Yices 165761.3 13054.3 3727.9 11461.8 12.2
QF UFLRA (1529) Z3 33688.3 11937.7 7505.0 10653.4 10.8
QF AUFLIA (72) Yices 7915.0 3029.5 2901.4 2936.0 3.1
UFLRA (935) Z3 3355019.8 223811.2 214824.6 223677.4 0.1
QF UF (383) Yices 341.2 78.2 78.0 78.2 0.0
QF LIA (69) Yices 120316.9 72456.8 68228.8 73274.1 -1.1
AUFNIRA (165) CVC4 465185.6 183826.9 109727.3 200152.9 -8.9
QF AUFBVNIA (32) MathSAT 53475.0 849.6 667.0 1003.1 -18.1
QF BV (583) Boolector 270820.1 40616.1 29793.1 59064.0 -45.4
QF UFBV (1165) Boolector 14560.1 3261.0 638.1 7311.1 -124.2
QF ALIA (44) Z3 3440.9 854.5 394.1 5334.1 -524.3

Table 5: Results of Mach-LogicEHM on data from the SMT-COMP’19 INC divisions.

Incremental track, we use w+(2 ∗ t
n ) ∗ (n−m), with n

the total number of check-sat calls in the input and m

the total number of check-sat calls successfully solved.

The results of this experiment are given in Tables 2

to 5. We consider all divisions that contain at least

25 benchmarks and exclude incremental benchmarks

with only a single check-sat query. We further con-

sider three baselines when evaluating MachSMT: ran-

dom algorithm selection (Random), the best solver of

the division (Best), and the virtual best solver (VBS).

Tables 2 to 5 give the PAR-2 score for each configu-

ration, as well as the percent improvement of Mach-

LogicEHM over the best solver of each division. We

only report the results for Mach-LogicEHM as it is,

overall, the best performing configuration. Note that

the VBS corresponds to perfect algorithm selection and

can therefore not be beaten. We observe that overall

and across all four tracks, MachSMT improves on the

best solver in 57 (out of 119) divisions— for SQ’20 on

28 (out of 56), for INC’20 on 4 (out of 15), for SQ’19

on 20 (out of 36), and for INC’19 on 5 (out of 12).

We present selected cumulative distribution func-

tion (CDF) plots of the top three results with the most

improvement in the SQ’19 and SQ’20 tracks in Figure 3.

In this context, a CDF visualizes how a solver performs

on a database of inputs. A point (x,y) denotes that a

solver S solves y inputs within x seconds each.

4.3 Discussion

In Section 3.3, we describe three configurations of Mach-

SMT. In our evaluation of SMT-COMP data, we ob-

serve that Mach-LogicEHM performs significantly bet-

ter than the other MachSMT configurations. Our ex-

perimental results confirm that algorithm selection (in

particular through the use of EHMs) can be a pow-

erful way to address the combinatorial explosion that

solver users face when trying to decide which solver-

configuration pair is best suited for their application.

We note that MachSMT is particularly powerful in

the context of divisions with a diverse set of solving pro-

cedures, e.g., QF BVFPLRA and QF UFBV. Possible

reasons for divisions where MachSMT performs worse

than the best performing solver are too few (or too ho-

mogeneous benchmarks), lack of diversity of the algo-

rithms to select, and the feature vector not sufficiently

capturing the challenges of an input problem. For exam-

ple, an interesting observation occurs in QF BV logics

of the SQ tracks, on a specific set of small benchmarks,

a benchmark family originating from [61]. This bench-

mark family encodes bit-vector rewrites, which are triv-

ial if a solver implements these specific rewrites. How-

ever, MachSMT is tricked into picking the competition

winner Bitwuzla, even though it misses some of these

rewrites and performs worse on some of these bench-

marks than other solvers. This is mainly due to the

fact that these benchmarks are very small in size, and

Bitwuzla usually outperforms other solvers on instances

of small input size.

As noted in previous work, algorithm selection meth-

ods work well for non-homogeneous benchmarks, espe-

cially where no single algorithm performs best across

the board. EHMs are an effective way to distinguish

between such algorithms and predict which one might

perform the best on a given instance.

The best algorithm selection methods were based on

EHMs. We found that Mach-LogicEHM outperformed

Mach-LogicPWC by a median PAR-2 score improve-

ment of 59.8%. Over Mach-Greedy, on the other hand,

Mach-LogicEHM has a median PAR-2 score improve-

ment of 11.8%.

One major threat to the validity of any ML solu-

tion is the generalizability of the learnt models on un-

seen data. Previous work has noted that a practical



12 Joseph Scott et al.

0 500 1000 1500 2000
Wallclock Runtime [s]

50

100

150

200

So
lv
ed
 B
en
ch
m
ar
ks

VBS
Mach-LogicEHM
Yices
Mach-Greedy
Poolector
Boolector
CVC4
Boolector (2018)
Mach-Random
Z3

(a) QF UFBV (SQ’19)

0 500 1000 1500 2000
Wallclock Runtime [s]

0

5

10

15

20

25

So
lv
ed

 B
en

ch
m
ar
ks

VBS
Yices (2018)
Mach-Greedy
Mach-LogicEHM
Yices
Z3
CVC4
Mach-Random
MathSAT
MathSAT-na
Alt-Ergo
veriT+raSAT+Redlog

(b) QF UFNRA (SQ’19)

0 200 400 600 800 1000 1200 1400
Wallclock Runtime [s]

0

20

40

60

80

So
lv
ed
 B
en
ch
m
ar
ks

VBS
Mach-LogicEHM
Vampire
Z3
Z3 (2018)
Vampire (2018)
Mach-Greedy
CVC4
Mach-Random
UE+MathSAT
UE+Yices

(c) NRA (SQ’19)

0 200 400 600 800 1000
Wallclock Runtime [s]

90

100

110

120

130

140

150

160
So
lv
ed
 B
en
ch
m
ar
ks

VBS
Mach-LogicEHM
MathSAT5
Mach-Greedy
CVC4
Mach-Random
COLIBRI

(d) QF BVFPLRA (SQ’20)

0 200 400 600 800 1000
Wallclock Runtime [s]

50

100

150

200

250

300

So
lv
ed

 B
en

ch
m
ar
ks

VBS
Mach-LogicEHM
CVC4
Mach-Greedy
Z3
Z3 (2019)
Vampire
Mach-Random
UE+MathSAT
SMTInterpol
veriT
veriT+vite

(e) LIA (SQ’20)

0 100 200 300 400 500 600
Wallclock Runtime [s]

80

100

120

140

160

180

200

So
lv
ed

 B
en

ch
m
ar
ks

VBS
Mach-LogicEHM
Z3 (2019)
Mach-Greedy
CVC4
Mach-Random
UE+MathSAT

(f) QF BVFP (SQ’20)

Fig. 3 Comparison of MachSMT, the virtual best solver, and participating solvers in divisions of the SMT-

COMP 2019 and SMT-COMP 2020 Single Query (SQ) Tracks.
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way to address this issue is to use k−fold cross vali-

dation scheme [56, 71], thus motivating our use of this

approach in our experiments. We further note that our

evaluation of MachSMT on SMT-COMP data includes

decades of runtime analysis and more than 100 GB of

benchmarks spanning numerous applications, giving us

greater confidence in the robustness of our results.

5 Experimental Results for Solver

Configuration Selection

In this section, we use MachSMT to predict a ranking

and resource allocation for a set of configurations of a

single solver to be used in a sequential portfolio setting.

5.1 Experimental Setup and Methodology

In this experiment, we evaluate MachSMT for logics

with uninterpreted functions (UF) and quantifiers on

23 different configurations of the SMT solver cvc5 [8],

as taken from its SMT-COMP’21 script2. We use all

benchmarks available in these logics from the 2021 re-

lease of SMT-LIB [10], the number of benchmarks for

each logic is given in parenthesis in Table 6.

This experiment differs significantly from the ex-

periment performed in Section 4 in the sense that all

23 configurations are configurations of a single solver—

they only differ in their configured options, which en-

able or disable different algorithms and heuristics. In

the competition setting, each of these configurations is

ran sequentially, each with a specific time limit, un-

til a solution is found or the overall time limit is ex-
ceeded. Resource allocations (the time limit) per con-

figuration have been determined manually, and are con-

figured based on the overall time limit of the competi-

tion. This sequential portfolio setting is encoded in the

aforementioned competition script of cvc5.

Our goal for this experiment is to utilize MachSMT

to predict a ranking and resource allocations for these

configurations in a sequential setting that outperforms

cvc5’s competition script setting.

In Section 4, we evaluated MachSMT and all of

its configurations (as introduced in Section 3.3) and

observed that Mach-LogicEHM performs best. Hence,

for this experiment, we exclusively consider this con-

figuration. As discussed in Section 3, we suggest two

resource allocation strategies based on the predictions

produced by MachSMT. First, allocating all resources

to the solver with the highest predicted performance.

2 https://github.com/cvc5/cvc5/blob/master/contrib/
competitions/smt-comp/run-script-smtcomp2021

This was the only considered allocation strategy used

in Section 4. Second, we use the resource allocation out-

lined in Section 3.5, where we compute a softmin over

the predicted runtimes produced by the EHMs. We re-

fer to these two configurations of MachSMT as Mach-

SMT and MachSMT–alloc, respectively.

Our experimental setup is analogous to Section 4.

However, for collecting the training data we ran all 23

solver configurations with a time limit of 60 seconds. We

performed all experiments in this section on a cluster

running Ubuntu 16.04 with Intel Xeon E5-2620 CPUs

with 2.1GHz and 128GB memory. At runtime, for each

solver/benchmark pair we used a time limit of 1200 sec-

onds and a memory limit of 8GB. Further, we config-

ure MachSMT’s supervised learning core to train on an

8 layer multi-layer perceptron (MLP) neural network

of 128 neurons each. We use ReLU activation func-

tions with batch normalization applied after each layer

trained on an NVIDIA 2070 GPU for 30 minutes.

5.2 Experimental Results

The overall results of this experiment are presented in

Table 6, which gives the PAR-2 score and the number of

solved instances for each configuration and considered

logic. Figure 4 shows CDF plots of selected logics. In

total, we observe that MachSMT-alloc solves 898 more

benchmarks than the competition version of cvc5, and

improves by 5% in total PAR-2 score. Further, Mach-

SMT is able to improve over the carefully hand-tuned

sequential portfolio of the cvc5 competition script on

the majority of the quantified logics—achieving a lower

PAR-2 score in 13 out of 16 logics while solving more

benchmarks in 14 out of 16 logics with up to a 93.4%

PAR-2 improvement in the AUFDTLIA logic.

6 Experimental Results on Network Protocols

Problems with Domain Specific Features

In this section, we present the evaluation of MachSMT

on a network application, and show how domain spe-

cific knowledge can be utilized to extend MachSMT to

further improve performance. The results of this exper-

iment are summarized in Figure 5.

6.1 Experimental Setup and Methodology

In this section, we evaluate MachSMT’s abilities to lever-

age basic domain specific knowledge to increase the

https://github.com/cvc5/cvc5/blob/master/contrib/competitions/smt-comp/run-script-smtcomp2021
https://github.com/cvc5/cvc5/blob/master/contrib/competitions/smt-comp/run-script-smtcomp2021
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Logic PAR-2 Solved

cvc5 MachSMT MachSMT–alloc cvc5 MachSMT MachSMT–alloc

ALIA (42) 2406.7 2691.3 2921.7 41 41 41
AUFBV (1522) 2689925.2 2608537.5 2608683.6 410 448 446
AUFBVDTLIA (1690) 2403641.5 1961063.1 1967667.0 716 876 873
AUFBVFP (57) 90215.3 86963.7 85188.4 20 21 22
AUFDTLIA (728) 79737.0 5190.7 5264.2 698 728 728
AUFLIA (3276) 1422835.2 1353325.9 1353915.0 2695 2724 2726
AUFLIRA (20011) 626978.9 755386.7 760748.0 19755 19766 19766
AUFNIRA (1480) 1016878.9 1016541.9 1008664.9 1058 1060 1064
UF (7590) 9420855.1 8576358.4 8573813.0 3744 4047 4053
UFBVLIA (208) 497350.9 494424.3 494424.5 1 2 2
UFDT (4569) 5333216.9 5090884.3 5074775.5 2380 2463 2471
UFDTLIA (327) 381207.6 215555.2 204909.8 183 238 243
UFFPDTLIRA (774) 192772.6 182239.3 187409.0 696 701 699
UFIDL (68) 24515.3 24402.7 24408.9 58 58 58
UFLIA (10127) 6041256.6 6115048.8 6077710.4 7625 7610 7630
UFNIA (13463) 13258581.0 13089905.7 12933659.8 7988 8067 8144

Total (65932) 43482374.7 41578519.5 41364163.7 48068 48850 48966

Table 6: Comparison of MachSMT, MachSMT–alloc and the cvc5 competition script on all evaluated logics.

overall prediction accuracy of learnt models and im-

prove MachSMT’s overall performance. For this experi-

ment, we consider network verification problems, specif-

ically, firewall and router queries based on the SecGuru

tool by Microsoft Research [43].

We extend MachSMT via its user-defined feature

interface (outlined in Section 3.6) to capture the ba-

sic attributes of the underlying query. Specifically, we

include the following domain-specific features: categor-

ical features denoting the benchmark type (firewall or

router), number of rules, number of allow rules, num-

ber of deny rules, block rules, IP range width, and port

range width. We train and test on two separate data

sets of 5,000 SecGuru benchmarks.

We consider three underlying solvers: Bitwuzla [59],

cvc5 [8], and Z3 [57]. All benchmarks produced are of

the QF BV logic. We baseline against MachSMT without

the domain-specific features. Both variants of Mach-

SMT are using Mach-LogicEHM mode for algorithm

selection.

All experiments in this section were performed on

the Compute Canada computing service [6], a CentOS

V7 cluster of Intel Xeon Processor E5-2683 running at

2.10 GHz with 8 GB of memory with a wallclock run-

time of 10 minutes. Wallclock runtimes are rounded to

the nearest second.

This data set was collected offline, and we do not

rerun with the allocation scheme as outlined in Sec-

tion 3.5. Instead, we use whichever solver had the lowest

predicted runtime. Note, however, that this is usually

slower than the allocation scheme. In this experiment,

we configure MachSMT’s supervised learning core to

use linear ridge regression with cross-validation on the

regularization parameter3.

6.2 Experimental Results

The results of this experiment are presented as a CDF

plot in Figure 5. Overall, we observe MachSMT to im-

prove on the best standalone solver Bitwuzla by 42.5%

without the domain-specific features, and by 77.3% with

domain-specific features in PAR-2 score. The only dif-

ference between the two configurations of MachSMT

is the inclusion of the additional features—the domain-

specific features account for 34.8% of the total improve-

ment despite their simplicity.

7 Analysis of Experimental Results

One major threat to the validity of any ML solution

is the generalizability of the learnt models on unseen

data. In the context of MachSMT, this scenario arises

when asking MachSMT to solve classes of benchmarks

that are divergent from the ones it has been trained on.

In particular, in Section 4 we deployed k−fold cross-

validation, which partitions the training and testing set.

This scheme and its impacts on accuracy, bias, and er-

ror have been studied extensively [56,71].

Furthermore, logics in SMT-LIB are organized in

families, depending on the source and application of

the benchmarks. Some families contain a small num-

ber of benchmarks, and some logics contain a small

3 sklearn.linear model.RidgeCV

http://orcid.org/0000-0002-4145-1612
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Fig. 4 Comparison of the two different MachSMT resource allocation schemes against cvc5 competition script.

number of families. Both scenarios may result in Mach-

SMT underperforming on a new (or underrepresented)

benchmark set when using the models built on SMT-

COMP data. Generally, when similar data is not avail-

able or underrepresented in the SMT-COMP models,

users are strongly encouraged to include runtime data

for their new benchmarks and rebuild MachSMT. Note

that algorithm selection in the context of floating-point

problems has been shown to generalize on industrial

benchmarks from an independently fuzzed, synthetic

data set [75]. This may be an alternative approach in

cases where not enough benchmarks are available. Al-

ternatively, it may be beneficial to merge related logics

(similarly to what has been done in SMT-COMP to

define divisions since 2021) to achieve larger data sets.

Determining feature importance to improve the ef-

ficiency of ML is an interesting and challenging ques-

tion, MachSMT included. We are aware of two existing

strategies: blackbox analysis on the input-output be-

haviour (e.g., SHAP [53]). Another way is to leverage

model-specific attributes if possible. We do not consider

the former in this paper, and the latter is only applica-

ble to certain types of models.

In this paper, we considered 3 types of ML mod-

els: AdaBoosting (Section 4), multi-layer perceptron

(MLP) neural network (Section 5), and Linear Ridge re-

gression (Section 6). However, only the latter has a way

to extract feature importance directly (via the weights).

In this experiment, we noticed that the weights of the

trained model were significantly higher for the domain-

specific features, in particular the number of allowable

rules and bit-vector multiplication.

By far, the best performing configuration of Mach-

SMT is Mach-LogicEHM. Notably, Mach-LogicEHM out-
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Fig. 5 MachSMT with and without domain-specific knowledge on Network Verification Problems from SecGuru.

performed Mach-LogicPWC andMach-Greedy by a me-

dian PAR-2 score improvement of 59.8% and 11.8%.

From a regression standpoint, the overall model accu-

racy of precisely predicting the runtime for a bench-

mark is quite poor. However, even though individual

predictions might not reflect the ground truth runtime,

the relative ranking of the predicted runtimes can be

highly accurate, as observed in the paper.

The artifact for this paper is available at https://zenodo.

org/record/7383299.

8 Related Work

In this section, we provide an overview of previous work

on algorithm selection in the context of constraint solvers

and contrast it with MachSMT.

8.1 Key differences between SATZilla and MachSMT

As mentioned above, SATZilla was the first algorithm

selection method in the context of logic solvers [86].

While SATZilla inspires our work, MachSMT differs

from SATZilla in several key ways. First, SATZilla de-

ploys a feature selection scheme to avoid the curse of

dimensionality. While good in practice in the SAT set-

ting, feature selection does lose a significant amount of

information. Further, it can be costly to compute opti-

mal feature subsets.

In contrast, MachSMT leverages a learnt dimension-

ality reduction scheme, namely, Principal Component

Analysis (PCA). The key advantage of PCA is that it

does not perform a search for an optimal feature subset

(as is required in the context of feature selection) and

is thus significantly more efficient. Further, MachSMT

deploys a modern ML pipeline, including an ensemble

learning approach, namely Adaptive Boosting [26].

8.2 Algorithm Selection for Logic Solvers and Their

Applications

Algorithm selection tools have a rich history and have

been around at least since 1976, when Rice was the

first to propose the technique [68]. Algorithm selectors

have been extensively used in many contexts, e.g., in

classifiers for machine learning [3], combinatorics [46],

and other NP-hard optimization problems [62, 78, 80].
Within the context of constraint solvers, algorithm se-

lectors have been proposed for QBF [54, 67], SAT [86,

87,88], CSP solvers [4,30,42,47], and recommenders for

ATP tools [77,79].

In the setting of SMT solver applications, symbolic

execution tools have used algorithm selection strate-

gies [83] and portfolio strategies [40] for the specific

classes of instances within the context of the bit-vector

theory. This would be an ideal use case of MachSMT

since we provide a complete solution.

There have been other works using machine learning

to improve the performance of SMT solvers. Balunovic

et al. [7] use neural networks and synthesis to find tac-

tics and strategies for three SMT-LIB theories. A pre-

vious version of our work proposed an algorithm selec-

tion tool for the QF FP theory [75]. To the best of our

knowledge, MachSMT is the first publicly available tool

for the entirety of SMT-LIB. Other works have lever-

aged machine learning to improve internal heuristics in

solvers [15,52,69].

http://orcid.org/0000-0002-4145-1612
https://zenodo.org/record/7383299
https://zenodo.org/record/7383299
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Pairwise ranking has been used in algorithm selec-

tion in the latest versions of SATZilla [89] and in vari-

able selection in the context of splitting heuristics in

divide-and-conquer parallel SAT solvers [58].

Recently, Pimpalkhare et al. released a system for

dynamic algorithm selection on SMT solvers [66]. Their

paper directly compares against MachSMT over four

logics considered in Section 4. The advantage of a sys-

tem like this is when runtime data is unavailable, and

data must be collected online. However, their reinforce-

ment learning approach still requires significant explo-

ration to be predictive, and, in principle, MachSMT

could also leverage the runtime data they collect. Nev-

ertheless, in their evaluation, MachSMT outperformed

their system when runtime data was provided.

9 Conclusions and Future Work

In this paper, we presented MachSMT, the first algo-

rithm selection tool that spans the entirety of the SMT-

LIB logics. MachSMT is designed to be user-friendly

and easily modifiable by users for their specific appli-

cation and SMT solvers of interest.

We extensively evaluated MachSMT over several us-

age scenarios and empirically demonstrated its efficiency

and efficacy. Using MachSMT, we observe improvement

in 57 out of 119 divisions in all tracks from the SMT-

COMP ’19 and ’20, with up to a 99.4% improvement

in PAR-2 score over the best performing solver for the

QF BVFPLRA SQ’20 division.

We further evaluated MachSMT to predict a rank-

ing and resource allocation for 23 configurations used

in the cvc5 competition script and observed that Mach-

SMT was able to solve 898 more benchmarks with up

to an 93.4% improvement in PAR-2 score. Finally, we

evaluated MachSMT on network verification problems

with simple domain-specific knowledge and observed an

improvement of 77.3% in PAR-2 score.

For future work, we plan to extend our feature set

with more (theory-)specific features based on feedback

from the SMT community. Recent research on online

data collection strategies has increased the usability

and pragmatism of algorithm selection [66]. Further-

more, the feature vector in MachSMT has significant

room for improvement. One up-and-coming candidate

for a highly representative feature vector is using learnt

features (i.e., graph neural networks) over the graphi-

cal syntactical structure of the logic of the problem at

hand. This was recently studied by Hula et al. [41] with

promising results.
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