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Abstract

Language models (LMs) have shown impres-
sive reasoning capabilities across various do-
mains. A fundamental question is the extent
of their reasoning power. While recent stud-
ies show that LMs can solve NP-complete
problems, their ability to handle PSPACE-
complete problems remains underexplored. We
investigate regex minimization as a PSPACE-
complete challenge for LMs to address this is-
sue. Regexes, formal expressions for regular
languages widely used in NLP, software engi-
neering (SE), and programming language (PL),
are supported by several efficient tools for their
manipulation grounded in theoretical back-
grounds. Inspired by this, we introduce the
first benchmark for regex minimization con-
taining over a million regexes paired with
their minimal equivalents. Through exten-
sive experiments with two LMs trained on our
dataset and five open-source large language
models (LLMs), we analyze how well LMs
perform on PSPACE-complete problems, high-
lighting their capabilities of generalization and
limitations in reasoning. To the best of our
knowledge, this is the first study to systemat-
ically evaluate LM reasoning in regex mini-
mization and establish a foundation for solving
PSPACE-complete problems with LMs. Our
code is available at https://github.com/
hyundong98/RegexPSPACE.

1 Introduction

Language models (LMs) have demonstrated rea-
soning capabilities across various domains. How-
ever, the extent of their computational reasoning
remains an open question. While recent studies
suggested that LMs can solve NP-complete prob-
lems (Fan et al., 2024a; Bampis et al., 2024), NP-
completeness is not the upper bound of compu-
tational reasoning. PSPACE-complete problems,
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which require polynomial space, are strictly harder
than NP-complete problems unless PSPACE = NP,
offering a more rigorous evaluation of reasoning
capability. Despite the rapid advancements of LMs,
their ability to handle PSPACE-complete problems
remains underexplored.

Addressing this gap, we introduce a new bench-
mark of regular expression (regex) minimization,
a typical PSPACE-complete problem, to evalu-
ate the reasoning capabilities of LMs. Regex
minimization, the task of reducing a regex to its
smallest equivalent form, is practically essential in
domains like natural language processing (NLP),
software engineering (SE), and programming lan-
guages (PL) (Davis et al., 2018; Shen et al., 2018;
Li et al., 2022; Siddiq et al., 2024) for optimizing
search engines (Thompson, 1968), lexical analy-
sis (DeRemer, 1974; Sproat, 2000; Spositto et al.,
2021), and data processing pipelines. However,
regex minimization lacks an efficient algorithm,
requiring an exhaustive search over all possible
expressions (Stockmeyer and Meyer, 1973; Hunt,
1973). Unlike finite automata minimization, which
has a polynomial-time solution (Hopcroft, 1971;
Sipser, 1997; Hopcroft et al., 2007), regex mini-
mization remains intractable under conventional
algorithmic paradigms. This intractability and vast
combinatorial search space make regex minimiza-
tion a strong candidate for evaluating how well
LMs can reason on PSPACE-complete challenges.

We construct the first large-scale benchmark
dataset for regex minimization, consisting of over
a million regexes paired with their minimal equiva-
lents. Through extensive experiments, we compare
LMs trained on our dataset and pretrained large
language models (LLMs) to examine how differ-
ent models approach the task. We further analyze
whether LMs properly handle the inherent reason-
ing challenges of regex minimization. Our results
show that while LLMs exhibit stronger generaliza-
tion, they often fail to apply simple transformation
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rules in regex minimization. Our findings highlight
the need for explicit reasoning mechanisms to en-
hance LMs’ ability to handle PSPACE-complete
problems, establishing a foundation for future re-
search on evaluating the reasoning ability of LLMs.

2 Related Works

2.1 Real-world Applications of Regexes

Among the many PSPACE-complete problems, we
focus on regex-related tasks for several reasons.
Most importantly, regexes have wide-ranging real-
world applications, making the tasks inherently im-
portant. They are practically relevant in natural
language processing, software engineering, and
programming languages (Davis et al., 2018; Shen
et al., 2018; Li et al., 2022; Siddiq et al., 2024).
In particular, finding concise and safe regex repre-
sentations has always been essential in optimizing
search engines (Thompson, 1968). Because of their
prevalence in search, preprocessing, and other ap-
plications, most LLMs have already been exposed
to regexes during pretraining, enabling regex tasks
to serve as natural benchmarks without requiring
additional fine-tuning.

2.2 Rule-based Regex Simplifications

Prior to exploring LLM capabilities, it is essential
to consider traditional algorithmic approaches to
regex reduction. To the best of our knowledge, no
prior work has specifically addressed regex mini-
mization. Instead, several studies have proposed
simplification rules under their own objectives. El-
Iul et al. (2004); Lee and Shallit (2005); Kahrs and
Runciman (2022); Gruber and Gulan (2010) sim-
plified regexes by reducing the number of nodes
in the expression tree. Briiggemann-Klein (1993)
introduced star normal form, and Gruber and Gu-
lan (2010) proposed strong star normal form as a
basis for further simplification. Kahrs and Runci-
man (2022) used substring-level information to
lift redundant alternatives or sequence items. Re-
latedly, automata-based approaches aim for con-
cise regexes. Han and Wood (2005) proposed ex-
pression automata and studied determinism and
minimization for that representation, and Han and
Wood (2007) proposed structural decompositions
for state-elimination-based automata-to-regex con-
version to mitigate expression blow-up. Overall,
these methods are complementary but do not guar-
antee globally minimal regexes.

2.3 Benchmarks for Evaluating
Computational Power of LLM

Benchmarks designed to evaluate the capabilities of
LLM:s continue to be proposed. Fan et al. (2024a)
introduced NPHardEval, a benchmark for evaluat-
ing LLMs on NP-hard problems, which includes P,
NP-complete, and NP-hard problems. As a follow-
up, Fan et al. (2024b) proposed NPHardEval4V,
a benchmark designed to assess the reasoning ca-
pabilities of multimodal LLMs. This benchmark
serves as an image-based extension of the previ-
ous work. Additionally, Qi et al. (2024) introduced
SCYLLA, a benchmark incorporating problems
with various time complexities, aiming to demon-
strate that LLMs exhibit generalizability beyond
mere memorization. Our Regex Minimization Task
takes a step further by evaluating the reasoning
ability of language models on PSPACE-complete
problems and providing experimental settings to
assess their generalizability.

3 Preliminary

3.1 Regular Expressions

Regexes define regular languages, the most funda-
mental formal languages formed by sets of strings
over a finite alphabet ). While the classical defini-
tion relies on concatenation, union, and Kleene star,
we adopt the extended setting of (Kahrs and Runci-
man, 2022) which adds the option operator. Using
the notation from Gruber and Gulan (2010), our
expressions take the form €, s,z + y, = - y, 2%, 7,
where s € 3, and x, y are any finite expressions.
For an expression z, the corresponding language
L(z) is defined as follows:

« 0 = {} (An empty language)
* L(e) = {e} (An empty string)

« L(s) = {s} Vs € ¥ (A character)
* L(z +y) = L(z)U

L(z-y) = {vw | Vv € L(z),Yw € L(y)}
(Concatenation)

» L(z") = L(x) U L(¢) (Option)
o L(z*) ={x1- -2y, | Vn € Ny,
Va1, ...,2, € L(x)} (Kleene Star)

By definition, 3* denotes the set of all strings on
the alphabet X including €. Since regex is defined
using unary and binary operations, every regular
expression has a binary expression tree.

L(y) (Union)
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Bottom-up Construction of Dataset §5.1

Induction : D; = {#*,2" |Vo € Di1}U{z+y, vy, | v € Dejo1, y € Dig} I l Induction : D; = {z*,2" |V € D, }U{z+y, zy, |z € Dgy1, y € D1}
Depth 0 Depth 1 Depth 2 Depth ny Depth ny + 1 Depth ny
{a, b, ¢, d} {a*, d’, (a+b),..} {bd+ (a+b),..} {(a+b")((cd)+ax),..} ~ D,,‘ = sample(D,,,, m regexes) D,,z,l = sample(D,,,_1, m regexes)
Dy=% D, D, Dy, Create D, 41 and add it to D;ﬁl Create Dy, and add it to D:z
Build D = "g{] D; D;=D;Vi<m Repeat & times to build {D}, ., D} 1o, .-, Dj}

Calculation of Minimal Tree Length §5.2

Regex Minimization Dataset

4 RMC ERMB h
Induction : A; = {z*,27 |[Ve e A} U{z+y, oy, yz |Vji=1..,1-2 z€A;, yeA_;}
" ; 5 Find the equivalent Sample regexes from
Length 2 Length 2 Length 2 Length 2 class of 2 € D (Dy 1, Dy s Dy}
{a, b, ¢, d} {a*, d’, b",..} {la+b) a*c,(c+b"),..}  {(a+b)((cd) +ax),..} ™lLabel z with the equivalent| | with the same proportion
A =X Ay Ay Aon minimal regex 1:1:..:1
- J

b

Q

a

O
O’

::a‘+b

from Agn and all remaining regexes in Agn

b © {a* +b,(a+a) +bax+b,aa+a* +b,...}
£ {b'(c+a),bct+babc+ba+a+tc,..}
a a a {cedad + cad, ((:(:djr(:)nd. c(ed)’ad, ...}

1. Pop a pivot 2 2. Check DFA equivalence between 3. Group equivalent regexes into a class
1 and sort by tree length

Evaluation and Metrics
For a model f and z € RMC and ERMB

1. Minimality
z = f(x) and

3. Length Ratio
S (@) tree

|ztree

2. Equivalence

z = f(x) ‘

Repeat until A<sn becomes empty

z € XA(X)

Figure 1: The overview of our dataset construction and evaluation. Our dataset consists of regex minimization
corpus (RMC) and extended regex minimization benchmark (ERMB), which are constructed using a bottom-up
approach over tree depth. RMC is labeled using the minimal tree length calculated in Section 4.2.

3.2 Complexity Classes

Computational complexity is defined by the time
and space resources required by Turing machines.
P and NP denote sets of problems solvable in poly-
nomial time by deterministic and non-deterministic
Turing machines, respectively, while PSPACE
refers to problems solvable within polynomial
space. By Savitch’s theorem, which equates
PSPACE with NPSPACE and the fact that a ma-
chine cannot access more space than the num-
ber of time steps, we have the inclusion relation-
ship P € NP C PSPACE. Hardness is defined
via polynomial-time reduction. A problem is NP-
hard (or PSPACE-hard) if every problem in NP (or
PSPACE) can be reduced to it. A problem is termed
NP-complete (or PSPACE-complete) if it is both in
the class and hard for that class. Consequently, un-
less NP = PSPACE, PSPACE-complete problems
represent a strictly harder computational tier than
NP-complete ones.

3.3 Comparison between NP and PSPACE

A critical distinction between NP and PSPACE
lies in the complexity of verification. While
NP-complete problems allow for efficient and
polynomial-time verification of a candidate solu-
tion, PSPACE-complete problems lack this asym-
metry because determining the correctness of an an-
swer often requires traversing the same enormous
search space used to find it. This characteristic
introduces a novel dimension to LLM evaluation

by testing reasoning capabilities in scenarios where
validating the result is as intractable as the problem
itself. Consequently, this pushes the boundaries of
self-verification and rigorous logical consistency
beyond standard NP benchmarks.

3.4 Problem Formulation

For a fixed alphabet 3, let X (X) denote the set of
all regexes over X. Since regexes are constructed
using unary and binary operations, each can be rep-
resented as a binary expression tree. We define the
length of a regex r, denoted by |r|p, as the number
of nodes in its expression tree. Throughout this
paper, unless stated otherwise, the length of a regex
refers to the tree length. The equivalence between
two regexes x and y is represented as x = y. Con-
ventionally, we define minimal regexes as regexes
with minimal tree lengths among the equivalent
regexes. For r € X (X)), the set of regexes equiva-
lent to r is

X, () ={z e XX)|xz=r},
and the subset of X,.(X2) with minimal regexes is
X7 (E) ={z=r||zlr < |ylr,vy =r}.

Given aregex r € X (X)), our task is to find a mini-
mal equivalent regex x € X(X). This is equiva-
lent to learning a function f : X (¥X) — X (X) such
that f(r) € X¥(X). For a parameterized model fjp,
the goal is to find the optimal parameter 6*, where

0* = argmax E |log P(fp(x) € X (X))|.
gmax E _[log P(fa(o) € X3(5)
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Algorithm 1 Construction of RMC

Algorithm 2 Construction of ERMB

Require: Maximum depth n, alphabet >
Initialize Dy = X
fori=1...ndo
forz € D;_1do
D; < D; U {concat(z, ‘?")}
D; < D; U {concat(z, “*’)}
end for
for x € D<;_; do
fory € D;_1 do
D; «+ D; U {concat(z, ‘+",y)}
D; < D; U {concat(z, y)}
end for
end for
end for

4 Dataset Construction

We introduce a dataset for regex minimization,
structured into two components: the Regex Mini-
mization Corpus (RMC) and the Extended Regex
Minimization Benchmark (ERMB). RMC is a la-
beled dataset of regexes and their minimal equiv-
alents, partitioned into train, validation, and test
sets. Given that verifying minimality requires an
exhaustive comparison against all shorter regexes,
which practically limits the size of labeled data,
we also construct ERMB as a challenging out-of-
distribution (OOD) benchmark containing longer,
unlabeled regexes to evaluate generalization. The
dataset construction involves a bottom-up approach
to generate regexes followed by the computation
of minimal tree lengths. The alphabet X is fixed at
four symbols {a, b, c,d}, and Figure 1 illustrates
the overall dataset construction procedure.

4.1 Bottom-up Construction of Dataset

RMC Construction. RMC is constructed using
a bottom-up approach by representing regexes as
binary trees. We define the initial set Dg as 3, and
recursively build the set of regexes D,,, where n
denotes the tree depth of a regex in D,,. When
constructing D,,, we apply unary operations to el-
ements in D,,_; and binary operations between
elements from D<,_; and D,,_;. Binary opera-
tions are restricted to cases where the operand from
D<,,_1 comes first in binary operations to control
dataset growth. The construction process is de-
scribed in Algorithm 1. Due to double-exponential
growth with the depth, we limit the depth of RMC

Require: Number of iterations k, sample size m,
depth range [n1, ny], alphabet
fori=1...nydo

Initialize D} < ()
end for
fort=1...kdo
Initialize Dy = %
fori=1...nydo
Initialize D; < 0
for x € ﬁi_l do
D; < D; U {concat(z, ‘?")}
D; < D; U {concat(z, ‘**)}
end for
for z € Dgi—l do
for y € f)i_l do
D, < D; U {concat(z, ‘+",y)}
D; «+ D; U {concat(z, y)}
end for
end for
Dy < DrUD;
D; + sample m regexes from D;
end for
end for
fori =nq1...n9do

D{ mal _ sample from D}
end for
Train Validation  Test
RMC 1,100,000 116,752 50,000
ERMB - - 50,000

Table 1: Dataset statistics of RMC and ERMB. RMC
consists of train, validation, and test sets, while ERMB
only consists of test set.

to 3. The detailed dataset construction cost analysis
is in Appendix A. The dataset is partitioned into
train, validation, and test sets in a ratio of 20:2:1.
The test set size is relatively smaller to reduce com-
putational costs during LLLM inference. Table 1
provides dataset statistics.

ERMB Construction. The dataset D<3 consists
of short regexes, making it necessary to evaluate
performance on longer, unseen examples to assess
generalizability. We provide an unlabeled bench-
mark with regexes of depths 4 to 6 to address this.
For depths 4 to 6, we construct the sets by sam-
pling m(= 1000) regexes from the previous depth
before applying binary operations. However, this
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direct sampling may cause repeated patterns, which
distorts the distribution of the benchmark. In order
to mitigate this, we repeat the construction pro-
cess k (= 10) times, combine the results, and then
sample regexes in a 1:1:1 ratio by depth. The con-
struction process is described in Algorithm 2.

4.2 Calculation of Minimal Tree Length

Given a regex, all smaller regexes must be exam-
ined to determine the minimal tree length. Similar
to the construction of D,,, we initialize 41 = X
and recursively construct A,,, where n represents
the tree length of regexes in A,,. Unary operations
are applied to A, _1, while binary operations are
applied to all possible pairs between elements from
A; and A,,_;_1. The detailed process is described
in Algorithm 3. Once A<, is constructed, regexes
are partitioned into equivalence classes. We select
a regex from A<, as a pivot, and all equivalent
regexes are grouped into the same class. The mini-
mal tree length for each class is determined as the
smallest tree length within the group. The proof of
minimality and the equivalence class partitioning
algorithm are in Appendix B.

This approach requires a quadratic number of
comparisons, each taking exponential time, mak-
ing it computationally infeasible. We reduce the
computation by applying a heuristic based on string
acceptance. This method generates sequences of
strings that a regex may accept, allowing regexes
to be partitioned based on acceptance and rejec-
tion. Once the regex set is sufficiently reduced,
the remaining comparisons are performed to de-
termine equivalence. This method also helps in
determining whether a regex x has an equivalent
regex of length n or less by narrowing down candi-
date equivalent regexes. Using this approach, RMC
is labeled. The detailed dataset construction proce-
dure is in Appendix C. Additionally, examples of
our regex minimization dataset are in Appendix D.

5 Experiments

5.1 Experimental Settings

We first conduct baseline experiments using
zero-shot and five-shot prompting on five
open-source instruction-tuned LL.Ms, specifically
Llama (3.1:8B, 3.3:70B) and Qwen (2.5:7B,
2.5:72B, 2.5-coder) families. The code-specialized
model is included to assess the impact of practi-
cal coding knowledge. However, as shown in Ta-
ble 2, prompting performance is unsatisfactory. In

order to investigate whether this stems from data
scarcity or task difficulty, we train smaller models
like BART and T5 from scratch. Training details
are provided in Appendix E.

Due to the constraints of evaluating commercial
LLM:s on the full dataset, we alternatively present
case studies using state-of-the-art models such as
GPT-40 and Gemini-2.5-pro in Appendix F. The
prompt templates used across all evaluated models
are detailed in Appendix G.

5.2 Evaluation Metrics

We employ three evaluation metrics. The most in-
tuitive metric is minimality, which represents the
percentage of cases where the model successfully
generates an equivalent minimal regex. The second
metric is equivalence, which measures the propor-
tion of outputs that are equivalent to the input regex.
Since many generated responses are either non-
equivalent or syntactically invalid, we report the
equivalence metric separately for a more detailed
analysis. The minimality is stricter than the equiva-
lence, as it considers only minimal and equivalent
regexes as success. Additionally, we use Length
Ratio, a metric adopted from previous work for
regex simplification. The metric is based on the
geometric mean of the tree length ratio between
the original regex and minimized regex. For the
geometric mean calculation, the length ratio is set
to 1 if the minimized regex is not equivalent to
the original or becomes longer. Unlike minimality,
which is a binary measure, the Length Ratio quanti-
fies the degree of compression, offering insight into
partial optimization. Since ERMB does not contain
ground-truth minimized regexes, minimality can-
not be measured. Instead, we report equivalence
and length ratio for ERMB.

[{r € DIf(r) € X} (D)}

(Minimality) = D]
. _ |{reDlf(r) e X.(2)}
(Equivalence) = D]
(Length Ratio) = ( H ‘ﬁ(ﬁ)’T)lél
Z|T

xeD

5.3 Main Results

5.3.1 Experimental Results on RMC

Table 2 presents the main results on RMC. Overall,
LLMs demonstrate rather low performance. Mod-
els with 7-8B parameters produce minimal regexes
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Model Prompting Minimality T Equivalence { Length Ratio |
BART 139M - 0.8589-+0.0007 0.8712-+0.0014 0.7966+-0.0002
TS5 223M - 0.8556+0.0113 0.86714+0.0116 0.7972+0.0015
Zero-shot 0.0172 0.0588 0.9939
Llama3.1:88 5-shot 0.0395 0.1082 0.9854
Zero-shot 0.1345 0.2427 0.9733
Llama3.3:70B 5-shot 02115 0.3982 0.9430
Zero-shot 0.0763 0.1651 0.9891
Qwen2.5:7B 5-shot 0.0675 0.1566 0.9817
Zero-shot 0.1048 0.1843 0.9785
Qwen2.5-coder:7B 5 0.1067 0.2469 0.9726
Zero-shot 0.2031 0.5452 0.9537
Qwen2.5:72B 5-shot 0.2306 0.5433 0.9309

Table 2: Main results on RMC. We evaluate two LMs trained on RMC from scratch and five LLMs from Llama and
Qwen family with zero-shot and five-shot prompting. We report the minimality, equivalence, and length ratio as
metrics. The best performance is bolded in each of the trained LMs and the pre-trained LLMs.

Model Prompting Equivalence t+ Length Ratio |
BART 139M - 0.0008+0.0001  0.9993+0.0001
T5 223M - 0.000540.0001  0.9995+0.0001
Zero-shot 0.0151 0.9996
Llama3.1:88 5-shot 0.0026 0.9999
Zero-shot 0.0716 0.9960
Llama3.3:70B 5-shot 0.0257 0.9973
Zero-shot 0.0179 0.9990
Qwen2.5:7B 5-shot 0.0066 0.9995
Zero-shot 0.0328 0.9985
QwenZ.5-coder:7B 5 ot 0.0136 0.9995
Zero-shot 0.1399 0.9928
Qwen2.5:72B 5-shot 0.0644 0.9950

Table 3: Main results on ERMB. We evaluate two LMs trained on RMC from scratch and five LLMs from Llama
and Qwen family with zero-shot and five-shot prompting. We report the equivalence, and length ratio as metrics.
The best performance is bolded in each of the trained LMs and the pre-trained LLMs.

in only 10% of cases and equivalent regexes in
less than 25% of cases. Consistent with our intu-
ition, larger models outperform smaller ones, and
five-shot prompting surpasses zero-shot prompt-
ing. Nevertheless, even the best-performing model,
Qwen2.5:72B, achieves only around 23% minimal-
ity, highlighting the difficulty of regex minimiza-
tion for current LLMs.

In contrast, the trained BART and T5 substan-
tially outperform LLMs, due to the lack of regex-
specific train data for the LLMs. Further sup-
porting this analysis, the code-specialized model
Qwen2.5-coder outperforms models of similar size.
This performance difference indicates that expo-
sure to regex-related data during code-specialized

pre-training positively impacts regex minimization.

5.3.2 Experimental Results on ERMB

Similarly, Table 3 presents the results on the ERMB.
Overall, all models generally exhibit poor perfor-
mance. In particular, the trained BART and T5
models experience severe performance degrada-
tion, performing worse than most LLMs. Even for
regexes within the length range seen during train-
ing, performance remains low. This suggests that
these models rely more on overfitting in the data
rather than actual regex minimization. LLMs also
demonstrate a significantly lower rate of produc-
ing equivalent regexes. These results indicate that
handling longer regexes is challenging not only
for minimization but also for equivalence preserva-
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tion. Notably, five-shot prompting, which improves
RMC performance, leads to a decline on ERMB.
This may be due to the varying regex depths in
ERMB, where exposure to regexes of different
complexities interferes with generalization. These
results highlight the limitations of LLM inference,
particularly for regexes beyond the training distribu-
tion. We provide a deeper analysis of these limita-
tions, including experiments on fine-tuning reliabil-
ity and reasoning capabilities via CoT prompting,
in Appendix H.

5.4 Further Analysis

We give a detailed analysis of the failures of various
models by evaluating them from multiple perspec-
tives, providing insights into how these models ap-
proach the problem. We present four research ques-
tions, along with the experimental results and cor-
responding analyses for each. RQ1 involves a type
of failure analysis. RQ2 is an analysis based on
the observation that LLMs tend to produce equiva-
lent regexes more effectively than minimal regexes.
RQ3 and RQ4 examine whether the model predic-
tions accurately reflect the theoretical properties of
regexes. Each research question aims at assessing
the degree of mismatch between the performance
of models and human insights, ultimately identify-
ing the limitations inherent in each model. Each
experiment is conducted using either the RMC test
set or its variations, and we report the experimental
results obtained with LLMs as well as the BART
and TS5 models that we trained.

RQ1: Which Type of Failure Do Models Experi-
ence? We categorize the failure cases of LMs
into three types based on manual analysis: in-
valid syntax, inequivalent, and non-minimal. More
specifically, invalid syntax refers to cases where
the output remains syntactically invalid even after
post-processing. Inequivalent refers to cases where
the output is valid but not equivalent to the input
regex. Non-minimal refers to cases where the out-
put is valid and equivalent to the input regex but
not minimal. Appendix I presents the failure type
distributions for all models on the RMC test set.
Figure 2 reports the failure proportions for BART,
TS5, and LLMs with over 70B parameters in the
RMC test set, excluding successfully minimized
regexes. Since BART and TS5 perform better in min-
imization, their x-scale in the figure is significantly
smaller compared to LLMs. Across all models,
inequivalent cases account for the largest propor-

tion of failures. This indicates that many generated
regexes are valid but not equivalent to the input.
Among LLMs, nearly half of the RMC test set fall
into this category, showing that even maintaining
equivalence is highly challenging. However, an en-
couraging observation is that the second most fre-
quent failure type of Qwen2.5:72B is non-minimal.
This means nearly half of its outputs are at least
equivalent to the input regex. These observations
motivate the next research question.

Invalid Inequivalent Non-minimal
Bart 2k 4k 1k
T5 2k 5k 1k
Llama-Z4 5k 33k 5k
Llama-F{ 4k 27k 9k
Qwen-Z {2k 21k 17k
Qwen-F {2k 21k 16k

Figure 2: The proportion of each failure type on the
RMC test set. The plot shows the proportion of each
failure type of BART, T5, Llama3.3:70B and Qwen2.5:
72B. The types of failures are classified into three cases:
invalid, inequivalent and non-minimal. The number of
regexes corresponding to each case is written on the bar.

RQ2: Can Recursive Inference of Models Im-
prove the Performance? The previous analy-
ses show that minimizing regexes is challenging,
whereas generating equivalent regexes is relatively
easier. This leads to non-minimal failures, raising
the question of whether recursive inference could
improve performance. We evaluate recursive in-
ference on BART and T5 using the RMC test set
where each model’s output is fed back as input
without any post- or pre-processing. As shown in
Figure 3, we observe severe performance degrada-
tion due to the accumulation of invalid or inequiv-
alent regexes, preventing the provision of proper
input as recursive steps progress.

We conduct equivalence-filtered recursive infer-
ence experiments to assess the influence of exclud-
ing invalid inputs on performance. Before feeding
the output back as input, we perform an equiva-
lence check and if an output is inequivalent, the
previous input is reused instead. We use a tem-
perature greater than zero to encourage variation
because if the output is deterministic when reusing
the previous input, there would be no advantage in
performing another inference. The results in Fig-
ure 3 indicate that although the initial performance
is worse, performance of repeated recursive steps 2
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—— Bart_equi T5_equi —— Bart —— T5
1 1
\‘“—0_0 \“—._.
10-1 10-1
-2 -2
W53 3 5 1097 35 3 71 3

(a) Minimality (b) Equivalence

Figure 3: The result of recursive inference on RMC
test set. We compare BART and TS5 using recursive
inference with and without equivalence check.

—— Bart —— Llama-Z —— Qwen-Z Coder-Z
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Figure 4: The result of recursive inference with equiv-
alent check on RMC test set. We compare two LMs
and LLMs with 7-8B parameters using zero-shot and
five-shot prompting.

to 5 is better when compared to recursive inference
without equivalence filtering. However, the benefits
of equivalence filtering are outweighed by the nega-
tive impact of higher temperature settings, resulting
in poor overall performance. Similar performance
degradation due to recursive steps was consistently
observed across LLMs, as described in Figure 4.
Due to the computational cost of recursive infer-
ence, we conduct experiments using models with
7-8B parameters and report these results. These
results suggest that LLMs are vulnerable to non-
zero temperature settings in tasks that require high
accuracy, such as regex minimization.

RQ3: For Equivalent Regexes as Inputs, Do
Models Show Consistency in Qutput? Multiple
equivalent regexes that represent the same regular
language share the same set of minimal regexes.
Following this theoretical insight, we investigate
whether language models exhibit consistent per-
formance when minimizing the set of equivalent
regexes. For this analysis, we randomly sample
50 equivalent regex classes from the RMC test
set, each containing at least 20 equivalent regexes.
We retain 20 regexes per class to standardize eval-
uation, forming a benchmark of 1,000 regexes.

Model evaluation is conducted based on the av-
erage number of regexes successfully minimized
within each class. The models used for evaluation
include BART and T3, as well as LLMs with over
70B parameters using both zero-shot and five-shot
prompting. The distribution of correctly minimized
regexes can be found in Appendix J.1.

The results show that BART and T5 achieved
an average of 19.97 and 19.99 correctly minimize
regexes per class, respectively, indicating near-
perfect minimization performance across all sam-
pled regexes. In contrast, Llama and Qwen mini-
mize an average of 4.46 and 3.80 regexes per class
in five-shot prompting, respectively. Furthermore,
the five-shot prompting outperformed zero-shot.
It suggests that while LLMs successfully mini-
mize certain regexes, they fail to do so consistently
across equivalent expressions.

A manual analysis of failure cases is conducted
to understand how LLMs approach regex minimiza-
tion. The results indicate that LLMs performed
relatively well on simple transformations involving
a single character o € ¥, such as reducing o + o,
and o*c*. Additionally, regexes composed solely
of unions of single characters are handled correctly.
However, LLMs struggled with a more complex
regex x, instead of 0. In some cases, the models
incorrectly remove alphabets or operators without
justification. Notably, LLMs often fail to minimize
expressions like * + zx correctly, failing to elimi-
nate redundant zx. This suggests that LLMs do not
fully grasp the interactions between option, union,
and Kleene star operators. These findings indicate
that LLMs currently struggle with even basic regex
simplifications and lack a fundamental understand-
ing of regex properties, particularly recursion and
union. Additional experiments are conducted in
Appendix J.2 to further investigate whether com-
mercial LLMs better address these challenges.

RQ4: How Sensitive are Models to the Homo-
morphic Regexes? A regular language is closed
under homomorphism. This means that a regex
minimization model should operate symmetrically,
which implies regardless of any permutation ap-
plied to the input alphabet. If this condition is
not met, the model’s performance would vary de-
pending on the ordering of the alphabet. It implies
that the LLM is overtfitted to specific alphabet se-
quences, which might negatively impact generaliz-
ability. We examine the symmetry of the models
which is represented by robustness on the permuta-
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Model  Minimality T Equivalence T Length Ratio |
BART 0.6882 0.7005 0.8837
T5 0.3535 0.3656 0.9355
Llama-Z 0.1766 0.2894 0.9822
Llama-F 0.2493 0.4194 0.9600
Qwen-Z 0.2593 0.5963 0.9680
Qwen-F 0.2839 0.5631 0.9524

Table 4: The result on the set of regexes constructed us-
ing permutation. We report the performance our trained
LMs and LLMs with more than 70B parameters. The
best performances are highlighted with bold.

tion of alphabet.

We randomly sample 1,000 regexes from the
RMC test set that contain all four symbols (a,b,c,d),
and are not equivalent under any permutation. We
then apply all 24 possible permutations to these al-
phabets, generating a total of 24,000 regexes. Then,
we removed 2,556 regexes that appeared in the
train and validation sets for ensuring fairness in
evaluation. The resulting dataset consists of 21,444
regexes. The models used for evaluation include
the fine-tuned BART and T35, as well as LLMs with
over 70B parameters. Both zero-shot and five-shot
prompting are tested for LLMs. The performance
results are presented in Table 4.

Compared to the baseline RMC results in Ta-
ble 2, BART and TS5 exhibit significant perfor-
mance drops of 20% and 60%, respectively. This
degradation highlights the models’ inability to cap-
ture algebraic symmetry, suggesting they have over-
fitted to specific sequential patterns rather than
learning generalizable rules. Our dataset design in-
tentionally minimizes redundancy by selecting spe-
cific binary operations. For instance, given regexes
x and y, we include x + y and zy while exclud-
ing their commutative counterparts y + x and yx.
Although this creates an asymmetric distribution,
we expect robust models to generalize across these
variations. Therefore, the observed failure is not an
inherent flaw of the dataset but a limitation of the
training process, which can be mitigated through
simple data augmentation such as permutation. In
contrast, LLMs maintain consistent performance in
this setting, suggesting they possess a stronger ca-
pacity for symbolic abstraction rather than relying
solely on sequential representation.

6 Conclusion

We present regex minimization as a new challenge
for LLMs by constructing the first dataset for this

PSPACE-complete problem and comparing the per-
formance of various models. Additional analysis
reveals that while LLMs currently exhibit poor
performance and fail to apply simple rules, they
demonstrate greater generalizability compared to
trained language models. This suggests that our
benchmark highlights the necessity for symbolic
operations and precise reasoning processes, serving
as a key direction for future advancements. Conse-
quently, we propose the development of dedicated
frameworks that incorporate regex minimization
into LLM reasoning, such as Chain-of-Thought
or multi-agent systems. Furthermore, we believe
that reconstructing the dataset to explicitly inte-
grate step-by-step reasoning processes represents a
promising direction for future research. While col-
lecting minimal regex data is inherently difficult,
previous studies on regex simplification provide
a solid foundation to overcome this hurdle. By
leveraging these techniques as intermediate steps,
regex minimization can be developed into a highly
challenging yet analytically rich reasoning task.

Limitations

Our dataset construction process is highly labor-
intensive, and as the construction steps increase, the
amount of data that needs to be processed grows
double-exponentially. This imposes constraints on
dataset expansion. Given the PSPACE-complete
nature of regex minimization, addressing this issue
remains a significant challenge. Additionally, as
mentioned in RQ4, our dataset contains partially
asymmetric elements. However, this limitation can
likely be mitigated through simple data augmen-
tation. Another limitation of our dataset is that it
is generated using a restricted set of alphabet sym-
bols. Nevertheless, we have provided a detailed
explanation of the dataset construction process, en-
suring that it can be reproduced if necessary. Since
our work focuses on theoretical regex rather than
practical regex, it may not be directly applicable
to real-world applications. However, as mentioned
in Section 2, this aspect is beyond the scope of our
study.
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A Computational Cost of Dataset
Construction

Our dataset size is determined by the need to ex-
haustively compare each regex with all shorter ex-
pressions to verify minimality. As the depth or
length of regexes increases, the number of candi-
date expressions grows double-exponentially due
to our inductive construction. We report the com-
putational cost over different sizes of alphabet and
different depth. Each following Tables 5 and 6
contains the number of regexes in the dataset and
the number of regexes we need to investigate to
find the minimal regexes. Note that the number of
regexes grows in double-exponential which makes
it almost impossible to increase depth more than 3.
We construct the dataset inductively using a fixed
alphabet of size 4 ({a, b, ¢, d}) and restrict the tree
depth to 3, resulting in regular expressions with
a maximum length of 15. Although the dataset
may appear small, we exhaustively compare a vast
number of regexes to identify the minimal ones, a
process that is extremely labor intensive.

B Proofs for Minimality of the
Constructed Datasets in Section 4

In this section, we discuss algorithms and proofs
that were not covered in Section 4. More specif-
ically, our goal is to prove the minimality of the
constructed dataset. The proof sketch is as fol-
lows: A,, generated by Algorithm 3, and M,, gen-
erated by Algorithm 4, contain all possible regexes
of length n or less. Moreover, the sequences
My, My, ..., M, follow an inclusion relationship
M, C My C ... C M,, where it contains all M;
for ¢+ < n as n increases. Thus, any regex of length
n or less has an equivalent minimal regex included
in some A; for ¢ < n, and by the inclusion rela-
tionship, it must be contained in M,,. This proves
that M, contains all minimal regexes of length n
or less. Furthermore, based on the construction
method, we can show that non-minimal regexes are
not included in M,,. This implies that M, repre-
sents the complete set of all minimal regexes of
length n or less.

Lemma B.1. Given an integer n and an alphabet
Y, the set A,, constructed by algorithm 3 contains
all possible regular expressions on Y., when consid-
ering the equivalence relation as the same.

Proof. Assume that there exists a regular expres-
sion z over ¥ such that x ¢ A, and |z|p = n.

Algorithm 3 An algorithm for building A,,

Require: integer n, alphabet
Initialize A1 = X
fori=2...ndo
forz € A;_1 do
A; < A; U {concat(z,"?")}
A; < A; U {concat(x,*")}
end for
for j = 1...“71d0
forz € A; do
for Yy < Ai—l—j do
if z = y then
A; < A; U {concat(z,y)}
else
A; + A; U {concat(z,'+",y)}
A; + A; U {concat(z,y)}
A; < A; U {concat(y,z)}
end if
end for
end for
end for
end for

Each regular expression can be represented by a
binary tree. Denote the binary tree notation of a
regular expression = be 7'(x), and the left and right
subtrees of « be xjcf+ and Xrigne. Let |z f|T be
j(>1). Since x ¢ L, at least one of z.¢; ¢ A;
OF Tpight ¢ An—1—j is true. By using the recur-
sion, we can conclude that there exists a single
character ¢ € Y, which is included as a character in
the regex z, but ¢ ¢ A;. This contradicts the fact
that Ay = X.. Thus, there is no regular expression
x ¢ Ay, with |z|p=n. O

Lemma B.2. Given the sets Ay, Ao, ..., A, con-
structed by algorithm 3 and an alphabet 3., the sets
M, constructed by algorithm 4 contains all pos-
sible regular expressions on Y, when considering
the equivalence relation as the same.

Proof. Assume that there is a regular expression
r ¢ M, with |z|7 < n. By lemma B.1, z €
n

U A, and it must be considered by the loop in
j=1
line 4 of algorithm 4. Then, x should be in M,,

since the representative of each equivalent class
n

in J A; is added to M,,. This contradicts the
j=1

assumption that = ¢ M,,. Thus, M,, contains all

possible regular expressions on X.. O
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Size of Alphabet (|X])

Depth

0 1 2 3 4 5
2 2 10 170 3.35E+04 1.13E+09 1.29E+18
3 3 18 486  2.58E+05 6.69E+10 4.47E+21
4 4 28 1092 1.27E+06 1.60E+12 2.57E+24
5 5 40 2120 4.69E+06 2.20E+13 4.85E+26
6 6 54 3726 1.43E+07 2.06E+14 4.23E+28
7 7 70 6090 3.80E+07 1.45E+15 2.10E+30
8 8 88 9416 9.05E+07 8.19E+15 6.71E+31
9 9 108 13932 1.97E+08 3.90E+16 1.52E+33

Table 5: The number of regexes contained in the dataset constructed by the proposed procedure depending on the

size of alphabet and depth

Size of Alphabet (|%) Depth
0 1 2 3 4 5
2 2 20 6176 2.16E+09 846E+20 3.85E+44
3 339 20118 2.10E+10 7.63E+22 3.00E+48
4 4 64 48640 T1ISE+11 221E+24 2.46E+51
5 5 95 98870 4.52E+11 331E+25 5.39E+53
6 6 132 179232 142E+12 3.20E+26 4.95E+55
7 7 175 299446 3.80E+12 226E+27 2.44E+57
8 8 224 470528 9.05E+12 1.26E+28 7.52E+58
9 9 279 704790 196E+13 5.86E+28 1.61E+60

Table 6: The number of regexes to be investigated to find minimal by the proposed procedure depending on the size

of alphabet and depth

Algorithm 4 An algorithm for building M,

Require: A1, As,..., A,
n
i=1
M,, < List()
while |A| > 0 do
x + A.pop()
for y € Ado
if y = x then
A.remove(y)

if |y|7 < |z|r then

Ty
end if
end if
end for
M, < M, U {z}
end while

Lemma B.3. Given an alphabet % and the sets
of regexes A1, As, ..., A, ..., A, constructed by
algorithm 3, the sets M; and M,, are constructed
by algorithm 4. Then, M; C M, Vi=1,...,n,
when considering the equivalence relation with the
same tree length as the same.

Proof. Assume that there is a regular expression
xr € M; with |z|7 =i < n, but x ¢ M,, when
considering the equivalence relation with the same
tree length as the same. By the lemma B.2, there
exists an equivalent regular expression =’ € M,
with |2/|7 = j # 4. Note that i, j < n.

i
Casel: i < jBythelemmaB.1,2 € |J Ly C
k=1

n

\J L. When we compare the tree lengths of reg-
k=1
ular expressions during the construction of M,, by

algorithm 4, x’ must be discarded and replaced by
x. Thus, j cannot be larger than %.

i
Case2: j < i By thelemmaB.2,2’ € |J A, C
k=1
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i

J Ag. When we compare the tree lengths of reg-
k=1
ular expressions during the construction of M; by

algorithm 4, x must be discarded and replaced by
2’. Thus, i cannot be larger than j

Since 7 > j and ¢ < 7, ¢ and j must be the same,
which contradicts the assumption. Thus, M; C M,
Vi=1,...,n. ]

Corollary B.4. Given the sets A1, As, ..., A, con-
structed by algorithm 3 and an alphabet ¥, the
set M, constructed by algorithm 4 contains all
possible minimal regular expressions on Y with
|z|7 < n, when considering the equivalence rela-
tion with the same tree length as the same.

Proof. Assume that there is a minimal regular ex-
pression x with |z|r = i < n such that x ¢ M,,.
By the lemma B.2, € M;. Then, by the
lemma B.3 © € M,,. This contradicts the assump-
tion. Thus, there is no such . O

Corollary B.5. Given the sets Ay, As, ..., Ay con-
structed by algorithm 3 and an alphabet %, the set
M, constructed by algorithm 4 contains only mini-
mal regular expressions on ¥ with |x|p < n, when
considering the equivalence relation with the same
tree length as the same.

Proof. Assume that there is a non-minimal regular
expression x € M,,. There is a minimal regular
expression x’ of z with |2/|p = i < n. Then, 2’/
must be in M, by corollary B.4. It contradicts the
assumption because both x and z’ cannot be in M,
by the algorithm 4. Thus, there is no such x.  [J

Theorem B.6. Given the sets Ay, Ao, ..., A, con-
structed by algorithm 3, an alphabet 3., and the
set M,, constructed by algorithm 4, the following
statement holds when considering the equivalence
relation with the same tree length as the same.

r €M, & xe Xi(X), where |x|p < n.

Proof. It is proved by combining Corollary B.4
and B.5. O

C Calculation of Minimal Tree Length
using String Acceptance

As mentioned earlier in Section 4.2, the process
of calculating the equivalence of all regex pairs re-
quires O(n?) equivalence comparisons. We utilize
string acceptance in order to reduce the number of
candidates within a group that can be equivalent to

one another. The detailed algorithm is described
in Algorithm 5. For a given string s, a regex that
accepts s and another regex that rejects s cannot be
equivalent. Based on this observation, we use string
acceptance as a query to partition the regex group.
First, we categorize regexes based on the alphabet
character set they contain. Then, we check the ac-
ceptance of a predefined string sequence. Using the
acceptance information of the string sequence as a
binary encoding, we further divide the regexes into
potentially equivalent classes. Once the group size
becomes sufficiently small, we perform the O(n?)
equivalence comparison to construct the equiva-
lent classes. Although this procedure does not
reduce the time complexity, it reduces the prac-
tical running time of partitioning regex groups into
equivalent classes. Furthermore, when a new regex
to minimize is given as a query, we can find the
candidate equivalent class by checking string ac-
ceptance of the given regex on the predefined string
sequence.

D Examples of Our Regex Minimization
Dataset

Table 7 presents examples from our constructed
regex minimization dataset, divided into RMC and
ERMB subsets. We report query regex examples
for depths ranging from O to 6, covering a wide
spectrum of difficulty. As shown in the table, the
query length and complexity increase significantly
as the tree depth grows, posing a greater challenge
for minimization. This demonstrates our effort to
create a comprehensive benchmark that tests the
model’s capability across varying levels of struc-
tural complexity.

For each entry, we provide the query regex (the
input expression) and its query length. In the RMC
subset, we additionally list the minimal regex and
minimal length, which serve as the ground-truth
shortest equivalent expression and its character
count, respectively. We do not provide the depth of
the minimal regex, since tree depth can vary even
for identical regexes depending on how parentheses
are structured.
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Algorithm 5 An algorithm for building M,

Require: an alphabet X2, A1, Ao, ..., Ay, an integer m and the fixed sequence of strings S
n

i=1

G + map()
for o € 2> do
Glo] <0
label Glo] as 1
end for
while |A| > 0 do
x <+ A.pop()
0 < the alphabet of x
Gloz] + Glog| U{x}
end while
H + G.values()
while |H| > 0 do
X < H.pop()
if | X'| > m then

> Merge all input regex sets

> Initialize bit for each alphabet subset

> Group regexes by their used alphabet

s < S[X.label] > Case 1: Group is too large, split using distinguishing string

XSUCCGSS <_ @
label X gy ccess as X.label < 1+1
X fail < @
label X4 as X.label < 1
for y € X do
if y accepts s then
XSUCC@SS % XSUCCCSS U {y}
else
Xtail — Xrair U{y}
end if
end for
H<+— HU {Xsuccessa Xfail}
else
while | X | > 0 do

> Update label for success branch

> Update label for fail branch

> Push split groups back to H

x < X.pop() > Case 2: Group is small enough for costly equivalence check

for y € X do
if y = x then
X.remove(y)
if |y|r < |z|r then
Ty
end if
end if
end for
M, <+ M, U{z}
end while
end if
end while

> Check if equivalent

> Keep the smaller regex

> Add minimal regex to result
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RMC

Depth  Field Content
Query Regex b
0 Query Length 1
Minimal Regex b
Minimal Length 1
Query Regex ab
| Query Length 3
Minimal Regex  ab
Minimal Length 3
Query Regex a*+a+d
’ Query Length 6
Minimal Regex d + a*
Minimal Length 4
Query Regex a+b*+a"+0b°
3 Query Length 10
Minimal Regex  a + b*
Minimal Length 4
ERMB
Depth  Field Content
4 Query Regex (d+c)c’ +ca+c+c+b* +a*+bd(b+ a)
Query Length 28
Query Regex (ac+a+d+ (a+ d)c)adaacde
5 yReg (dda’ + b+ d+b* + (a + b)c* + b+ c +a?)
Query Length 55
(b* +c+b+ba* 4+’ (b+b) + (a+c)b”)
Query Regex (c*cb(a+ c+ cb) +a+c+ c* + bd*)
6 yReg +(c* + a+ a)(d + b)eec’ (b + db)
+dd+c* +d+aba* +c+d+d
Query Length 98

Table 7: Examples of our regex minimization dataset. We report the example regexes of depth 0 to 6 sampled from
RMC and ERMB. RMC contains the minimal equivalent of a regex and the minimal length, while ERMB only
contains regexes with their lengths.
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E Experimental Details

E.1 Model Details

This section describes all models used in our main
experiments, analyses, and appendix, and we use
each model in accordance with its intended use.

Llama 3.1 and 3.3. We use two open-source
models from Meta’s Llama family: Llama3.1:8B>
and Llama3.3:70B3, both in their instruction-tuned,
text-only variants. Llama3.1:8B serves as a smaller-
parameter baseline, while Llama3.3:70B serves as
a larger-parameter baseline for assessing scaling
effects on regex minimization performance.

Qwen 2.5. We use Qwen2.5 (Qwen et al., 2024)
in both 7B* and 72B° sizes. Qwen2.5 is an open-
source model family available in multiple model
scales, enabling controlled comparisons across pa-
rameter sizes.

Qwen 2.5-Coder. We use Qwen2.5-Coder® (Hui
et al., 2024), a code-specialized series built on
the Qwen2.5 architecture and trained with coding-
focused data and evaluations. We include this
model to test whether code-oriented training im-
proves systematic string/grammar transformations
relevant to regex simplification.

BART. We use BART’ (Lewis et al., 2020) as a
classic encoder-decoder seq2seq baseline. BART is
widely used for text generation and transformation
tasks, making it an LM baseline for regex-to-regex
rewriting.

T5. We use T5® (Raffel et al., 2020) as another
encoder—decoder baseline that frames tasks in a
unified text-to-text format. This setup aligns well
with regex minimization as a pure string-to-string
transformation problem.

GPT-40. We use GPT-40°, OpenAlI’s flagship
multimodal model. In our experiments it served as
a strong proprietary baseline for general-purpose
generation and reasoning.

Zmeta-llama/Llama-3.1-8B-Instruct
*meta-llama/Llama-3.3-70B-Instruct
4Qwen/Qwen2.5-7B-Instruct
SQwen/Qwen2.5-72B-Instruct
SQwen/Qwen2.5-Coder-7B-Instruct
"facebook/bart-base
8google-t5/t5-base
%gpt-40-2024-11-20

OpenAl ol. We use OpenAl 01!, a reasoning-
oriented model series as spending more time before
responding. We include it to measure how a state-
of-the-art reasoning model behaves on a PSPACE-
complete rewriting task.

DeepSeek-R1. We use DeepSeek-R1 (Guo et al.,
2025), a reasoning-focused model with a multi-
stage training framework incorporating reinforce-
ment learning and alignment steps. We include it as
a representative reasoning-optimized open model
in our comparison.

Gemini-2.5-Pro. We use Gemini-2.5-Pro'!, a
reasoning-focused model developed by Google. At
the time of our experiments, it was Google’s most
advanced reasoning model, and we include it as a
strong proprietary reasoning baseline.

E.2 Hyperparameters for Training

Table 8 presents the hyperparameters used for train-
ing. Most of the hyperparameters are set to their
default values, with only the tokenizer and learning
rate adjusted for training. We construct the tok-
enizer word list using only the alphabet, operations,
and parentheses used in actual regexes, employ-
ing character-based tokenization. This heuristic
is based on the insight that when using methods
like byte pair encoding (BPE) to train a tokenizer,
character n-grams that do not form valid regexes
may lead to invalid syntax during decoding. We
report the main results aggregated over three in-
dependent runs with different random seeds. The
experiments were conducted using NVIDIA A6000
GPUs, RTX 3090 GPUs, AMD Ryzen Threadrip-
per 3960X CPUs, and Python 3.10.

E.3 Sensitivity Analysis for Training BART
and T5

We conduct a sensitivity analysis in order to deter-
mine the appropriate learning rate. We train BART
and TS with learning rates of 1e-04, 5e-05, 1e-05,
and 5e-006, respectively, and report the results. For
all learning rates, the train loss decreases to nearly
zero as training progresses, and the validation loss
also converges well, as shown in Figure 5. This
stable training trend suggests that the regex mini-
mization task is well-suited for LMs. However, the
trends of validation accuracy and validation loss do
not completely align. Based on these findings, we

101-2024-12-17
" gemini-2.5-pro-preview-03-25
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BART TS
The number of parameters 139M 223M
Tokenizer Character-based Character-based
Vocabulary Size 16 16
Optimizer AdamW AdamW
Learning rate 5e-05 le-05
Weight decay 0.1 0.1
Learning rate schedule Cosine schedule with warmup Cosine schedule with warmup
Warmup steps 1000 1000
Batch Size 512 512
Number of Epochs 1000 1000

Table 8: Implementation details for the BART and TS5 models. The table lists the architectural parameters and

specific optimization settings employed to ensure the reproducibility of our results.

select a learning rate of 5e-5 for BART and 1e-5
for T5 to report the main results, although they do
not achieve the lowest validation loss.

F Empirical Case Study of
State-of-the-Art LLMs

F.1 Quantitative Analysis

We evaluate the performance of state-of-the-art
closed-source LLMs, specifically GPT-40, Ope-
nAl ol, and Gemini-2.5-pro. These models were
selected to represent the forefront of current ca-
pabilities, with OpenAl ol and Gemini-2.5-pro
being particularly optimized for complex reason-
ing tasks. Our evaluation dataset consists of 200
regexes, composed of 100 randomly sampled in-
stances from the RMC and ERMB subsets, respec-
tively. We employ five-shot prompting, as this
setting demonstrated superior performance in our
prior open-source model evaluations.

The results are summarized in Table 9. Gemini-
2.5-pro outperforms other models across both
benchmarks. Notably, in the RMC subset, it
achieves perfect equivalence (1.00) and the highest
minimality score (0.91), while also producing the
most concise expressions (lowest length ratio) in
the more challenging ERMB subset.

F.2 Qualitative Analysis

This section examines how well state-of-the-art
LLMs perform in regex minimization based on a
small test set. Using the five-shot prompt illus-
trated in Appendix G, we evaluate GPT-40, one of
the most popular LLMs, OpenAl o1, known for its
reasoning capabilities, and DeepSeek-R1, which
has recently gained significant attention as a com-

petitive open LLM. The evaluation set consists of
five regexes from the RMC test set, selected to high-
light common failure patterns of LLMs observed
in Section 5.4, along with two regexes from each
of depths 4, 5, and 6 in ERMB, resulting in a total
of eleven test cases.

The experimental results are in Table 10 and 11.
GPT-40 successfully produces equivalent regexes
in most cases from RMC but reveal clear limita-
tions in regex minimization. As the regex length
increases, it fails to generate equivalent outputs.
DeepSeek-R1 successfully minimizes all regexes in
RMC and handles equivalent regex generation up to
depth 4. However, for regexes of depth 5 or higher,
it struggles to produce equivalent outputs. OpenAl
o1 successfully minimizes all regexes in RMC and
generates equivalent regexes for all ERMB exam-
ples.

Despite being considered models with strong rea-
soning capabilities, both GPT-40 and DeepSeek-R1
exhibit clear limitations in reasoning when applied
to regex minimization. This raises the question of
whether existing LLMs, even those optimized for
reasoning, may not be truly reasoning in the con-
text of structured, algorithmic tasks. At the same
time, these findings demonstrate that the consis-
tent performance degradation observed from long
regexes in ERMB underscores the complexity of
regex minimization and further demonstrates the
difficulty of our dataset as a valuable benchmark.
The results highlight the need for explicit mecha-
nisms that enhance structured reasoning, as LLMs
struggle with systematic transformations required
for regex minimization.
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Figure 5: Validation loss over training epochs. We conduct this experiment as a sensitivity study for BART and T5.
We train two LMs on four different learning rates for 1000 epochs.

Benchmark Model Minimality Equivalence Length ratio
GPT-40 0.29 0.47 0.9390
RMC OpenAl ol 0.79 0.98 0.8091
Gemini-2.5-pro 0.91 1.00 0.7905
GPT-40 - 0.02 0.9961
ERMB OpenAl ol - 0.86 0.8403
Gemini-2.5-pro - 0.87 0.8153

Table 9: Performance comparison of state-of-the-art closed-source LLMs on the RMC and ERMB datasets. We
report Minimality, Equivalence (accuracy), and Length Ratio using five-shot prompting. Note that Minimality is not
applicable to ERMB as the ground-truth minimal regexes are unknown.
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RMC

Field | Content
Query Regex | (((a+0)+ (b+¢))+ ((b+d)+ (c+¢)))
Minimal Regex | (a + b+ c+d)
GPT-40 Output | (a +b+c+d)
Evaluation | Minimal, Length Ratio: 0.4667
DeepSeek-R1 Output | (a+ b+ c+d)
Evaluation | Minimal, Length Ratio: 0.4667
OpenAl ol Output | (a+b+c+d)
Evaluation | Minimal, Length Ratio: 0.4667
Query Regex | ((a+ (a+b)) + ((a+b)(b+¢)))
Minimal Regex | ((a +b)(b+ ¢)?)
GPT-40 Output | (a+ (a +b)(b+c))
Evaluation | Inequivalent
DeepSeek-R1 Output | (a + b)(b+ c)’
Evaluation | Minimal, Length Ratio: 0.6154
OpenAl ol Output | (a+ b)(b+ ¢)”
Evaluation | Minimal, Length Ratio: 0.6154
Query Regex | (((a”)(b")) + ((b)(b")))
Minimal Regex | (a’b*)
GPT-4o Output | (a’b* + b*b?)
Evaluation | Equivalent, Length Ratio: 1.0000
DeepSeek-R1 Output | (a’b*)
Evaluation | Minimal, Length Ratio: 0.4545
OpenAl ol Output | a’b*
Evaluation | Minimal, Length Ratio: 0.4545
Query Regex | ((d+ () + (0") + (81)))
Minimal Regex | (a + d + b*)
GPT-4o Output | (d+ a’ + b*)
Evaluation | Equivalent, Length Ratio: 0.7000
DeepSeek-R1 Output | (a + d + b*)
Evaluation | Minimal, Length Ratio: 0.6000
OpenAl ol Output | (a +d + b*)
Evaluation | Minimal, Length Ratio: 0.6000
Query Regex | (") (86))((d") ("))
Minimal Regex | (bbb*d*)
GPT-40 Output | (b*bb)(d*)
Evaluation | Minimal, Length Ratio: 0.7500
DeepSeek-R1 Output | ((b*bb)d*)
Evaluation | Minimal, Length Ratio: 0.7500
OpenAl ol Output | ((b*bb)d*)
Evaluation | Minimal, Length Ratio: 0.7500

Table 10: Case study of state of the art LLMs on RMC. We report a case study using GPT-40, OpenAl ol, and
DeepSeek-R1 on RMC test set. We report the type of failure and length ratio for each example. GPT-40, which is
not specifically optimized for reasoning, shows the lowest performance while others successfully minimize all the
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ERMB

Query Regex
GPT-40 Output
Evaluation
DeepSeek-R1 Output
Evaluation

OpenAl ol Output
Evaluation

((((b+ a)(ca))((b") +
((a + b)eca(d* + ¢) +
Inequivalent

((b+ a)ca(b* + c) + d(ad)*a’)
Equivalent, Length Ratio: 0.9565
((b+ a)ca(b* + ¢) + (da)*da’)
Equivalent, Length Ratio: 0.9565

¢)) + (((da)*)((da) + d)))
+ (da)*d’)

Query Regex
GPT-40 Output
Evaluation
DeepSeek-R1 Output
Evaluation

OpenAl o1 Output
Evaluation

(((ed)(a+B)) + () (@h) + () ) (b + ) (b6)))
(cd(a +b) + c’ab + bd* (b + b)bc)

Inequivalent

(cd(a + b) + ¢’ ab + b(db)*be)

Equivalent, Length Ratio: 0.9259

(cd(a + b) + c’ab + (bd)*bbc)

Equivalent, Length Ratio: 0.9259

Query Regex

GPT-40 Output
Evaluation
DeepSeek-R1 Output
Evaluation

OpenAl ol Output
Evaluation

((((a+ a)(bd)) + ((cc))) ((ad) (b + b)) ((ad) () ((((ce)(a + a)) +
+(((c +a)(be)) ((aa)(bd)))))

(a +b)bd + (cc)’(ad(b + b)adc* + (cc(a + a) + d* + (c
Inequivalent

((abd + cc)’ adbadc*(cca + d* +
Equivalent, Length Ratio: 0.8889
((abd + (cc)?)adbadc* (cca + d* +
Equivalent, Length Ratio: 0.8889

(d))
+ a)bcaabd))
(¢ + a)bcaabd))

(¢ + a)bcaabd))

Query Regex

GPT-40 Output
Evaluation
DeepSeek-R1 Output
Evaluation

OpenAl ol Output
Evaluation

(e + ) + (@) + (@)E N+ D)) +
(b + (dd))((d + d) + (d +d)))))

((c+¢)* 4+ a*b* + dd(b")(d + d) + b+ dd(d + d))
Inequivalent
(c* 4+ ab+d(a
Inequivalent
(¢* 4 a*b* + ddb’d + a’d + bd)
Equivalent, Length Ratio: 0.5306

(((d+d) + (ad)) + (d+ (b +1)))

T Hb+db'd))

Query Regex

GPT-40 Output

Evaluation
DeepSeek-R1 Output

Evaluation
OpenAl ol Output

((((((d +a)(6"))") + (((b+a) + (a + ))((b+b)+(bb))))(((a(ba))+((ba)(ba)))
+(((?)(6+0)) ((d+¢) + (da)))(((((d + ¢)") + '
+((a")(€))) + (((de) + (bb))((d + b)(ac c)) +

((d+a)(B)) + ((a -+ b)(b+bb) + (ba)*(le + d +a
(d + b)ac + (dbd*)(be)*

Inequivalent

((((a + d)b*)* + (a + b)bb")((a + ba)ba + cc’ + da’)) +
+(a+b)’c* + (de + bb)(d + b)ac + dbd* (be)*
Inequivalent
(((((a +d)b")" +
+(a+b)c* +a’c’ + ((bb+ de)(b + d)ac)

(d+c)*+0b

(a + b)bb") (b aba + cc’ + da”))((c + d)* + (b+ d*)
+ (dbd*)(be)*))

Evaluation | Equivalent, Length Ratio: 0.8190
Query Regex | ((((((c + d)d) + ((¢*) +0))(((¢") + (@) ((a + d)(c + ) ((((c + )
+((bd)(c +d))) + (((b")a) + ((bb)(c + ¢))))) + (((((dd) + (b*))
+((c+ d)(c + d)))((((c + d)(be))((dd)(ad))) + (((dd)(a + b))((c + d)(a"))))))
GPT-40 Output | ((c + d)d + ¢* 4+ b)((c* + d*)(a + d)cc) + (¢ + ¢)* + bd(c + d) + (b*a + bbec)
+((dd 4+ b* + (c+d)(c+ d))*((c + d)beddad + dda + b(c + d)a”))
Evaluation | Inequivalent

DeepSeek-R1 Output

Evaluation
OpenAl ol Output

Evaluation

((¢* +b+d(c+d)(c* +d*)(a+d)c(c’ + bd(c + d) + ba* + bbc)

+(b* + (c+ d)(c + d)’((c + d)beddad + dd(a + b)(c + d)a’))

Inequivalent

(((c+d)d + (c* + b)) ((c* + d*)(a+ d)e))((c" 4 bd(c + d)) + ((b*)a + bbc)))
+((((dd + b*) + (c + d)(c + d)))*(((c + d)beddad) + ((dd(a + b))((c + d)a")))))
Equivalent, Length Ratio: 0.9381

Table 11: Case study of state of the art LLMs on ERMB. We report case studies using GPT-40, OpenAl o1, and
DeepSeek-R1 on ERMB. We report the type of failure and length ratio for each example. GPT-40 shows the lowest
performance while OpenAl ol surpasses all other models.
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G Prompts Used for Zero-shot and
Few-shot Prompting of LLMs

In our experiments using LLMs, we employ zero-
shot and five-shot prompting. Our prompts are
structured as shown in the examples below. Fig-
ure 7 is the prompt template used for zero-shot
prompting and Figure 6 is the prompt template
used for five-shot prompting. The same prompt is
used across all LLMs. For the five-shot examples
used in ERMB, since minimized answers are not
available, we use manually simplified examples
based on rules. Different examples are used for
RMC and ERMB. For ERMB, the examples are
composed to include two regexes with depth 4, two
regexes with depth 5, and one regex with depth 6.
Each prompt contains a brief explanation of formal
regex and explicitly instructs the model not to use
practical regex notation while generating only the
regex output without additional explanations.

H Evaluation on LLM Fine-tuning and
Chain-of-Thought Prompting

In this section, we explore methods to enhance
the capabilities of open-source LLMs through fine-
tuning and advanced prompting strategies. We re-
port the experimental results on RMC in Table 12
and on ERMB in Table 13.

H.1 Fine-tuning Open-Source LLMs

We first investigate whether fine-tuning can bridge
the gap between open-source models and the task
requirements. We fine-tuned Qwen2.5:7B and
Llama3.1:8B on the RMC corpus. In order to en-
sure efficient training, we utilized LoRA with a
rank of 16 and alpha of 16. The optimization was
performed using AdamW with a weight decay of
0.01 and a cosine learning rate schedule with learn-
ing rate = le~* and 5 warmup steps. The models
were trained for 10 epochs with a batch size of 16.
For evaluation, we employed zero-shot prompting
to align with the training data format. As shown in
Table 12, fine-tuning yields remarkable improve-
ments on the RMC dataset. Both Llama3.1:8B
and Qwen2.5:7B achieve near-perfect equivalence
scores (100.00% and 98.93%, respectively) and
significantly reduced length ratios compared to
the scratch-trained BART and TS baselines. How-
ever, Table 13 reveals a critical limitation regard-
ing generalization. When evaluated on the ERMB
dataset, which consists of longer and more com-
plex regexes, the performance of fine-tuned models

drops drastically (e.g., Qwen2.5:7B equivalence
drops to 1.23%). This indicates that while fine-
tuned models excel at distributions similar to their
training data, they fail to generalize to longer in-
puts, suggesting they learn statistical patterns rather
than the underlying logic of minimization.

H.2 Chain-of-Thought Prompting

Next, we examine the impact of Chain-of-
Thought (CoT) prompting on the reasoning capa-
bilities of larger models, specifically Qwen2.5:72B
and Llama3.3:70B. We utilized both zero-shot and
five-shot settings, explicitly instructing the models
to “think step by step.” We post-processed the
outputs to extract the final regex from the gen-
erated reasoning traces. The results in Table 12
demonstrate that CoT prompting can enhance per-
formance. For instance, Llama3.3:70B shows a sig-
nificant improvement in the zero-shot setting, with
equivalence increasing from 13.45% to 23.25%.
However, despite gains of approximately 50% im-
provement in some cases, the overall performance
remains significantly lower compared to the fine-
tuned models on RMC or the proprietary models.

H.3 Analysis of Generalization and Reasoning
Capabilities

The overall results reveal distinct characteristics
of each approach. Pretrained open-source LLMs
generally exhibit poor performance on regex min-
imization. Fine-tuned and scratch-trained models
perform reasonably well on regexes of lengths sim-
ilar to those seen during training but fail to gen-
eralize to longer inputs. Notably, although per-
formance improves with larger model sizes, open-
source models still fail to minimize effectively be-
yond a few simple heuristics. In contrast, our case
study on proprietary LLMs demonstrates that some
models can solve minimization tasks without addi-
tional training, and proprietary reasoning models,
in particular, perform well on longer regexes. This
suggests that the ability to handle longer contexts
and complex minimization is closely tied to rea-
soning capacity, highlighting a substantial margin
for improvement between current open-source and
proprietary LLMs.
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“““You are a regex minimization tool. Your task is to simplify a given formal regular expression
over the fixed alphabet ‘a’, ‘b’, ‘c’, ‘d’. The minimized regex must have the smallest possible
number of nodes in its expression tree while remaining functionally equivalent to the input.

The input regex follows these rules:

- Allowed operations: concatenation, union (‘+’), Kleene star (‘*’), and option (‘?°).

- Parentheses ‘()’ indicate operation precedence.

- The union operation is represented by ‘+° instead of ‘I’.

- You must not use practical regex notations like ‘I’ (alternative) or Kleene plus (‘+° for repetition).

Do not provide any explanations. Return only the minimized regex.

Examples:
Input: [EXAMPLE1]
Output: [ANSWER1]

Input: [EXAMPLE2]
Output: [ANSWER2]

Input: [EXAMPLE3]
Output: [ANSWER3]

Input: [EXAMPLE4]
Output: [ANSWER4]

Input: [EXAMPLES]
Output: [ANSWERS]

Now simplify the following regex:
Input: [REGEX]
Output:””

Figure 6: Prompt for five-shot regex minimization using LLMs. We utilize LLMs to inference the minimal
regex ([REGEX]) along with five example-answer pairs ((EXAMPLE 1-5], [ANSWER 1-5]) into this prompt
template.
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“““You are a regex minimization tool. Your task is to simplify a given formal regular expression
over the fixed alphabet ‘a’, ‘b’, ‘c’, ‘d’. The minimized regex must have the smallest possible
number of nodes in its expression tree while remaining functionally equivalent to the input.

The input regex follows these rules:

- Allowed operations: concatenation, union (‘+’), Kleene star (‘*’), and option (‘?°).

- Parentheses ‘()’ indicate operation precedence.

- The union operation is represented by ‘+’ instead of ‘I’.

- You must not use practical regex notations like ‘I’ (alternative) or Kleene plus (‘+° for repetition).

Do not provide any explanations. Return only the minimized regex.

Input: [REGEX]
Output:”””

Figure 7: Prompt for zero-shot regex minimization using LLMs. We utilize LLMs to inference the minimal
regex ([REGEX]) into this prompt template.

Approach  Model Size  Shot  Min. (1) Equiv. (1) Ratio (|)
Trainin BART 139M - 85.89-+0.07 87.12+0.14 79.66+0.02
€ 15 203M - 85564113 86.71+1.16 79.7240.15
Finewuning  L1AMa3-1 8B - 99991000 100.00+000 77.94:0.00
& Qwen25 7B - 98931019 98.934019 78.1540.04

Zero 1.72 5.88 99.39

Llama3.1 8B Five 3.95 10.82 98.54

Zero 1345 24.27 97.33

Llama3.3 0B pve 2115 39.82 94.30

. Zero 7.63 1651 98.91
Prompting  Qwen2.5 B Eve 675 15.66 98.17
Zero 1048 18.43 97.85

Qwen2.5-coder 7B poo 1067 24.69 97.26

Zero 2031 54.52 95.37

Qwen2.5 2B pive  23.06 54.33 93.09

Zero 2325 37.79 93.31

- Llama3.3 0B L 2007 41.82 92.48
0 Qwen2. g Zero 1909 44.41 91.82
wens. Five  31.13 46.87 90.70

Table 12: Performance comparison on the RMC dataset. We evaluate the effectiveness of training from scratch,
fine-tuning, standard prompting, and Chain-of-Thought (CoT) prompting across various model sizes. Fine-tuned
models demonstrate near-perfect performance on in-distribution data.
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Approach  Model Size  Shot Equiv. () Ratio (])

Trainin BART 13OM - 0.08+001 99.931001
€ 15 223M - 0.054001 99.95+0.01
Einenunine | L1Ama3-1 3B - 0.864£0.09 99.44+004
€ Qwen2.5 7B -~ 1234007 99.344001

Zero 1.51 99.96

Llama3.1 8 Eve 026 99.99

Zero 7.16 99.60

Llama3.3 0B me 257 99.73

Prompting Qwen2.5 7B 123?\1;2 (1)22 gggg

Zero 3.8 99.85

Qwen2.5-coder 7B Five 136 99.95

Zero  13.99 99.28

Qwen2.5 2B pive 644 99.50

Table 13: Generalization performance on the ERMB dataset. This table reports the results of trained, fine-tuned,
and prompted models on longer and more complex regexes. Despite the high performance on RMC, fine-tuned
models show limited generalization capabilities on ERMB.
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I Type of Failures Details

I.1 Proportions of Type of Failures for All
Models

In this section, we report the results of the type
of failure analysis when evaluating all models we
utilize on the RMC test set, as shown in Figure 8.
Unlike Figure 2 in Section 5.4, this figure includes
the Minimal category, providing a comprehensive
view of the actual results across 50,000 evalu-
ated regexes. As discussed earlier, the primary
source of failures for most models is producing
valid but inequivalent regexes. This pattern was
especially evident in 7-8B models, where their
smaller size likely makes it even more challenging
to generate equivalent regexes. Among the LLMs,
Qwen2.5:72B achieved the best performance. It
notably exhibits stronger capability in generating
equivalent regexes, and when provided with five-
shot examples, the proportion of minimal regexes
increased. Additionally, models with more than
70B parameters generally produce fewer invalid
regexes. However, an interesting observation is
the behavior of Qwen2.5-coder. Compared to other
LLMs and even our trained models, Qwen2.5-coder
produces significantly fewer invalid regexes. This
behavior is likely due to its code-specialized na-
ture, which may have exposed the model to a larger
variety of practical regexes compared to other mod-
els. As a result, it appears to be more resistant
to generating syntactically invalid outputs. How-
ever, its overall performance is not significantly
better than other 7B or 8B models, highlighting the
challenging nature of regex minimization.

I.2 Case Study on Type of Failures

Following Table 14 presents examples of failure
types observed in the inference results of each lan-
guage model. We report output examples for all
LLMs as well as the trained BART and T5 mod-
els, with LLM results based on five-shot prompting.
For post-processing, the symbol ‘I’ is treated as a
practical expression and replaced with ‘+’, while
transformation steps such as “->" and tags like “An-
swer:” are post-processed. As shown in the table,
most syntax errors occur due to mismatched paren-
theses or missing operands after the ‘+’ symbol.
However, the ‘+’ symbol is sometimes used as a
Kleene plus unary operation, where z is a regex
and 7 = xz*. Even if we interpret such cases as
intended Kleene plus expressions, they still do not
represent a valid minimization.

J Detailed Results of Consistency on
Equivalent Classes

J.1 Experimental Results on Equivalent
Regex Classes

In Section 5.4, we conduct an experiment under
our research question to examine whether language
models produce consistent results for equivalent
regexes within the same equivalent class. Here,
in Figure 9, we report the distribution of LLMs
with more than 70B parameters. BART and T5 are
excluded from the figure since their strong perfor-
mance in consistently producing minimal regexes
results in a trivial distribution. In the figure, the x-
axis represents the number of regexes successfully
minimized within a class of 20 equivalent regexes,
while the y-axis indicates the number of classes
where the model successfully minimized the cor-
responding x-amount of regexes. The sum of all
y-values for a given model is 50, corresponding to
the total number of sampled classes. As shown in
the figure, the performance is generally poor, with
most results concentrated in the 0-10 range. The
models successfully minimized only about four
regexes per class on average. This finding suggests
that even within the same equivalent class, LLMs
minimize some regexes successfully while failing
to do so for others.

J.2 Case Studies on Failure of Minimizing
Equivalent Regex Classes

Table 15 presents examples of LLM failure cases
discussed in Section 5.4, reporting specific in-
stances where models struggled with regex min-
imization. Here, o € X represents a single charac-
ter, while z and y denote regexes. As shown in the
table, LLMs generally perform well in applying
simplifying rules at the character level. However,
as the expressions become more complex, failures
in minimization occur more frequently. Notably,
in some cases such as the final example for Llama,
the model successfully simplifies the expression
but fails to apply further optimizations even though
additional reductions are possible. This observa-
tion suggests that LLMs tend to apply rules only
within local contexts rather than considering the
overall structure. Such limitations indicate that
LLMs struggle to fully understand and process long
regexes. Additionally, these cases of partially mini-
mized outputs, where further simplification is pos-
sible, are one of the key motivations for conducting
our recursive inference experiments.
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Llama:8b-Z
Llama:8b-F
Llama:70b-Z
Llama:70b-F
Qwen:7b-Z
Qwen:7b-F
Coder:7b-Z
Coder:7b-F
Qwen:72b-Z
Qwen:72b-F

Figure 8: The proportion of each failure type on RMC test set. The plot shows the proportion of each failure type of
all models we used. zero-shot and five-shot prompting are applied to each LLM. The types of failures are classified
into three cases: invalid, inequivalent and non-minimal. Additionally, we report the success cases together in the
plot by labeling them with “minimal” in order to visualize the total distribution.

15/ I [ama3.3:70b-F
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Figure 9: The distribution of the number of successfully minimized regexes in each equivalent class. We report
zero-shot and five-shot prompting results on LLMs with more than 70B parameters. The x-axis represents the
number of regexes in the same equivalent class that are successfully minimized. The y-axis represents the number
of equivalent classes where the model successfully minimized in each class.
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Model Type of Failure Input Regex Output Regex Minimal Regex
Invalid (((a+e)(a+d)((c+e)(d)) ((a(a + d)ed?) ((a+c)(a+d)cd7)
BART:139M Inequivalent  (((aa) + (a + b))((b + d)(dd))) (c(a +b)* (b + d)dd) ((b+aa”)(b+ d)dd)
Non-minimal ((c(ab)) + ((b") + (c+ d))) (b +d+ c(ab)’)” +¢) (b +d+ c(ab)’)?)
Invalid (((b+d)(c+d))(( d)?)) c(b+ d)(cd)?) (b+d)(c+ d)(cd)?)
T5:223M Inequivalent  (((aa) + (a +b))((b+ d)(dd))) (b + aa”) (bd)dd) (b + aa”)(b+ d)dd)
Non-minimal ((6(b+ <)) + ((a+d)(bb))) (b(b+ ¢) + (a + d)bd) (be + (a + d)’bb)
Invalid (((ab) + (ac)) + ((ab) + (bb))) (ab + ac) + ((ab)7(b+)) (ac+ (a+ b)b)
Llama3.1:8B Inequivalent ((d + () + (") + (d*))) ((b +d) (V" +d7) (d+0%)
Non-minimal  (((a”)(d")((b+d) + (d+d))) (((a®)(d"))((b+d) +d)) (a’d*(b+d))
Invalid ((d(b+b))((a + a)(ad))) (db+)((a+)ad) (dbaad)
Llama3.3:70B Inequivalent  (((ac) + (ac)) + ((d7) + (dd))) (ac+ (dd)’d") ((ac+ dd")?)
Non-minimal () (cd) (") 4 (d7))) (b*(cd)) (" +d7) (b*cd(c+d)")
Invalid (((a*) + (d))((ab) (b + b)) (a*d’ab(b+)7) ((d+ a*)abb)
Qwen2.5:7B Inequivalent  (((ab)(d")) + ((ac) + (a + d))) (ab(b*)? + a(c+d)) (d+ a(c+bb")")
Non-minimal ((a(a+d))+ (c+ (ad))) (aa + ad + ¢ + ab) (c+ala+b+d))
Invalid (((ad)(bd))((ad)(d + d))) (ad(bd)* (d+)) (adbdadd)
Qwen2.5-coder:7B  Inequivalent ((ald+d))+ (d+ (a+a))) (a+d)(a+d) (a+a’d)
Non-minimal ((d(c+)((c*) + (c+a))) (dc+0o)(c*+c+d) (de(d + c*))
Invalid ((c(ab)) + ((v° )+(c+d))) (cab+)* (b7 + ¢+ d) ((b+d+ (ab) )7
Qwen2.5:72B Inequivalent (((b*)(be)) + ((¢")(d*))) (b*c” + cd*) (b*c+c’d*)
Non-minimal ((ald+d))+ (d+ (a+a))) (a(d+d) +d+a) (a+a’d)

Table 14: Type of failure case study on RMC test set. We evaluate our two LMs and LLMs with five-shot prompting
only. All LLMs are instruction-tuned models. We report each failure case of each model associated with input,

output and minimal regex.

Model Simplifying Rules Input Regex Output Regex Minimized
oto—o  ((a+d)+(d+d)+((c") + () (d+a+(c) 0
o't — o (((a*)(@*)) + ((a*) + (b +¢))) (a*+(b+0) 0
Llama3.3:70B r+zx—z (((a*) + (a*)) + ((a+b) + (a+b))) (a+b) X
ot 4w — ot (%) + (e + ) +((c") + (cc))) (c+ (b)) X
ty ety (@) + )+ ((a+e)+(d)  (a"+b)+(a+c+d) X
cto—o (((a+d)+ (d+d) + ((c") + (c")) (a+d+ch) 0
otot = o (((a*)(@*)) + ((@®) + (b + ) (@ +b+c) 0
Qwen2.5:72B rt+zx—z (((a*) + (a*)) + ((a+b) + (a + b)) (a*+ (a+0b)) X
ot +zx — z* (((0") + (¢4 ) + ((¢*) + (e ))) (b* +c+ ) X
4yt sty (@) + 09) + ((a+ )+ (d))) (a’ +b*(a+c+d")) X

Table 15: LLM performance case study on equivalent regex classes in the perspective of simplifying rules. We
analyze the results of LLMs with more than 70B parameters. We choose five representative simplifying rules

manually and report the behaviors of LLMs on those cases.
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K AI Assistant Usage Statement

We utilize GPT-5.2 and Gemini-3 solely for the pur-
pose of refining grammar, punctuation, and phras-
ing in this manuscript. These tools are not used to
generate any of the core scientific content, such as
the methodology, experiments, or conclusions. The
authors verified the output and hold full responsi-
bility for the final text.
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