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Abstract

Artificial intelligence has long been evalu-
ated by its ability to perform computation and
structured reasoning. While recent large lan-
guage models (LLMs) demonstrate strong ca-
pabilities in language generation, code syn-
thesis, and structured problem solving, it re-
mains unclear whether they can construct for-
mal computational mechanisms from high-
level specifications. In this work, we inves-
tigate whether modern LLMs can synthesize
pushdown automata (PDAs) from language
descriptions expressed in natural language or
mathematical form. Because PDA construc-
tion requires explicit reasoning about states,
transitions, and stack-based memory, it pro-
vides a controlled test of structured symbolic
reasoning. We introduce the task of push-
down automaton synthesis and develop an auto-
mated evaluation framework that verifies gen-
erated PDAs through structural buildability
checks and execution-based validation. Using
a benchmark of context-free languages with
labeled test cases, we evaluate contemporary
LLMs and analyze their ability to construct
and execute formal computational machines.
Our results show that current state-of-the-art
LLMs struggle to reliably construct executable
PDAs, indicating that synthesizing computa-
tional mechanisms requiring coordinated rea-
soning over state transitions and stack-based
memory manipulation remains challenging for
present-day models. All code and data are avail-
able at: https://github.com/Dip-to/Pushdown-
Automaton-Synthesis-Dataset.git

1 Introduction

Artificial intelligence has long sought reliable ways
to determine whether machines can perform gen-
uine computation and reasoning rather than merely

* Equal Contribution
† Corresponding Author

imitate intelligent behavior. Turing’s seminal work
introduced the Turing machine as a formal model
capable of performing any computable procedure,
establishing a mathematical foundation for under-
standing the limits of algorithmic computation (Tur-
ing, 1936). Later, Turing proposed the Turing Test
as a behavioral evaluation framework, suggesting
that a machine could be considered intelligent if
its responses in natural language conversation are
indistinguishable from those of a human (Turing,
1950). Together, these ideas highlight two comple-
mentary perspectives on machine intelligence: the
ability to construct computational mechanisms ca-
pable of solving problems and the ability to demon-
strate such intelligence through language-based in-
teraction.

Subsequent developments in formal language
theory further refined the relationship between com-
putational models and the classes of languages they
can process. The Chomsky hierarchy classifies
computational models into four levels of increas-
ing expressive power—finite automata, pushdown
automata, linear bounded automata, and Turing
machines—ranging from simple pattern recogni-
tion to fully general computation (Chomsky, 1956;
Hopcroft et al., 2001; Sipser, 1996; Delétang et al.,
2023). Within this hierarchy, finite automata repre-
sent the simplest machines capable of recognizing
regular patterns, while Turing machines represent
the most powerful model capable of solving any
computable problem. This hierarchy therefore pro-
vides a principled framework for understanding
the computational capabilities required to process
increasingly complex language structures.

Recent advances in artificial intelligence, par-
ticularly through large language models (LLMs),
have significantly expanded the ability of machines
to perform complex reasoning and language-driven
tasks (Zhang et al., 2026; Lamia et al., 2025; She-
lat et al., 2026). Built upon Transformer architec-
tures (Vaswani et al., 2017) and trained on massive
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corpora with large-scale computational resources,
modern LLMs can generate coherent text, write
executable code, and solve a wide variety of struc-
tured problems (Brown et al., 2020; OpenAI et al.,
2023; Grattafiori et al., 2024; Chen et al., 2025;
Wei et al., 2022). However, constructing formal
computational machines—such as pushdown au-
tomata or Turing machines—from high-level de-
scriptions requires explicit algorithmic design, in-
cluding the ability to define states, transitions, and
memory mechanisms that correctly realize the in-
tended computation. Prior work has examined the
formal-language processing abilities of neural se-
quence models and Transformers, showing that
these models can learn certain patterns associated
with formal languages under controlled settings
(Bhattamishra et al., 2020; Merrill et al., 2022;
Strobl et al., 2024; Butoi et al., 2024). Yet these
studies primarily focus on language recognition or
sequence prediction rather than the explicit con-
struction of computational mechanisms. Related
work has also explored explicit grammatical rep-
resentations in LLM-based generation. Wang et
al. (Wang et al., 2023) use LLMs to predict spe-
cialized BNF grammars as intermediate represen-
tations for domain-specific generation, while Al-
binhassan et al. (Albinhassan et al., 2025) learn
context-sensitive constraints from LLM interac-
tions and enforce them during generation. How-
ever, these approaches focus on grammar-guided
or constrained generation rather than the direct syn-
thesis of executable computational machines. Con-
sequently, whether modern LLMs can synthesize
formal machines from natural language or mathe-
matical specifications remains largely unexplored,
offering a principled test of structured symbolic
reasoning beyond surface-level pattern generation.

Pushdown automata (PDAs) extend finite au-
tomata by introducing an unbounded stack, en-
abling the recognition of context-free languages.
This stack-based memory allows PDAs to capture
nested and recursive structures that frequently arise
in computing practice, including arithmetic expres-
sions, balanced delimiters, and block-structured
program syntax. Context-free languages also ad-
mit dual characterizations: they can be described
generatively through context-free grammars or rec-
ognized computationally by pushdown automata
(Hopcroft et al., 2001; Sipser, 1996). Because
PDAs require explicit manipulation of stack mem-
ory in addition to state transitions, constructing
them from language descriptions demands struc-

tured reasoning about both control flow and mem-
ory behavior. Importantly, PDAs occupy a prin-
cipled middle ground in the Chomsky hierarchy
between memoryless finite automata and fully gen-
eral Turing machines, making them a suitable level
of abstraction for evaluating structured computa-
tional reasoning. Motivated by this perspective,
we investigate whether modern AI models can syn-
thesize correct pushdown automata from language
specifications, using PDA construction as a con-
trolled and interpretable test of state-dependent and
memory-based reasoning. The main contributions
of this work are as follows:

• We formulate the task of pushdown automaton
synthesis from language specifications, where
a model must construct a PDA from either
natural language descriptions or formal math-
ematical expressions of a language. To the
best of our knowledge, this is the first system-
atic study evaluating whether large language
models can synthesize executable pushdown
automata from such specifications.

• We introduce an automated evaluation frame-
work that verifies generated PDAs through
structural buildability checks and execution-
based validation on labeled test cases, thereby
distinguishing failures of automaton construc-
tion from failures of semantic correctness.

• We construct a benchmark comprising context-
free languages with 50 labeled test cases per
language, covering diverse stack-based phe-
nomena, including counting dependencies,
nesting, and multi-block constraints.

• We conduct a systematic empirical evaluation
of several state-of-the-art LLMs, providing
quantitative comparisons and detailed analysis
of structural and semantic failure modes in
pushdown automaton synthesis.

2 Background

This section summarizes the theoretical founda-
tions underlying our evaluation framework, situat-
ing pushdown automata (PDAs) within the classi-
cal theory of computation and the formal language
hierarchy. Formal language theory provides a prin-
cipled framework for understanding the computa-
tional mechanisms required to recognize different
classes of languages and therefore offers a natural
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basis for evaluating whether machines can con-
struct executable computational models.

The Chomsky hierarchy organizes language
classes according to the computational resources
required to recognize them (Chomsky, 1956;
Hopcroft et al., 2001; Sipser, 1996). Regular lan-
guages (RLs) represent the simplest class and are
recognized by finite automata (FAs), which op-
erate with finitely many states and no auxiliary
memory. While efficient, FAs cannot enforce un-
bounded counting or nested dependencies across
arbitrarily long inputs.

Context-free languages (CFLs) extend RLs by
allowing recursive and hierarchical structures such
as balanced delimiters, recursive patterns, and
matched counts. This additional expressive power
arises from augmenting a finite automaton with
stack memory, yielding a pushdown automaton
(PDA), which recognizes exactly the class of CFLs
(Hopcroft et al., 2001; Sipser, 1996). More ex-
pressive language classes include context-sensitive
languages and recursively enumerable languages,
the latter recognized by Turing machines with un-
restricted read–write memory that characterize gen-
eral algorithmic computation.

Formally, let Σ be a finite set of symbols called
an alphabet. The set Σ∗ denotes all finite strings
over Σ, including the empty string ϵ. A language
is any subset L ⊆ Σ∗. Context-free languages
admit both generative and computational charac-
terizations. A context-free grammar (CFG) is a
tuple

G = (V,Σ, R, S),

where V is a finite set of nonterminals, Σ is a finite
set of terminals (V ∩ Σ = ∅), R is a finite set of
productions A → β with A ∈ V and β ∈ (V ∪Σ)∗,
and S is the start symbol. The language generated
by G is

L(G) = {w ∈ Σ∗ | S ⇒∗ w}.

A language is context-free if and only if it is
generated by some CFG, equivalently, if and only
if it is recognized by some PDA (Hopcroft et al.,
2001; Sipser, 1996). This equivalence provides two
complementary perspectives on CFLs: a generative
description through grammatical productions and a
computational realization through stack-based state
transitions.

A pushdown automaton (PDA) is a finite-state
machine augmented with a stack. Formally, a PDA

is a tuple

P = (Q,Σ,Γ, δ, q0, Z0, F ),

where Q is a finite set of states, Σ is the input
alphabet, Γ is the stack alphabet, q0 ∈ Q is the start
state, Z0 ∈ Γ is the initial stack symbol, F ⊆ Q is
the set of accepting states, and

δ : Q× (Σ ∪ {ϵ})× Γ → P(Q× Γ∗)

is the transition relation. If (p, α) ∈ δ(q, a,X),
then in state q, reading a ∈ Σ∪ ϵ with top-of-stack
X , the machine may move to p and replace X by
α ∈ Γ∗.

The stack provides unbounded last-in–first-out
memory. This enables PDAs to track long-range
dependencies by pushing symbols during one phase
of computation and later matching or removing
them. Figure 1 illustrates a PDA recognizing

L = {a2mc4ndnbm | m,n ≥ 0},

where the stack enforces separated counting con-
straints across multiple symbol blocks. Such de-
pendencies are beyond finite automata but do not
require the full computational power of Turing ma-
chines.

q0

q1

a, A | A
a, Z | Z

q2

ε, A | A
ε, Z | Z

a, A | AA
a, Z | AZ

q₆

ε, A | A
ε, C | C
ε, Z | Z

q3

c, A | A
c, C | C
c, Z | Z

d, C | ε

q₇

ε, A | A
ε, Z | Z

q₄

c, A | A
c, C | C
c, Z | Z

b, A | ε

q₈
ε, Z | Z

q₅

c, A | A
c, C | C
c, Z | Zc, A | CA

c, C | CC
c, Z | CZ

Figure 1: Pushdown automaton (PDA) recognizing L =
{ a2mc4ndnbm | m,n ≥ 0 }, using the stack to enforce
the dependencies between the numbers of a’s and b’s
and between c’s and d’s, with q8 as the accepting state.

Because PDAs lie between finite automata and
Turing machines in expressive power, they pro-
vide a controlled setting for assessing structured
reasoning. Unlike regular-language recognition,
PDA construction requires explicit memory ma-
nipulation; unlike unrestricted Turing computation,
it remains formally constrained and mechanically
verifiable. These properties make PDA synthesis
a suitable substrate for evaluating whether AI sys-
tems can construct executable computational mech-
anisms from language specifications.
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Figure 2: End-to-end workflow of the evaluation framework. The process consists of four stages: (a) CFL dataset
construction with human verification, (b) test-set generation with edge cases and labeled positive/negative examples,
(c) LLM-based PDA generation and conversion into an executable automaton, and (d) execution and evaluation.
Generated PDAs are first validated for successful construction (BUILDPASS or BUILDFAIL); buildable automata are
then executed on the test suite and labeled CORRECT or INCORRECT based on test-case outcomes.

3 Methodology

This section describes the methodological frame-
work used to evaluate large language models
(LLMs) on the task of synthesizing pushdown au-
tomata (PDAs) from language specifications ex-
pressed either in natural language or in formal
mathematical form. We first formalize the PDA
synthesis task and then describe the benchmark
construction, prompt design, and automated evalu-
ation pipeline used in our experiments.

3.1 Task Definition
We study the problem of synthesizing a pushdown
automaton from a language specification expressed
in textual or mathematical form. Given a language
description L, the model is required to generate
a PDA M that recognizes the language defined
by the specification. The task therefore requires
translating a high-level language description into an
explicit computational mechanism that implements
the corresponding recognition procedure.

Formally, the task is defined as a mapping

fθ : CFLSpec(L) → PDA(M),

where CFLSpec(L) denotes a standardized textual
or mathematical specification of a context-free lan-
guage and PDA(M) denotes a formally defined
pushdown automaton.

The generated PDA must follow the standard
7-tuple representation

P = (Q,Σ,Γ, δ, q0, Z0, F ),

explicitly defining its states Q, input alphabet Σ,
stack alphabet Γ, transition relation δ (including

optional ϵ-moves), initial state q0, initial stack sym-
bol Z0, and accepting states F . The output must
therefore constitute a complete and executable for-
mal artifact rather than an informal construction
or proof sketch. This task specifically evaluates a
model’s ability to generate executable control-flow
logic (state transitions) and stack-manipulation
logic (push/pop operations) directly, requiring joint
reasoning about when to transition states and how
to manipulate memory. Figure 2 illustrates the end-
to-end workflow from language specification to
executable PDA verification.

3.2 Benchmark Construction

We construct a benchmark consisting of 41 context-
free languages. The languages are collected from
standard textbooks, instructional materials, and
publicly available resources on formal language
theory (Hopcroft et al., 2001; Sipser, 1996). In
several cases, the original formulations are lightly
modified or rephrased to diversify surface descrip-
tions while preserving their formal properties.

Each candidate language is examined to ensure
that it is context-free and that a recognizing PDA
can be constructed. Languages that are ambigu-
ous in definition or not context-free are excluded.
The resulting benchmark covers a range of stack-
based phenomena commonly studied in formal lan-
guage theory, including counting dependencies,
multi-block arithmetic constraints, palindromic
structures, inequality relations, and balanced or
nested delimiters. While many specifications are
expressed in mathematical form (e.g., set-builder
notation), a subset is written as textual descriptions
to reflect realistic language specification styles.
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For each language, we construct a verification
suite consisting of 50 labeled strings (accepted
or rejected). Candidate strings are initially gen-
erated using a deterministic script with fixed length
bounds and random seeds to ensure reproducibil-
ity. The script samples strings within predefined
limits and filters them according to the formal
constraints of the language. Automatically gener-
ated strings are then supplemented with manually
designed boundary examples, including minimal
valid strings, edge-count configurations, and near-
miss negative cases.

Finally, all test cases associated with each lan-
guage are manually reviewed to verify that their
acceptance labels are correct and consistent with
the intended language definition. Only test cases
that pass this human verification step are retained
in the final benchmark.

3.3 Prompt Design and Output Constraints
To isolate reasoning performance from formatting
variability, we design a fixed instruction template
that specifies the exact schema required for PDA
construction. The template instructs the model to
produce a PDA using the standard 7-tuple repre-
sentation and requires explicit declaration of each
component, including the state set, input alphabet,
stack alphabet, transition relation, start state, initial
stack symbol, and accepting states.

For each evaluation instance, the instruction tem-
plate is concatenated with a language specification
expressed in textual or mathematical form. All
models are evaluated under identical zero-shot con-
ditions using the same prompt to ensure compara-
bility across systems (Kojima et al., 2022). The
template also prohibits explanatory text or com-
mentary outside the required schema, ensuring that
the output corresponds to a formal machine speci-
fication rather than a descriptive explanation. The
complete instruction template used in the experi-
ments is provided in Appendix C.

3.4 Automated Evaluation Pipeline
To evaluate the generated automata, we employ
an automated verification pipeline that checks
both structural correctness and behavioral validity
(Cobbe et al., 2021). The pipeline first performs a
structural validation step that parses the model out-
put and verifies whether it conforms to the required
PDA schema. Outputs that fail to define a valid
7-tuple or contain inconsistent states, alphabets, or
transition definitions are categorized as structural

failures and are excluded from execution.
If the generated PDA passes structural validation,

it is instantiated within a PDA simulator and exe-
cuted on the verification suite associated with the
corresponding language. Each automaton is eval-
uated on the 50 labeled strings constructed during
benchmark generation. For every test string, the
simulator determines whether the PDA accepts or
rejects the input according to the defined transition
relation and stack operations.

All executable automata are instantiated using
the automata-lib Python library,1 which provides
implementations of deterministic and nondetermin-
istic pushdown automata (DPDA and NPDA). Gen-
erated PDA specifications are first parsed by a cus-
tom conversion script that maps the model output
into the library’s PDA object representation. The
simulator supports standard PDA execution seman-
tics, including nondeterministic transitions and ϵ-
moves. Acceptance is evaluated using the library’s
criteria, which include acceptance by final state,
acceptance by empty stack, or both conditions si-
multaneously, depending on the PDA specification.
The execution engine handles stack manipulation,
transition expansion, and nondeterministic branch-
ing internally according to the library’s implemen-
tation.

The predicted results are then compared with the
ground-truth labels to determine correctness. This
execution-based evaluation allows us to distinguish
between failures caused by malformed machine
constructions and those resulting from incorrect
computational behavior. By separating structural
and semantic errors, the pipeline provides a precise
assessment of whether a model successfully con-
structs an executable automaton that implements
the intended language constraints.

To account for the stochastic nature of LLM
generation, each model is queried independently
three times for every language specification, pro-
ducing three generations without conversational
carryover. The generated PDAs are evaluated sepa-
rately and aggregated during analysis to measure
per-generation accuracy, pooled accuracy across
generations, retry-based reliability, and structural
robustness through build-failure rates. All models
are evaluated under identical prompting conditions
using the same instruction template, without fine-
tuning or external tool augmentation, ensuring a
controlled and reproducible evaluation setup.

1https://pypi.org/project/automata-lib/
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4 Empirical Evaluation

We empirically evaluate the ability of large lan-
guage models (LLMs) to synthesize executable
pushdown automata (PDAs) from language spec-
ifications expressed either as natural language de-
scriptions or formal mathematical expressions. The
evaluation examines whether generated PDAs are
both structurally well-formed and semantically cor-
rect with respect to the intended context-free lan-
guage. Using the benchmark introduced in Sec-
tion 3.2, model outputs are verified through an au-
tomated framework that combines structural build-
ability checks with execution-based validation on
labeled test strings. Our experimental design fo-
cuses on evaluating structured symbolic synthesis
under strict formal constraints while enabling con-
trolled comparison across models.

4.1 Models

We evaluate six contemporary LLMs represent-
ing different positions in the current model land-
scape: three proprietary frontier systems (Gem-
ini 3 Pro, GPT-5.2, Claude Sonnet 4.5) and three
large open-weight models (Qwen3-235B-A22B,
Deepseek v3.2, Mistral Large 3).

Gemini 3 Pro, GPT-5.2, and Claude Sonnet 4.5
represent the highest-capability publicly available
variants of their respective model families at the
time of evaluation and are therefore used to esti-
mate the upper limits of proprietary LLM perfor-
mance on PDA synthesis. Among open-weight sys-
tems, Qwen3-235B-A22B provides a high-capacity
alternative to closed models, Deepseek v3.2 en-
ables examination of reasoning-oriented training
for automata-theoretic construction, and Mistral
Large 3 serves as a general-purpose baseline for
structured generation robustness. This selection
allows us to examine whether PDA synthesis ca-
pability correlates with reasoning specialization,
model scale, or training ecosystem.

All models are evaluated under identical zero-
shot conditions using the same fixed PDA instruc-
tion template to ensure controlled comparison. To
ensure a controlled and consistent comparison
across models, we used identical inference con-
figurations for all evaluated systems. Specifically,
the temperature was fixed at 0.0, corresponding to
greedy decoding, while top-p was set to 1.0, ef-
fectively disabling nucleus-based truncation. The
maximum generation length was set to 4096 tokens
for all models, which was sufficient for produc-

ing complete PDA specifications; no generation
reached this limit in practice. All models were
evaluated using their default non-thinking config-
uration, with no extended reasoning or additional
reasoning-budget features enabled.

4.2 Evaluation Metrics

PDA construction is a formally constrained task
requiring both syntactic validity and semantic cor-
rectness. We therefore evaluate generated automata
using a two-stage verification process: build and
test execution.

Stage 1: Build We first parse the model output
according to the required schema and attempt to in-
stantiate an executable PDA within our evaluation
framework. If any issue occurs—including schema
violations, missing or invalid symbols, malformed
transitions, library instantiation failures, or runtime
exceptions—the output is labeled BUILDFAIL; oth-
erwise, it is labeled BUILDPASS.

Stage 2: Test execution For each BUILDPASS

PDA, we execute the automaton on the 50 labeled
test cases associated with the target language. A
PDA is labeled CORRECT if it matches all test-
case labels (0 mismatches), and INCORRECT if at
least one test case is mismatched (≥ 1 mismatch).
Outputs labeled BUILDFAIL are also counted as
INCORRECT. Importantly, passing the curated test
suite demonstrates behavioral correctness on the
evaluated benchmark cases, rather than formal lan-
guage equivalence between the synthesized PDA
and the target language.

4.3 Experimental Results

This section presents the empirical evaluation of
PDA synthesis from CFL specifications across six
state-of-the-art LLMs. We analyze overall accu-
racy, failure modes, robustness across independent
attempts, and the statistical reliability of observed
performance differences.

Comparative Accuracy Across Models. Table 1
and Figures 3 and 4 summarize how reliably each
model generates correct PDAs on the same set
of 41 CFL instances when sampled three times
independently (Turns 1–3). Table 1 reports, for
each turn, the numbers of correct and incorrect
generations together with accuracy, and also pro-
vides a pooled “Total” over all three turns. Fig-
ure 3 visualizes the per-turn and pooled accuracies
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Model Turn 1 Turn 2 Turn 3 Total

Corr Incorr Acc.% Corr Incorr Acc.% Corr Incorr Acc.% Corr Incorr Acc.%

Gemini 3 Pro 31 10 75.61 30 11 73.17 32 9 78.05 93 30 75.61
GPT-5.2 23 18 56.10 26 15 63.41 25 16 60.98 74 49 60.16
Qwen3-235B-A22B 22 19 53.66 19 22 46.34 22 19 53.66 63 60 51.22
Deepseek v3.2 14 27 34.15 14 27 34.15 13 28 31.71 41 82 33.33
Claude Sonnet 4.5 12 29 29.27 12 29 29.27 13 28 31.71 37 86 30.08
Mistral Large 3 5 36 12.20 6 35 14.63 5 36 12.20 16 107 13.01

Table 1: Accuracy Statistics on 41 CFLs. Each model is queried three times independently (Turns 1–3). Corr and
Incorr are the numbers of correct and incorrect PDAs, respectively; Acc.% is the corresponding accuracy.
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Figure 3: Accuracy across independent generations on the 41 CFL instances. For each model, Turn 1–3 bars report
per-turn accuracy, and the Total bar reports pooled accuracy across all three turns.

Model Incorrect BuildFail Built-but-wrong BuildFail (%)

Gemini 3 Pro 30 2 28 6.67
GPT-5.2 49 9 40 18.37
Qwen3-235B-A22B 60 17 43 28.33
Deepseek v3.2 82 20 62 24.39
Claude Sonnet 4.5 86 39 47 45.35
Mistral Large 3 107 54 53 50.47

Table 2: Distribution of errors across models, showing
how incorrect cases are split between build failures and
built-but-wrong outputs, along with the corresponding
build-failure rate.

for cross-model comparison. Gemini 3 Pro con-
sistently achieves the highest performance across
turns (about 73–78% per turn; 75.6% pooled), fol-
lowed by GPT-5.2 (about 56–63% per turn; 60.2%
pooled) and Qwen3-235B-A22B (about 46–54%
per turn; 51.2% pooled). Deepseek v3.2, Claude
Sonnet 4.5, and Mistral Large 3 perform substan-
tially worse, with pooled accuracies of 33.3%,
30.1%, and 13.0%, respectively.

Figure 4 further shows pooled correct and in-
correct counts (out of 123 total trials per model).
Gemini 3 Pro and GPT-5.2 accumulate far more

Model Pr[≥ 1] Pr[≥ 2] Pr[3/3] E[Att.|Succ.] Pr[Fail]

Gemini 3 Pro 78.0 75.6 73.2 1.06 22.0
GPT-5.2 70.7 61.0 48.8 1.24 29.3
Qwen3-235B-A22B 65.9 53.7 34.1 1.22 34.1
Deepseek v3.2 58.5 26.8 14.6 1.67 41.5
Claude Sonnet 4.5 36.6 29.3 24.4 1.33 63.4
Mistral Large 3 22.0 9.8 7.3 1.56 78.0

Table 3: Per-instance retry performance over three inde-
pendent generations. We report best-of-3 success (Pr[≥
1]), cross-retry consistency (Pr[≥ 2] and Pr[3/3]), ex-
pected attempt of first success (E[attempt|success]), and
complete failure rate (Pr[Fail]).

correct trials and fewer failures, whereas Deepseek
v3.2, Claude Sonnet 4.5, and Mistral Large 3 are
dominated by incorrect generations. These results
reveal a clear performance gap: while Gemini 3
Pro and GPT-5.2 can often construct correct PDAs,
reliability remains limited across the contemporary
systems.

Failure Mode Breakdown. Table 2 decomposes
incorrect trials into two categories: BuildFail and
Built-but-wrong. We quantify the contribution of

43826



Gemini
3 Pro

GPT-
5.2

Qwen3-
235B-A22B

Deepseek
v3.2

Claude
Sonnet 4.5

Mistral
Large 3

0

20

40

60

80

100

120
Co

un
t (

Tu
rn

1 
+ 

Tu
rn

2 
+ 

Tu
rn

3)
Correct Incorrect

Figure 4: Visualization of correct vs. incorrect genera-
tions aggregated over three independent turns (123 total
trials per model).

construction errors using the BuildFail rate, defined
as BuildFail/Incorrect × 100, which measures the
proportion of errors caused by executability fail-
ures. A clear pattern emerges across models. Gem-
ini 3 Pro exhibits relatively low BuildFail rates and
primarily fails at the semantic level, producing syn-
tactically valid PDAs that incorrectly capture the
language constraints. In contrast, Claude Sonnet
4.5 and Mistral Large 3 show substantially higher
BuildFail rates, indicating that many outputs can-
not be parsed or executed. These results highlight
that successful PDA synthesis requires both struc-
tural correctness and semantic correctness: models
must generate automata that are syntactically valid
and functionally accurate. Separating construction
failures from functional errors, therefore, provides
important diagnostic insight into model behavior.

Error Analysis To understand where LLMs
struggle in PDA synthesis, we examine three fac-
tors: task difficulty, model behavior, and the format
used to specify the target language. Detailed results
are provided in Appendix D; here, we summarize
the main findings.

As CFL difficulty increases, PDA synthesis
becomes less reliable. The overall error rate
rises from 33.3% on Easy languages to 58.5% on
Medium and 67.0% on Hard languages. Logical
errors account for most failures, meaning that mod-
els often produce a valid PDA whose transition or
stack behavior does not correctly implement the
target language. Construction failures are less com-
mon but also increase with difficulty, from 6.8%
on Easy tasks to 16.0% on Medium and 30.0% on
Hard tasks. Thus, increasing language complexity

makes it harder not only to construct a valid PDA,
but especially to implement its intended computa-
tion correctly.

Models also show different failure patterns.
Gemini 3 Pro primarily makes logical errors and
has relatively few construction failures, whereas
Claude Sonnet 4.5 and Mistral Large 3 experience
substantially more construction failures. Other
models, including GPT-5.2, Qwen3-235B-A22B,
and Deepseek v3.2, show increasing logical errors
as difficulty grows. These differences indicate that
models can struggle at different stages of synthe-
sis, from producing an executable automaton to
implementing the correct computational behavior.

A particularly important finding is that how the
CFL is specified also affects synthesis performance.
Figure 5 compares mathematical notation with
natural-language descriptions. Mathematical speci-
fications achieve higher accuracy for most models
and have a higher overall median accuracy. For
example, Gemini 3 Pro achieves 79.4% accuracy
with mathematical notation compared with 71.7%
with textual descriptions, while Claude Sonnet 4.5
improves from 25.0% to 34.9%. This trend is not
universal, as GPT-5.2 and Mistral Large 3 perform
better with textual specifications. Nevertheless, the
overall result suggests that mathematical notation
provides a more precise representation of the lan-
guage constraints, making them easier to translate
into PDA transitions. In contrast, natural-language
descriptions require additional interpretation before
the model can construct the corresponding compu-
tation. This highlights that PDA synthesis depends
not only on model capability, but also on how the
target language is specified.

Robustness Across Independent Generations.
Table 3 analyzes performance under three inde-
pendent attempts per CFL instance. For each
model, we report the probability that an instance
is solved at least once (best-of-3), in at least two
turns, or in all three turns, capturing both peak suc-
cess and cross-turn consistency. We also report
E[attempt | success], the expected attempt index of
first success (lower values indicate faster success),
and Pr[no success], the probability that all three
attempts fail.

For example, Gemini 3 Pro shows high best-of-3
accuracy (78.0%) and strong consistency (73.2%
solved in all three turns), whereas Deepseek v3.2
shows a large gap between occasional success
(58.5%) and full consistency (14.6%). Overall,
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summarizes the overall distribution, showing a higher median accuracy for mathematical representations than for
textual descriptions.

retries increase the probability of success, but re-
liability varies substantially across models. Per-
formance remains relatively stable across attempts,
suggesting that most errors reflect model capability
limitations rather than stochastic decoding. Even
with retries, Claude Sonnet 4.5 and Mistral Large
3 rarely achieve consistent success.

Paired Significance Tests. Each model produces
a binary outcome (Correct/Incorrect) on the same
123 evaluation items. Because results are paired
on identical CFL instances, we use McNemar’s
exact test to assess whether performance differ-
ences between models are statistically significant.
Complete methodological details are provided in
Appendix E.

The results establish a clear performance hier-
archy. Gemini 3 Pro significantly outperforms all
other models. GPT-5.2 forms the next tier, out-
performing lower-ranked models but showing no
significant difference from Qwen3-235B-A22B.
Qwen3-235B-A22B occupies the middle tier, while
Deepseek v3.2 and Claude Sonnet 4.5 are statisti-
cally similar but below the top systems. Mistral
Large 3 performs the weakest overall.

Multiple-comparison correction. Without cor-
rection, the probability of false positives increases
with multiple testing. We therefore apply the
Benjamini–Hochberg procedure (Benjamini and
Hochberg, 1995) to control the false discovery rate
at q = 0.05. Complete methodological details are
provided in Appendix F. After correction, the rank-
ing remains unchanged: Gemini 3 Pro significantly
outperforms all others; GPT-5.2 forms the second

tier, outperforming lower-ranked models but not
differing significantly from Qwen3-235B-A22B;
and Mistral Large 3 remains the weakest. The only
statistically indistinguishable pairs under BH are
GPT-5.2 vs. Qwen3-235B-A22B and Claude Son-
net 4.5 vs. Deepseek v3.2.

5 Conclusions

In this work, we conducted a systematic evaluation
of LLMs on the task of synthesizing PDAs from
CFL specifications. We introduced a benchmark
of diverse CFL instances together with an auto-
mated evaluation framework that separates struc-
tural buildability from functional correctness, en-
abling precise diagnosis of construction and rea-
soning errors.

Our empirical results reveal substantial variation
across models. While Gemini 3 Pro demonstrates
comparatively strong performance in generating
executable PDA structures, several other SOTA
systems frequently fail either during automaton
construction or during semantic verification. Statis-
tical analysis using McNemar’s exact test with Ben-
jamini–Hochberg correction confirms that many of
these performance differences are significant.

Overall, the results suggest that although mod-
ern LLMs show progress in structured genera-
tion tasks, reliably synthesizing computational ma-
chines that require coordinated state transitions and
stack-based memory operations remains challeng-
ing. Beyond the specific task studied here, PDA
synthesis provides a principled and interpretable
testbed for evaluating structured reasoning capabil-
ities in LLMs.
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Limitations

Despite providing a controlled evaluation of push-
down automaton synthesis, our study has several
limitations. First, the evaluation uses 41 context-
free languages (CFLs), each accompanied by 50
labeled test cases, yielding 2,050 total evaluation
strings. The dataset was constructed with care-
ful verification to ensure formal correctness and
diversity. Each candidate language was collected
from multiple educational and theoretical sources
in formal language theory and manually verified to
confirm that it is indeed context-free. Furthermore,
all generated test strings were reviewed by human
annotators to ensure that the Accept/Reject labels
correctly reflect the target language definition. The
dataset emphasizes correctness and theoretical va-
lidity rather than raw volume, which is particularly
important for evaluating formal computational arti-
facts.

Second, our model evaluation covers only a sub-
set of contemporary LLMs available at the time
of the study. We evaluate six representative sys-
tems, including both proprietary frontier models
and large open-weight models, in order to capture
different points in the current model ecosystem.
However, the LLM landscape evolves rapidly, with
frequent updates to architectures, training data, and
reasoning capabilities. As a result, the relative per-
formance of models on PDA synthesis may change
as newer generations of models are released. In
addition, many proprietary systems do not disclose
detailed architectural or training information, lim-
iting deeper analysis of which model properties
contribute to successful automaton synthesis. Our
results should therefore be interpreted as a snap-
shot of model capabilities at the time of evaluation
rather than a definitive ranking of all possible LLM
systems.

Third, our evaluation requires models to synthe-
size PDAs directly. An alternative pipeline would
have models first generate a context-free grammar
(CFG) from the specification and then mechani-
cally convert the CFG into a PDA using standard al-
gorithmic transformations. Because CFG-to-PDA
conversion is a well-defined procedure, this two-
stage approach could separate language understand-
ing from direct automaton construction and may
yield higher success rates. We view this CFG-first
synthesis strategy as an important baseline and a
promising direction for future work.
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Gemini 3 Pro - Performance Summary

Figure 6: Gemini 3 Pro performance on the 41 CFL instances over three independent generations (Turns 1–3). The
plot reports correct vs. incorrect counts per turn and the pooled total, together with per-turn accuracies and the
pooled accuracy across all turns.
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Figure 7: GPT-5.2 performance on the 41 CFL instances over three independent generations (Turns 1–3). The plot
shows correct vs. incorrect counts per turn and in total, along with per-turn accuracies and the pooled accuracy
across all turns.
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Figure 8: Qwen3-235B-A22B performance on the 41 CFL instances over three independent generations (Turns
1–3). The plot reports turn-wise correct/incorrect counts and the pooled total, and summarizes accuracy per turn and
overall.
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Figure 9: Deepseek v3.2 performance on the 41 CFL instances over three independent generations (Turns 1–3). The
plot reports correct/incorrect counts per turn and pooled, and the corresponding per-turn and overall accuracies.
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Figure 10: Claude Sonnet 4.5 performance on the 41 CFL instances over three independent generations (Turns
1–3). The plot shows turn-wise correct vs. incorrect counts and the pooled total, together with per-turn and overall
accuracies.
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Figure 11: Mistral Large 3 performance on the 41 CFL instances over three independent generations (Turns 1–3).
The plot summarizes correct/incorrect counts per turn and pooled, and reports per-turn accuracies with the pooled
accuracy.
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B CFLs Used in the Evaluation

This appendix presents a representative set of
Context-Free Languages (CFLs) used in our eval-
uation. The selected languages cover a variety of
structural patterns commonly studied in formal lan-
guage theory.

B.1 CFLs Specified in Mathematical Notation

Example CFL
1 L = {a2nb3n | n ≥ 0}
2 L = {0n1m0n | n,m ≥ 0}
3 L = {amb(2m+1) | m ≥ 1}
4 L = {wxwR | x ∈ {a, b}, w ∈ {a, b}∗}
5 L = {anbmcn+m | n ≥ 1, m ≥ 1}
6 L = {aibjck | i, j, k ≥ 0, i+ j = k}
7 L = {a2mc4ndnbm | m,n ≥ 0}
8 L = {0n1m | n ≥ 1,m ≥ 1,m > n+ 2}

Table 4: Sample of mathematically specified Context-
Free Languages (CFLs) used in this study.

B.2 CFLs Specified Using Textual Description

Example CFL
9 L = { all strings that have some number of a’s,

followed by some number of b’s, followed by
the same number of c’s as b’s, followed by
the same number of d ’s as a’s (with at least
one a and at least one b) }

10 L = { all strings that look like: some number
of a’s, then some number of b’s, then the
same number of a’s as the previous b’s, then
the same number of b’s as the first a’s }

11 L = { all strings made only of ( ) [ ] that
are correctly balanced and correctly typed,
meaning every opening symbol is eventually
closed by the matching kind, and nesting is
always consistent }

12 L = { strings that look like: some a’s followed
by some b’s, where #a ≥ #b }

13 L = { strings that look like: some 1’s, then
some 0’s, then 1’s again (allowing either
block to be empty), where the last #1 = (first
#1) + 2·(#0) }

14 L = { strings where every prefix has at least
as many a’s as b’s }

Table 5: Sample textually described Context-Free Lan-
guages (CFLs) used in the experiments.

C PDA Construction Prompt

This Section presents the prompt template used to
evaluate model performance on PDA construction.
For each instance in our dataset, the placeholder for
the language definition is replaced with a specific
CFL.

# Given a language (L), you are tasked with
constructing a corresponding Pushdown Automaton
(PDA) and presenting it in **formal definition**
form.

## PDA Formal Definition
A PDA is formally defined as a 7-tuple:
P = (Q, Σ, Γ, δ, q_0, Z_0, F)

Where,
Q: set of states
Σ: input alphabet
Γ: stack alphabet
q_0: initial state
Z_0: initial stack symbol
F: set of accepting states

Rules:
- Use 'ε' for the empty string.
- Output only the PDA definition.
- Transitions must follow the format:
δ(q, x, γ) = (p, α). where q,p ∈ Q, x ∈ Σ ∪ {ε},
γ ∈ Γ, α ∈ Γˆ∗.

Language L = { <instance-specific language> }

D Error Analysis

To better understand the failure modes of large
language models in PDA synthesis, we analyze er-
ror patterns across difficulty levels, models, and
language specification formats. In particular, we
distinguish between two primary failure types: con-
struction failures (BUILDFAIL), where the gener-
ated PDA cannot be parsed or instantiated, and
logical errors, where a syntactically valid automa-
ton fails to correctly recognize the target language
during execution.

To examine how task complexity influences
model behavior, we categorize the 41 context-free
languages (CFLs) in our benchmark into three diffi-
culty levels based on human judgment. Specifically,
a group of participants with background knowledge
in formal language theory were asked to assess
each CFL and categorize it according to the per-
ceived difficulty of constructing a corresponding
pushdown automaton. Based on this evaluation, the
dataset was partitioned into Easy (n=9), Medium
(n=17), and Hard (n=15) categories. In the fol-
lowing analysis, we report model performance and
error patterns with respect to these difficulty levels.

Figures 12-5 provide complementary views of
these behaviors.

D.1 Error Distribution Across Difficulty
Levels

Figure 13 illustrates how error rates evolve as the
complexity of the CFL specification increases. A
consistent trend is observed: the total error rate
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Figure 12: Per-model distribution of error types across CFL difficulty levels. Errors are divided into BUILDFAIL,
where the generated PDA cannot be parsed or instantiated, and LOGICAL ERROR, where a syntactically valid PDA
fails during execution. Across most models and difficulty levels, logical errors dominate, while construction failures
increase as the language gets harder. The results highlight that many models generate structured outputs but struggle
to implement correct transition logic.

increases from approximately 33.3% for Easy lan-
guages to 58.5% for Medium languages and 67.0%
for Hard languages. Across all difficulty categories,
logical errors constitute the dominant failure mode,
indicating that models frequently generate syntacti-
cally valid PDA descriptions but fail to encode the
correct transition logic required to recognize the
language.

Construction failures are less frequent but in-
crease noticeably as task difficulty grows. The
BUILDFAIL rate rises from 6.8% for Easy tasks
to 16.0% for Medium tasks and 30.0% for Hard
tasks. This pattern suggests that generating well-
formed automaton specifications becomes increas-
ingly challenging as the structural complexity of
the language description increases. Overall, these
results indicate that while models often succeed
in producing syntactically structured outputs, im-
plementing correct stack-based behavior remains a
significant challenge.

D.2 Model-Specific Error Patterns
Figure 12 provides a more detailed view of how
different models contribute to the overall error dis-
tribution. Distinct error profiles emerge across sys-
tems.

GPT-5.2 exhibits moderate construction failure
rates and a noticeable increase in logical errors as
task difficulty increases, particularly for Medium
and Hard languages. Claude Sonnet 4.5 shows
a substantial increase in construction failures at
higher difficulty levels, indicating that the gener-
ated PDA specifications often cannot be parsed or
executed. Gemini 3 Pro produces relatively few
construction failures, with most errors arising from
incorrect logical transitions rather than formatting
issues.

Deepseek v3.2 demonstrates a steady increase
in logical errors as difficulty grows, suggesting dif-
ficulty in encoding the correct stack manipulation
logic required for more complex CFLs. Mistral
Large 3 exhibits high error rates across all cate-
gories, with a combination of construction failures
and logical errors. Qwen3-235B-A22B shows com-
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Figure 13: Aggregate error distribution across CFL difficulty levels over all models. Errors are decomposed into
construction failures (BUILDFAIL) and logical execution errors. Total error rates increase with language complexity,
rising from Easy to Hard tasks. Logical errors remain the dominant failure mode across all difficulty categories.

paratively lower construction failures but increas-
ing logical errors for Medium and Hard tasks.

These model-specific patterns highlight that dif-
ferent systems struggle with distinct aspects of
PDA synthesis, ranging from structural generation
issues to incorrect computational logic.

D.3 Performance Across Difficulty Categories

Figure 14 presents model accuracy across the three
difficulty categories. Performance varies substan-
tially across models and difficulty levels. Gem-
ini 3 Pro achieves the highest accuracy across all
categories, reaching 100% accuracy on Easy tasks
and maintaining strong performance on Medium
(70.6%) and Hard (66.7%) languages. GPT-5.2
shows comparatively stable performance across cat-
egories, achieving accuracies of 66.7%, 52.9%, and
64.4% for Easy, Medium, and Hard tasks respec-
tively.

Several models exhibit substantial performance
degradation as difficulty increases. Claude Son-
net 4.5 achieves 81.5% accuracy on Easy tasks
but drops to 19.6% on Medium tasks and 11.1%
on Hard tasks. Deepseek v3.2 decreases from
59.3% on Easy languages to 35.3% and 15.6% on
Medium and Hard languages respectively. Mistral
Large 3 achieves relatively low accuracy across
all categories (22.2%, 13.7%, and 6.7%). Qwen3-
235B-A22B performs well on Easy and Medium
languages (70.4% and 56.9%) but shows reduced
performance on Hard tasks (33.3%).

These results demonstrate that the complexity of
CFL specifications strongly influences the ability
of language models to synthesize correct pushdown

automata.

D.4 Impact of Language Specification Format

Figure 5 compares model performance when
context-free languages are expressed using for-
mal mathematical notation vs. natural-language
descriptions. Across most models, mathematical
specifications result in higher accuracy than tex-
tual descriptions. For example, GPT-5.2 achieves
57.1% accuracy under mathematical notation com-
pared to 63.3% under textual specifications, while
Gemini 3 Pro achieves 79.4% and 71.7%, respec-
tively.

Several models exhibit larger performance gaps
between the two representations. Claude Son-
net 4.5 achieves 34.9% accuracy under mathemati-
cal notation but only 25.0% under textual descrip-
tions. Similarly, Deepseek v3.2 achieves 36.5%
accuracy with mathematical notation and 30.0%
with textual specifications. These differences sug-
gest that the format used to describe a language can
significantly influence model performance.

In addition to the model-wise comparison, the
boxplot in Figure 5 summarizes the overall distribu-
tion of accuracies for the two specification formats.
The distribution shows that mathematical-based
specifications consistently achieve higher median
accuracy than textual descriptions. Moreover, the
mathematical notation condition exhibits a wider
spread of results, reflecting strong performance
from several models (e.g., Gemini 3 Pro and GPT-
5.2) while weaker models still struggle. In contrast,
the textual specification condition shows a lower
median and a slightly tighter distribution, indicat-
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Figure 14: Model accuracy across CFL difficulty categories (Easy, Medium, and Hard). The left panel shows
per-model accuracy by difficulty, while the right panel illustrates performance trends as task complexity increases.
Most models experience accuracy degradation as language complexity grows, with Gemini 3 Pro maintaining the
strongest performance across categories.

ing that natural-language descriptions introduce
additional ambiguity that affects most models con-
sistently. This distributional view further reinforces
the observation that structured, rule-based represen-
tations generally provide a clearer signal for PDA
synthesis than natural-language descriptions.

Overall, the results indicate that structured math-
ematical representations often align more closely
with the internal patterns learned by language mod-
els, whereas natural-language descriptions may in-
troduce ambiguity, complicating PDA synthesis.

Key Findings. The error analysis reveals several
consistent patterns across models and difficulty lev-
els. First, error rates increase substantially as the
complexity of the target CFL grows, indicating that
synthesizing correct pushdown automata becomes
increasingly challenging as language constraints
require deeper stack manipulation and more struc-
tured reasoning. Second, logical errors dominate
across most settings, suggesting that models often
generate syntactically valid PDA specifications but
fail to implement the correct transition logic needed
to recognize the language. Third, model behavior
varies significantly: Gemini 3 Pro and GPT-5.2
maintain relatively stable performance across dif-
ficulty levels, while models such as Claude Son-
net 4.5 and Deepseek v3.2 exhibit sharp perfor-
mance degradation as complexity increases. Fi-
nally, the format used to specify the language
also influences performance, with mathematical
notation generally producing higher accuracy than
natural-language descriptions. Together, these find-
ings highlight that PDA synthesis remains a chal-
lenging task for current large language models and

provide a useful diagnostic setting for evaluating
structured computational reasoning.

E McNemar’s Exact Test (Paired Binary
Outcomes) for Model Comparison

E.1 Overview
To assess whether two models differ systematically
in accuracy on the same evaluation items, we use
McNemar’s test (McNemar, 1947). This test is
appropriate for paired, binary outcomes: for each
item, each model is marked as Correct (1) or Incor-
rect (0). Because the models are evaluated on the
same prompts, the outcomes are naturally paired;
McNemar’s test explicitly accounts for this pairing.

Paired outcome table. For each paired item, the
joint outcomes of Model A and Model B form a
2× 2 contingency table:

B Incorrect B Correct
A Incorrect n00 n01

A Correct n10 n11

where n11 denotes items both models answered cor-
rectly, n00 denotes items both answered incorrectly,
n10 denotes items where A is correct and B is incor-
rect (A “wins”), and n01 denotes items where A is
incorrect and B is correct (B “wins”). McNemar’s
test relies only on the discordant counts (n10, n01),
since agreements (n00, n11) do not indicate which
model is better.

Assumption Checks We compare Model A as
baseline with each other model B using McNemar’s
exact test because the evaluation setup satisfies the
key assumptions:
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McNemar Test Results: GPT-5.2 vs Other Models

Figure 15: McNemar exact-test results for GPT-5.2 versus each comparator model on the same paired trials. Left:
accuracy difference ∆Acc.% (GPT-5.2 minus comparator); positive values indicate GPT-5.2 is more accurate.
Right: statistical evidence shown as − log10(p), with the dashed line marking the p = 0.05 significance threshold;
higher values indicate stronger evidence of a difference. Significant comparisons (exact McNemar, α = 0.05) are
highlighted.

• Paired observations: The same set of N =
123 evaluation items is answered by both
model A and the comparison model B. There-
fore, each item yields a paired outcome (one
outcome per model on the same item).

• Binary outcomes: For every item and every
model, the result is coded as Correct (1) or
Incorrect (0), which is exactly the outcome
type required by McNemar’s test.

• Independence across items: Different eval-
uation items are treated as independent trials
(the correctness on one item does not deter-
mine correctness on another).

• Exact inference: McNemar’s exact test uses
the binomial distribution over discordant pairs
and does not rely on large-sample approxi-
mations. This is especially suitable when the
number of disagreements is small or imbal-
anced.

Hypothesis Formulation We test whether the
two models have equal accuracy on paired items.
Equivalently, under the null hypothesis the two
types of disagreements occur equally often.

• Null Hypothesis (H0): P (n10) = P (n01).
The models have equal accuracy on the paired
items.

• Alternative Hypothesis (H1): P (n10) ̸=
P (n01).
There is a systematic difference in model ac-
curacy.

The test is conducted at a significance level of
α = 0.05. We reject H0 when p < 0.05. The
direction is determined by the discordant counts: if
n10 > n01, Model A is more accurate on the paired
set; if n01 > n10, the comparison model B is more
accurate.

Exact test , p-value and effect size. Let nd =
n10 + n01 denote the total number of discordant
pairs (i.e., items on which the two models disagree).
McNemar’s exact test conditions on nd and treats
the number of Model A wins among discordant
items, n10, as a binomial random variable under
the null hypothesis:

n10 ∼ Binomial(nd, 0.5).

Under H0 (equal accuracy on paired items), each
discordant item is equally likely to favor either
model, so Model A is expected to win about half of
the disagreements. The two-sided exact p-value is
therefore computed as twice the probability, under
Binomial(nd, 0.5), of observing a result at least as
extreme as the larger of the two discordant counts:

p = 2

nd∑︂

i=b

(︃
nd

i

)︃
(0.5)i (1− 0.5)nd−i,
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b = max(n10, n01).

Equivalently, since (1− 0.5) = 0.5, this simplifies
to

p = 2

nd∑︂

i=b

(︃
nd

i

)︃(︁
1
2

)︁nd , b = max(n10, n01).

To quantify magnitude in addition to statistical
significance, we report the paired accuracy gap
∆Acc.% and optionally compute a simple paired
advantage (effect size) measure:

∆ =
n10 − n01

N
,

where N is the total number of paired items. Posi-
tive ∆ indicates net advantage for Model A; nega-
tive ∆ indicates net advantage for Model B. This
measure is directly interpretable as the net fraction
of items on which one model outperforms the other.

E.2 Comparison Results
This section summarizes the pairwise model com-
parisons on the evaluation set. For clarity, we
present results one baseline model at a time: each
table and figure shows how that baseline model
performs relative to all other models on the same
paired trials, along with which differences are sta-
tistically significant.

Comparison
with

GPT-5.2
∆Acc.% n10 n01 p Significance

Mistral Large 3 +47.15 66 8 1.81×10−12 Yes
Claude

Sonnet 4.5 +30.08 50 13 3.02×10−6 Yes

Deepseek v3.2 +26.83 44 11 8.70×10−6 Yes
Qwen3-235B

-A22B +8.94 21 10 7.08×10−2 No

Gemini 3 Pro -15.45 1 20 2.10×10−5 Yes

Table 6: Paired significance tests on pooled trials (123
paired outcomes per model). n10 counts cases where
GPT-5.2 is correct and the other model is incorrect; n01

is the reverse.

E.2.1 Test result for GPT-5.2.
The results are presented in Table 6 and visualized
in Figure 15. Overall, GPT-5.2 shows higher accu-
racy than Mistral Large 3, Claude Sonnet 4.5, and
DeepSeek v3.2, with statistically significant dif-
ferences. Its advantage over Qwen3-235B-A22B
is modest and not statistically significant, while
Gemini 3 Pro performs significantly better than
GPT-5.2.

Interpretation for GPT-5.2. McNemar’s exact
test evaluates the below things:

• For comparisons where p < 0.05, we reject
the null hypothesis of equal accuracy and
conclude that the difference on the paired
items is statistically significant. The direc-
tion of the effect is determined by the dis-
cordant counts: GPT-5.2 significantly outper-
forms Mistral Large 3, Claude Sonnet 4.5, and
Deepseek v3.2 (n10 > n01), whereas Gem-
ini 3 Pro significantly outperforms GPT-5.2
(n01 > n10).

• For the comparison with Qwen3-235B-A22B,
p > 0.05; therefore, we fail to reject the null
hypothesis. The observed difference is not sta-
tistically significant, and we cannot conclude
that either model systematically outperforms
the other on this evaluation set.

Effect Size for GPT-5.2. The observed effect
sizes are:

• GPT-5.2 outperforms Mistral Large 3 by a
large margin (∆ = +0.4715).

• GPT-5.2 outperforms Claude Sonnet 4.5 by a
moderate margin (∆ = +0.3008).

• GPT-5.2 outperforms Deepseek v3.2 by a
moderate margin (∆ = +0.2683).

• Gemini 3 Pro outperforms GPT-5.2 (∆ =
−0.1545).

E.2.2 Test result for Claude Sonnet 4.5.
The results are presented in Table 7 and Figure 16.
Overall, Claude Sonnet 4.5 attains higher accuracy
than Mistral Large 3 with a statistically significant
difference. Its performance differences relative to
Deepseek v3.2 are small and not statistically sig-
nificant. In contrast, Qwen3-235B-A22B, GPT-5.2,
and Gemini 3 Pro achieve higher accuracy than
Claude Sonnet 4.5, with statistically significant dif-
ferences.

Interpretation for Claude Sonnet 4.5. McNe-
mar’s exact test evaluates the following interpreta-
tion:

• For comparisons where p < 0.05, we reject
the null hypothesis of equal accuracy and con-
clude that the difference on the paired items
is statistically significant. The direction of the

43838



40 30 20 10 0 10 20
Accuracy Difference (%)

Mistral Large 3

Deepseek v3.2

Qwen3-235b-a22b

GPT-5.2

Gemini 3 Pro

Accuracy: Claude Sonnet 4.5 - Other Model

Claude Sonnet 4.5 Better
Claude Sonnet 4.5 Worse
Significant (p<0.05)

0 2 4 6 8 10 12 14
-log (p-value)

Mistral Large 3

Deepseek v3.2

Qwen3-235b-a22b

GPT-5.2

Gemini 3 Pro

Higher = More Significant

Statistical Significance

p=0.05 threshold

McNemar Test Results: Claude Sonnet 4.5 vs Other Models

Figure 16: McNemar exact-test results for Claude Sonnet 4.5 versus each comparator model on the same paired
trials. Left: accuracy difference ∆Acc.% (Claude Sonnet 4.5 minus comparator); positive values indicate Claude
Sonnet 4.5 is more accurate. Right: statistical evidence shown as − log10(p), with the dashed line marking the
p = 0.05 significance threshold; higher values indicate stronger evidence of a difference. Significant comparisons
(exact McNemar, α = 0.05) are highlighted.

Comparison
with

Claude
Sonnet 4.5

∆Acc.% n10 n01 p Significance

Mistral Large 3 +17.07 27 6 3.24×10−4 Yes
Deepseek v3.2 -3.25 17 21 6.27×10−1 No
Qwen3-235B

-A22B -21.14 12 38 3.06×10−4 Yes

GPT-5.2 -30.08 13 50 3.02×10−6 Yes
Gemini 3 Pro -45.53 2 58 3.18×10−15 Yes

Table 7: Paired significance tests on pooled trials (123
paired outcomes per model). n10 counts cases where
Claude Sonnet 4.5 is correct and the other model is
incorrect; n01 is the reverse.

effect is determined by the discordant counts:
Claude Sonnet 4.5 significantly outperforms
Mistral Large 3 (n10 > n01), whereas Qwen3-
235B-A22B, GPT-5.2, and Gemini 3 Pro each
significantly outperform Claude Sonnet 4.5
(n01 > n10).

• For the comparison with Deepseek v3.2, p >
0.05; therefore, we fail to reject the null hy-
pothesis. The observed difference is not sta-
tistically significant, and we cannot conclude
that either model systematically outperforms
the other on this evaluation set.

Effect Size for Claude Sonnet 4.5. The observed
effect sizes are:

• Claude Sonnet 4.5 outperforms Mistral Large
3 by a moderate margin (∆ = +0.1707).

• Qwen3-235B-A22B outperforms Claude Son-
net 4.5 by a large margin (∆ = −0.2114).

• GPT-5.2 outperforms Claude Sonnet 4.5 by a
moderate margin (∆ = −0.3008).

• Gemini 3 Pro outperforms Claude Sonnet 4.5
by a very large margin (∆ = −0.4553).

E.2.3 Test result for Gemini 3 Pro.
The results are presented in Table 8 and Figure
17. Overall, Gemini 3 Pro achieves higher accu-
racy than GPT-5.2, Qwen3-235B-A22B, Deepseek
v3.2, Claude Sonnet 4.5, and Mistral Large 3, with
statistically significant differences in all pairwise
comparisons.

Interpretation for Gemini 3 Pro. McNemar’s
exact test evaluates the following interpretation:

• Since p < 0.05 for all comparisons, we reject
the null hypothesis in every case and conclude
that there are statistically significant differ-
ences in accuracy on the paired items. The di-
rection is determined by the discordant counts:
for each model, n10 > n01, indicating that
Gemini 3 Pro is significantly more accurate
than the comparison model on this evaluation
set.
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McNemar Test Results: Gemini 3 Pro vs Other Models

Figure 17: McNemar exact-test results for Gemini 3 Pro versus each comparator model on the same paired trials.
Left: accuracy difference ∆Acc.% (Gemini 3 Pro minus comparator); positive values indicate Gemini 3 Pro is more
accurate. Right: statistical evidence shown as − log10(p), with the dashed line marking the p = 0.05 significance
threshold; higher values indicate stronger evidence of a difference. Significant comparisons (exact McNemar,
α = 0.05) are highlighted.

Comparison
with

Gemini 3 Pro
∆Acc.% n10 n01 p Significance

GPT-5.2 +15.45 20 1 2.10×10−5 Yes
Qwen3-235B

-A22B +24.39 32 2 6.94×10−8 Yes

Deepseek v3.2 +42.28 55 3 2.26×10−13 Yes
Claude

Sonnet 4.5 +45.53 58 2 3.18×10−15 Yes

Mistral Large 3 +62.60 79 2 2.75×10−21 Yes

Table 8: Paired significance tests on pooled trials (123
paired outcomes per model). n10 counts cases where
Gemini 3 Pro is correct and the other model is incorrect;
n01 is the reverse.

Effect Size for Gemini 3 Pro. The observed ef-
fect sizes are:

• Gemini 3 Pro outperforms GPT-5.2 by a mod-
est margin (∆ = +0.1545).

• Gemini 3 Pro outperforms Qwen3-235B-
A22B by a moderate margin (∆ = +0.2439).

• Gemini 3 Pro outperforms Deepseek v3.2 by
a large margin (∆ = +0.4228).

• Gemini 3 Pro outperforms Claude Sonnet 4.5
by a large margin (∆ = +0.4553).

• Gemini 3 Pro outperforms Mistral Large 3 by
a very large margin (∆ = +0.6260).

E.2.4 Test result for Deepseek v3.2.
The results are presented in Table 9 and Figure 18.
Overall, Deepseek v3.2 achieves higher accuracy
than Mistral Large 3 with a statistically signifi-
cant difference. Its performance relative to Claude
Sonnet 4.5 is very close and not statistically signif-
icant. In contrast, Qwen3-235B-A22B, GPT-5.2,
and Gemini 3 Pro perform significantly better than
Deepseek v3.2 on the paired evaluation set.

Comparison
with

Deepseek v3.2
∆Acc.% n10 n01 p Significance

Mistral Large 3 +20.33 27 2 1.62×10−6 Yes
Claude

Sonnet 4.5 +3.25 21 17 6.27×10−1 No

Qwen3-235B
-A22B -17.89 13 35 2.09×10−3 Yes

GPT-5.2 -26.83 11 44 8.70×10−6 Yes
Gemini 3 Pro -42.28 3 55 2.26×10−13 Yes

Table 9: Paired significance tests on pooled trials (123
paired outcomes per model). n10 counts cases where
Deepseek v3.2 is correct and the other model is incor-
rect; n01 is the reverse.

Interpretation for Deepseek v3.2. McNemar’s
exact test evaluates the following interpretation:

• For comparisons where p < 0.05, we reject
the null hypothesis of equal accuracy and con-
clude that the difference on the paired items
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McNemar Test Results: Deepseek v3.2 vs Other Models

Figure 18: McNemar exact-test results for Deepseek v3.2 versus each comparator model on the same paired trials.
Left: accuracy difference ∆Acc.% (Deepseek v3.2 minus comparator); positive values indicate Deepseek v3.2
is more accurate. Right: statistical evidence shown as − log10(p), with the dashed line marking the p = 0.05
significance threshold; higher values indicate stronger evidence of a difference. Significant comparisons (exact
McNemar, α = 0.05) are highlighted.

is statistically significant. The direction of
the effect is determined by the discordant
counts: Deepseek v3.2 significantly outper-
forms Mistral Large 3 (n10 > n01), whereas
Qwen3-235B-A22B, GPT-5.2, and Gemini 3
Pro each significantly outperform Deepseek
v3.2 (n01 > n10).

• For the comparison with Claude Sonnet 4.5,
p > 0.05; therefore, we fail to reject the null
hypothesis. The observed difference is not sta-
tistically significant, and we cannot conclude
that either model systematically outperforms
the other on this evaluation set.

Effect Size for Deepseek v3.2. The observed
effect sizes are:

• Deepseek v3.2 outperforms Mistral Large 3
by a moderate margin (∆ = +0.2033).

• Qwen3-235B-A22B outperforms Deepseek
v3.2 by a moderate margin (∆ = −0.1789).

• GPT-5.2 outperforms Deepseek v3.2 by a
large margin (∆ = −0.2683).

• Gemini 3 Pro outperforms Deepseek v3.2 by
a very large margin (∆ = −0.4228).

E.2.5 Test result for Mistral Large 3.
The results are presented in Table 10 and Figure
19. Overall, Mistral Large 3 achieves lower ac-
curacy than all other models in the comparison

set, and each difference is statistically significant.
In particular, Claude Sonnet 4.5, Deepseek v3.2,
Qwen3-235B-A22B, GPT-5.2, and Gemini 3 Pro
all perform significantly better than Mistral Large
3 on the paired evaluation items.

Interpretation for Mistral Large 3. McNemar’s
exact test evaluates the following interpretation:

• Since p < 0.05 for all comparisons, we reject
the null hypothesis in every case and conclude
that there are statistically significant differ-
ences in accuracy on the paired items. The di-
rection is determined by the discordant counts:
for each model, n01 > n10, indicating that the
comparison model is significantly more accu-
rate than Mistral Large 3 on this evaluation
set.

Effect Size for Mistral Large 3. The observed
effect sizes are:

• Claude Sonnet 4.5 outperforms Mistral Large
3 by a moderate margin (∆ = −0.1707).

• Deepseek v3.2 outperforms Mistral Large 3
by a moderate margin (∆ = −0.2033).

• Qwen3-235B-A22B outperforms Mistral
Large 3 by a large margin (∆ = −0.3821).

• GPT-5.2 outperforms Mistral Large 3 by a
large margin (∆ = −0.4715).
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McNemar Test Results: Mistral Large 3 vs Other Models

Figure 19: McNemar exact-test results for Mistral Large 3 versus each comparator model on the same paired trials.
Left: accuracy difference ∆Acc.% (Mistral Large 3 minus comparator); positive values indicate Mistral Large
3 is more accurate. Right: statistical evidence shown as − log10(p), with the dashed line marking the p = 0.05
significance threshold; higher values indicate stronger evidence of a difference. Significant comparisons (exact
McNemar, α = 0.05) are highlighted.

Comparison
with

Mistral Large 3
∆Acc.% n10 n01 p Significance

Claude
Sonnet 4.5 -17.07 6 27 3.24×10−4 Yes

Deepseek v3.2 -20.33 2 27 1.62×10−6 Yes
Qwen3-235B

-A22B -38.21 5 52 6.40×10−11 Yes

GPT-5.2 -47.15 8 66 1.81×10−12 Yes
Gemini 3 Pro -62.60 2 79 2.75×10−21 Yes

Table 10: Paired significance tests on pooled trials (123
paired outcomes per model). n10 counts cases where
Mistral Large 3 is correct and the other model is incor-
rect; n01 is the reverse.

• Gemini 3 Pro outperforms Mistral Large 3 by
a very large margin (∆ = −0.6260).

E.2.6 Test result for Qwen3-235B-A22B.
The results are presented in Table 11 and Figure
20. Overall, Qwen3-235B-A22B achieves higher
accuracy than Mistral Large 3, Claude Sonnet 4.5,
and Deepseek v3.2, with statistically significant
differences. Its performance relative to GPT-5.2
shows a modest disadvantage and is not statistically
significant. In contrast, Gemini 3 Pro performs
significantly better than Qwen3-235B-A22B on the
paired evaluation set.

Interpretation for Qwen3-235B-A22B. McNe-
mar’s exact test evaluates the following interpreta-

tion:

• For comparisons where p < 0.05, we reject
the null hypothesis of equal accuracy and
conclude that the difference on the paired
items is statistically significant. The direc-
tion of the effect is determined by the dis-
cordant counts: Qwen3-235B-A22B signifi-
cantly outperforms Mistral Large 3, Claude
Sonnet 4.5, and Deepseek v3.2 (n10 > n01),
whereas Gemini 3 Pro significantly outper-
forms Qwen3-235B-A22B (n01 > n10).

• For the comparison with GPT-5.2, p > 0.05;
therefore, we fail to reject the null hypothesis.
The observed difference is not statistically sig-
nificant, and we cannot conclude that either
model systematically outperforms the other
on this evaluation set.

Effect Size for Qwen3-235B-A22B. The ob-
served effect sizes are:

• Qwen3-235B-A22B outperforms Mistral
Large 3 by a large margin (∆ = +0.3821).

• Qwen3-235B-A22B outperforms Claude Son-
net 4.5 by a moderate margin (∆ = +0.2114).

• Qwen3-235B-A22B outperforms Deepseek
v3.2 by a moderate margin (∆ = +0.1789).
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McNemar Test Results: Qwen3-235b-a22b vs Other Models

Figure 20: McNemar exact-test results for Qwen3-235B-A22B versus each comparator model on the same paired
trials. Left: accuracy difference ∆Acc.% (Qwen3-235B-A22B minus comparator); positive values indicate Qwen3-
235B-A22B is more accurate. Right: statistical evidence shown as − log10(p), with the dashed line marking the
p = 0.05 significance threshold; higher values indicate stronger evidence of a difference. Significant comparisons
(exact McNemar, α = 0.05) are highlighted.

Comparison
with

Qwen3
-235B-A22B

∆Acc.% n10 n01 p Significance

Mistral Large 3 +38.21 52 5 6.40×10−11 Yes
Claude

Sonnet 4.5 +21.14 38 12 3.06×10−4 Yes

Deepseek v3.2 +17.89 35 13 2.09×10−3 Yes
GPT-5.2 -8.94 10 21 7.08×10−2 No
Gemini 3 Pro -24.39 2 32 6.94×10−8 Yes

Table 11: Paired significance tests on pooled trials (123
paired outcomes per model). n10 counts cases where
Qwen3-235B-A22B is correct and the other model is
incorrect; n01 is the reverse.

• Gemini 3 Pro outperforms Qwen3-235B-
A22B by a moderate margin (∆ = −0.2439).

F Statistical Analysis:
Multiple-Comparison Correction using
the Benjamini–Hochberg Procedure

We evaluate differences in model accuracy us-
ing pairwise McNemar’s exact tests on matched
(paired) evaluation items. Because pairwise testing
produces multiple hypothesis tests, the probabil-
ity of false positives (Type I errors) increases if
each test is judged using an uncorrected thresh-
old (e.g., p < 0.05). To address this, we ap-
ply the Benjamini–Hochberg (BH) (Benjamini and
Hochberg, 1995) procedure to control the false dis-

covery rate (FDR), defined as the expected pro-
portion of false positives among all rejected null
hypotheses. Unlike family-wise error rate con-
trols (e.g., Bonferroni (Abdi, 2007)), BH maintains
higher power while providing principled error con-
trol in multiple-testing settings.

Number of comparisons (m). We compare 6
models, yielding

m =

(︃
6

2

)︃
=

6 · 5
2

= 15

pairwise McNemar tests (one per unordered model
pair).

Assumption Checks We compare Model A with
each other model B using McNemar’s exact test
because the evaluation setup satisfies the key as-
sumptions:

• Paired observations: The same set of N =
123 evaluation items is answered by both
model A and the comparison model B. There-
fore, each item yields a paired outcome (one
outcome per model on the same item).

• Binary outcomes: For every item and every
model, the result is coded as Correct (1) or
Incorrect (0), which is exactly the outcome
type required by McNemar’s test.

• Independence across items: Different eval-
uation items are treated as independent trials
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Rank Comparison p-value BH thr. BH adj. p BH sig. ∆Acc.% n10 n01

1 Gemini 3 Pro vs Mistral Large 3 2.75×10−21 0.003333 4.12×10−20 Yes +62.60 79 2
2 Claude Sonnet 4.5 vs Gemini 3 Pro 3.18×10−15 0.006667 2.38×10−14 Yes -45.53 2 58
3 Gemini 3 Pro vs Deepseek v3.2 2.26×10−13 0.010000 1.13×10−12 Yes +42.28 55 3
4 GPT-5.2 vs Mistral Large 3 1.81×10−12 0.013333 6.78×10−12 Yes +47.15 66 8
5 Mistral Large 3 vs Qwen3-235B-A22B 6.40×10−11 0.016667 1.92×10−10 Yes -38.21 5 52
6 Gemini 3 Pro vs Qwen3-235B-A22B 6.94×10−8 0.020000 1.73×10−7 Yes +24.39 32 2
7 Deepseek v3.2 vs Mistral Large 3 1.62×10−6 0.023333 3.48×10−6 Yes +20.33 27 2
8 GPT-5.2 vs Claude Sonnet 4.5 3.02×10−6 0.026667 5.65×10−6 Yes +30.08 50 13
9 GPT-5.2 vs Deepseek v3.2 8.70×10−6 0.030000 1.45×10−5 Yes +26.83 44 11

10 GPT-5.2 vs Gemini 3 Pro 2.10×10−5 0.033333 3.15×10−5 Yes -15.45 1 20
11 Claude Sonnet 4.5 vs Qwen3-235B-A22B 3.06×10−4 0.036667 0.000405 Yes -21.14 12 38
12 Claude Sonnet 4.5 vs Mistral Large 3 3.24×10−4 0.040000 0.000405 Yes +17.07 27 6
13 Deepseek v3.2 vs Qwen3-235B-A22B 0.002088 0.043333 0.002409 Yes -17.89 13 35
14 GPT-5.2 vs Qwen3-235B-A22B 0.070756 0.046667 0.075810 No +8.94 21 10
15 Claude Sonnet 4.5 vs Deepseek v3.2 0.627103 0.050000 0.627103 No -3.25 17 21

Table 12: Benjamini–Hochberg (BH) correction applied to m = 15 pairwise McNemar tests (FDR q = 0.05).
P-values are sorted in ascending order (Rank). “BH thr.” denotes the BH critical value i

mq for rank i, “BH adj. p”
denotes BH-adjusted p-values, and “BH sig.” indicates significance after correction. ∆Acc.% is the paired accuracy
gap (positive favors the first-listed model). n10 and n01 are discordant counts as defined for each pairwise McNemar
comparison.

(the correctness on one item does not deter-
mine correctness on another).

• Exact inference: McNemar’s exact test uses
the binomial distribution over discordant pairs
and does not rely on large-sample approxi-
mations. This is especially suitable when the
number of disagreements is small or imbal-
anced.

Hypothesis Formulation We test whether the
two models have equal accuracy on paired items.
Equivalently, under the null hypothesis the two
types of disagreements occur equally often.

• Null Hypothesis (H0): P (n10) = P (n01).
The models have equal accuracy on the paired
items.

• Alternative Hypothesis (H1): P (n10) ̸=
P (n01).
There is a systematic difference in model ac-
curacy.

BH-adjusted p-values. Let m denote the total
number of hypothesis tests, and let p(1) ≤ · · · ≤
p(m) be the raw p-values sorted in ascending or-
der, where p(i) is the i-th smallest p-value (rank i).
For the i-th smallest raw p-value, the BH-adjusted
value is computed as

p̃(i) = min
j≥i

{︃
m

j
p(j)

}︃
,

where j indexes ranks from i to m. The value p̃(i) is
truncated to at most 1 if necessary. A comparison is
considered significant after correction when p̃(i) ≤
q, where q is the target false discovery rate (FDR)
level (e.g., q = 0.05).

Benjamini–Hochberg (BH) procedure. To cor-
rect for multiple testing, we apply the BH proce-
dure as follows:

• Ordering: All m = 15 p-values are sorted in
ascending order (Rank i = 1 to 15).

• FDR Level: We choose a desired FDR level
Q = 0.05.

• Threshold Calculation: Let p1, . . . , pm be
the m = 15 raw p-values from the pairwise
McNemar tests, sorted as p(1) ≤ · · · ≤ p(m)

with corresponding ranks i = 1, . . . ,m. For
an FDR level q = 0.05, BH defines the rank-
specific critical values (“BH thresholds”)

ti =
i

m
q.

• Rejection Criterion: We find the largest p-
value such that p(k) ≤ tk and reject the null
hypotheses for that result and all results with
smaller p-values. Equivalently, using BH-
adjusted p-values, we reject all hypotheses
with p̃(i) ≤ 0.05.
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Figure 21: Benjamini–Hochberg (BH) multiple-comparison correction at FDR q = 0.05 for the set of pairwise
McNemar tests (p-values sorted in ascending order). Left: raw p-values (log scale) plotted against their BH
rank-specific critical values; points below the BH threshold are declared significant after FDR control. Right:
comparison of raw and BH-adjusted p-values (log scale) across tests, with the horizontal line indicating the target
FDR level (q = 0.05); adjusted values at or below this line correspond to rejections under BH.

Results and interpretation. Table 12 and Figure
21 reports the raw p-values, BH thresholds, and
BH-adjusted p-values for all m = 15 pairwise
comparisons. Using BH at q = 0.05,

• Since p̃ < 0.05, there is enough evidence to
reject the null hypothesis for 13 out of 15 pair-
wise comparisons, and we conclude that these
model pairs exhibit statistically significant ac-
curacy differences after BH correction. In par-
ticular, Gemini 3 Pro differs significantly from
Mistral Large 3 and shows the strongest evi-
dence among all comparisons. For GPT-5.2,
the results indicate statistically significant ad-
vantages over Mistral Large 3, Claude Sonnet
4.5, and Deepseek v3.2 on the paired evalu-
ation set. We also reject the null hypothesis
for GPT-5.2 versus Gemini 3 Pro; the negative
accuracy gap indicates that Gemini 3 Pro is
more accurate than GPT-5.2.

• Since p̃ ≥ 0.05, there is not enough evidence
to reject the null hypothesis for GPT-5.2 vs.
Qwen3-235B-A22B and for Claude Sonnet
4.5 vs. Deepseek v3.2. Therefore, after BH
correction, we cannot claim a systematic dif-
ference in accuracy for these two pairs.

Key Findings. The Benjamini–Hochberg correc-
tion reveals that most model pairs exhibit statis-
tically significant differences in accuracy on the
paired evaluation set. Specifically, 13 out of the
15 pairwise McNemar tests remain significant after

controlling the false discovery rate at q = 0.05,
indicating that performance differences among the
evaluated models are generally robust rather than
due to random variation. The strongest statistical
evidence appears in comparisons involving Gem-
ini 3 Pro, which significantly outperforms sev-
eral other models, including Mistral Large 3 and
GPT-5.2. GPT-5.2 also shows statistically signifi-
cant advantages over Mistral Large 3, Claude Son-
net 4.5, and Deepseek v3.2. In contrast, two
model pairs—GPT-5.2 vs. Qwen3-235B-A22B and
Claude Sonnet 4.5 vs. Deepseek v3.2—do not show
statistically significant differences after correction,
suggesting comparable performance between those
models on this evaluation benchmark.
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