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Abstract
Large language models (LLMs) have shown proficiency in
various software engineering tasks, such as code generation
and translation. However, a key limitation in their perfor-
mance may be their (lack of) understanding of programming-
language semantics. Even when explicit semantics are given,
it remains unclear whether LLMs apply those rules or lean
on priors learned during pre-training instead. We study if
LLMs lean on priors or given semantics with a novel task–
Program Executability Prediction (PrEx)–that asks models
to predict whether a program is semantically valid or in-
valid (and, if invalid, which formal rule it violates) given
the program’s syntax and operational semantics. Because
PrEx requires both valid and invalid programs, we build a
dataset with systematically generated invalid transforma-
tions derived from valid programs. We evaluate open-source
coding LLMs under two semantic formalisms and two se-
mantic shifts across Human-Written, LLM-Translated, and
Fuzzer-Generated program splits. Our findings show that
LLMs lean on pre-training priors rather than systematically
applying the given rules, performing especially poorly on
modified semantics and degrading further as program com-
plexity increases.
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1 Introduction

LLMs have become widely used in software engineering,
demonstrating remarkable proficiency in tasks like code
generation [11, 24, 31], code translation [26, 43], bug fix-
ing [15, 22], and summarizing complex codebases [23, 27, 38].
However, despite their practical success, it remains unclear to
what extent these models truly comprehend the underlying
semantics of the programs they process.

Much of an LLM’s apparent coding ability seems to come
from sophisticated pattern matching and the memorization
of vast amounts of training data, rather than an inherent
ability to logically simulate program execution [29, 44]. For
example, consider a scenario where an LLM is presented
with a standard sorting algorithm. Because the model has
previously encountered this exact structure many times, it
can easily summarize its purpose, generate missing lines of
code, or predict the final outcome [8, 36]. However, if we
introduce a subtle change to the program, such as slightly
modifying the loop bounds, obfuscating variable names, or
redefining how the comparison operator works, and ask the
model to predict the result, it frequently fails [41]. Instead
of systematically tracing the data flow step-by-step as an
interpreter would, the model often falls back on its priors
and simply guesses the standard sorted output [4, 28]. Such
a situation clearly reveals a gap between rote memorization
and genuine, systematic semantic reasoning.
Recent work introduced PLSemanticsBench [39] and

established a framework for evaluating LLMs’ semantic un-
derstanding through three tasks: predicting final variable
states (PredState), identifying the formal semantic rules ap-
plied during execution (PredRule), and generating step-by-
step execution traces (PredTrace) [39]. Evaluations revealed
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that current LLMs struggle significantly across all three of
these tasks. Because PLSemanticsBench presented a set
of complex evaluations where models needed to articulate
intermediate steps and output long execution traces, the
models’ uniformly low performance leaves an open ques-
tion regarding exactly where their capability threshold is.
To determine whether these failures are in-part due to the
natural multi-step complexity of the tasks presented in PLSe-
manticsBench or a fundamental inability to reason about
semantics, we establish a more foundational baseline that
separates trace generation from semantic judgment. Building
on this premise, we present PrEx: a task that asks models,
given a program and formal programming language seman-
tics, to predict whether execution succeeds or halts with a
semantic error—and, when it fails, which rule was violated.
The required output is deliberately small with just a discrete
executability verdict rather than a long trace but the evalua-
tion is not: we pair each valid program with invalid counter-
parts produced by semantics-aware invalid transformations,
vary program source and structural complexity across three
splits, and probe rule-following under alternate semantic for-
malisms and shifts. This design lets us ask whether models
systematically apply the supplied rules or instead continue
to rely on memorized priors.

Dataset. We build on the valid C∗ programs from PLSe-
manticsBench and extend them with semantically invalid
transformations required by PrEx. Invalid programs are gen-
erated from valid programs using a semantics-aware trans-
formation procedure that applies one of five errors: break-
outside-loop, continue-outside-loop, divide-by-zero, modulo-
by-zero, and variable-use-before-declare. Each valid program
has a matched invalid counterpart in every error category.
Programs come from three splits—Human-Written, LLM-
Translated, and Fuzzer-Generated—with average length and
complexity increasing across splits. Together, these design
choices let us test whether semantic reasoning generalizes
across program sources and complexity levels, not just mem-
orized coding patterns.

Semantic formalisms. We evaluate models under two se-
mantic formalisms: small-step operational semantics (S) and
the K-framework (K). S defines execution through finer
granularity inference rules, where each rule represents one
atomic computation step [34]. K instead uses coarser rewrit-
ing rules that transform program configurations in larger
chunks, relying on built-in rewriting to handle intermediate
expression reduction [35]. We include both to test whether
an LLM’s ability to apply provided semantics depends on
rule granularity or persists across formalisms.

Semantic shifts. We also evaluate models under two seman-
tic shifts, KeywordSwap andKeywordObf, that alter themean-
ing of selected symbols while keeping execution defined
by the provided formal rules. KeywordSwap interchanges

1 int i;
2 int ans;
3 int n;
4 i = 1;
5 n = 10;
6 while ((i * i) <= n) {
7 i = (i + 1);
8 ans = (ans + 1);
9 };

(a) Valid program

1 int i;
2 int ans;
3 int n;
4 i = 1;
5 n = 10;
6 while ((i * i) <= n) {
7 n = 0;
8 i = ((i / n) + 1);
9 ans = (ans + 1);
10 };

q

(b) Invalid program

Figure 1. Valid and invalid PrEx task examples.

the meanings of familiar operator symbols (e.g., + denotes
subtraction), requiring models to override pre-trained as-
sociations and follow the supplied semantics. KeywordObf
replaces standard operators and keywords with novel single-
token symbols, removing recognizable cues from pre-training
while preserving the same underlying rules. Together, these
conditions test whether LLMs can reason from explicitly
provided semantics rather than from their prior knowledge.

We evaluate open-source LLMs designed for coding tasks
and enhanced reasoning using both non-chain-of-thought
and chain-of-thought (CoT) reasoning. Our findings indicate
that even on the simpler task (PrEx) of predicting program
exit codes, LLMs continue to lean on priors learned during
pre-training rather than systematically applying the sup-
plied formal rules. Performance is especially poor under Key-
wordSwap and KeywordObf, where models must override
familiar symbol meanings to follow the provided semantics.
Accuracy also degrades significantly on the LLM-Translated
and Fuzzer-Generated splits compared to Human-Written,
indicating that semantic reasoning does not generalize well
as structural complexity increases.

2 Task Description

In traditional program interpretation, the semantic analyzer
identifies semantic errors in the input program, typically
following parsing [1, 2]. As a step towards our long term
goal–evaluating whether LLMs can function as interpreters–
in this paper, we tasked LLMs with detecting semantic errors.
We not only provide the model with a program it is ex-

pected to analyze but also supply the formal semantics of
the language, including the inference rules that govern valid
and invalid executions, thereby encouraging it to reason
about semantic correctness. If an LLM identifies a program
as semantically invalid, it is further instructed to specify the
rule that formalizes the error, assessing its understanding
of the programming language semantics. Consequently, we
test not only if these models can identify a program as se-
mantically invalid, but also if they lean on priors learned in
their training data or on the semantics provided to them.
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To illustrate the task, consider the example in Figure 1
of a C∗ program which calculates the integer square root
of the variable 𝑛. The program in Figure 1a is semantically
valid and contains no rule violations, so an LLM successfully
performing PrEx should classify it as valid, based on semantic
reasoning over the inference rules rather than needing to
simulate a full step-by-step execution. In contrast, Figure 1b
shows an invalid variant of the same base program. Because
line 8 of the invalid program contains a division-by-zero
error, an LLM should successfully classify the program as
invalid and accurately specify the violated rule.

3 Methodology

This section describes our experimental setup for PrEx. We
describe the C∗ programming language (Section 3.1), the se-
mantic formalisms used to specify program behavior (S and
K; Section 3.2), semantic shifts that test whether models fol-
low provided rules or pre-training priors (KeywordSwap and
KeywordObf; Section 3.3), and the full prompt given to mod-
els (Section 3.4). The C∗ language, semantic formalisms, and
semantics shifts are introduced in PLSemanticsBench [39],
but we recap them here together with the full prompt used
for PrEx.

3.1 C∗ Language

We evaluate models on programs written in C∗, a small im-
perative language with C-like syntax. The complete EBNF
grammar used in our experiments is given in Figure 2. We
use the same C∗ language as PLSemanticsBench.

3.2 Semantic Formalisms

We evaluate the models using two distinct semantic for-
malisms: Small-step operational semantics (S) and the K-
framework (K). We use both formalisms to understand how
the granularity and style of formal rules affect an LLM’s
ability to correctly reason about the programs it is given and
to discover if presenting the semantic rules in a particular
formulization maximizes the model’s adherence to them.

Small-step operational semantics (S). S is a fine-grained
semantic formalism, where each rule represents one atomic
computation [34]. Execution happens through repeated rule
applications as expressions are broken down into tiny con-
stituent parts and resolved one by one. Rules are written in
Gentzen-style inference notation [9], with premises and side
conditions written above the bar and conclusions below.
Table 1 shows a subset (due to the space reasons) of the

S rules used in our experiments. To illustrate how the S
formalism handles both valid execution and error states,
we highlight several key rules. Rules 1 and 2 form a com-
plementary pair describing variable lookup: Rule 1 defines

1 <program > ::= <stmt_list >

2 <stmt_list > ::= (<stmt > ';')*

3 <stmt > ::= 'int' <id>

4 | <id> '=' <aexp >

5 | 'if' '(' <bexp > ')' '{' <stmt_list > '}'

'else' '{' <stmt_list > '}'

6 | 'while ' '(' <bexp > ')' '{' <stmt_list > '

}'

7 | 'loop' '(' <bexp > ')' '{' <stmt_list > '}

'

8 | 'halt'

9 | 'continue '

10 | 'break '

11 | 'LE'

12 <aexp > ::= <id>

13 | <literal >

14 | '(' <aexp >? <mathop > <aexp > ')'

15 <bexp > ::= '(' <bool > ')'

16 | '(' <aexp > <relop > <aexp > ')'

17 | '(' <lognot > <bexp > ')'

18 | '(' <bexp > <logicalop > <bexp > ')'

19 <bool > ::= 'true' | 'false '

20 <mathop > ::= '+' | '-' | '*' | '/' | '%'

21 <relop > ::= '<' | '<=' | '>' | '>=' | '==' | '!='

22 <lognot > ::= '!'

23 <logicalop > ::= '&&' | '||'

24 <id> ::= <letter > (<letter > | <digit >)*

25 <literal > ::= <digit >+

Figure 2. Complete syntax of C∗ in EBNF (<letter> and
<digit> rules are omitted and have their usual definitions).

successful evaluation when a variable is bound in the cur-
rent state, while Rule 2 states that attempting to evaluate
an undeclared variable results in an error. Similarly, Rules
18 and 19 describe the division operation, distinguishing
between valid integer division and a division-by-zero error.
Rule 9 highlights the fine-grained, small-step nature of the
formalism by explicitly defining the addition transition only
after both operands have been fully reduced to values.

K-framework. The K-framework is a coarser, rewriting-
based framework [35, 40]. K-framework semantics evalu-
ate code in slightly larger, higher-level chunks rather than
atomic steps. Table 2 shows a subset of the K-framework
rules used in our experiments, paralleling the S rules.

Like the S formalism, Rules 1 and 2 from K form a pair de-
scribing variable lookup. Rule 1 defines successful evaluation
when a variable maps to a value in the current program state,
and Rule 2 states that attempting to evaluate an undeclared
variable stops execution. Likewise, Rules 6 and 7 (Table 2)
parallel S Rules 18 and 19 (Table 1) to handle division. Rule 6
defines valid integer division when the right operand is not
zero, and Rule 7 defines the error for division by zero.
The primary difference between the two formalisms is

how they handle intermediate computations, which is best
illustrated by the addition operation. In the S formalism,
Rule 9 dictates the addition of two values, but its strictly
small-step nature means this rule only applies after separate,
explicitly defined atomic steps have reduced the operands
into discrete values first. In contrast, theK semantics uses its
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Table 1. Some S-semantics rules of the C∗ language.
Rule Formalization Description

Rule 1 𝜎 (x) = v

⟨x, 𝜎, 𝜒 ⟩ → v

If a variable is associated
with a value in the current
program state, then
evaluating it yields that
value.

Rule 2 𝜎 (x) = ⊥
⟨x, 𝜎, 𝜒 ⟩ → ⟨ERROR, 𝜎, 𝜒 ⟩

If a variable has no
associated value in the
current program state, then
attempting to evaluate it
results in an error and the
program execution stops
immediately.

Rule 9 v3 = v1 + v2

⟨v1 + v2, 𝜎, 𝜒 ⟩ → v3

When both operands of a
‘+‘ expression are values,
the result is obtained by
adding those two values.

Rule 18 v2 ≠ 0 v3 = v1 / v2

⟨v1 / v2, 𝜎, 𝜒 ⟩ → v3

When both operands of a
‘/‘ expression are values
and the right operand
value is not zero, the result
is obtained by integer
division of the left operand
value by the right operand
value.

Rule 19 v2 = 0

⟨v1 / v2, 𝜎, 𝜒 ⟩ → ⟨ERROR, 𝜎, 𝜒 ⟩

When both operands of a ‘/‘
expression are values and
the right operand value is
zero, then an error occurs
and the program execution
stops immediately.

int a;
int b;
a = 3 / b;

Program

. . .
<stmt> ::= ‘int’
<id>
| <id> ‘=’ <aexp>
| ‘if’ ‘(’ <bexp> ‘)’
. . .

C∗ syntax in EBNF

. . .
Rule 19:
v2 = 0
———
<v1/v2,. . . > →

ERROR . . .

S
. . .
rule [7]:
<k> I1 / I2 ⇒
ERROR
requires I2 = 0
. . .

K

or

Prompt input

or

##success##

##error##
+ violated rule

Model output

Figure 3. Overview of the PrEx prompt: the model receives
the C∗ grammar, semantic rules (S or K), and a program, and
must predict executability.

built-in rewriting to handle this operand reduction implicitly.
So, the corresponding Rule 3 for K encapsulates the addition
evaluation into a single, coarser rewrite step, evaluating the
expression once both operands are values.

3.3 Semantic Shifts

We use two semantic shifts, KeywordSwap and KeywordObf,
to test whether models can trace programs using explicitly
provided rules rather than relying on their prior knowledge.

Table 2. Some K-semantics rules of the C∗ language.
Rule Formalization Description

Rule 1
<k> X:Id⇒ I . . . </k>
<state> . . . X ↦→ I . . . </state>
<rules> L⇒ L ListItem(“Rule 1”) </rules>

If a variable is associated
with a value in the current
program state, then
evaluating it yields that
value.

Rule 2

<k> X:Id⇒ {ERROR} </k>
<state> Rho:Map </state>
<rules> L⇒ L ListItem(“Rule 2”) </rules>
requires notBool (X in_keys(Rho))

If a variable has no
associated value in the
current program state, then
attempting to evaluate it
results in an error and the
program execution stops
immediately.

Rule 3 <k> I1 {PLUS_OP} I2⇒ I1 + Int I2 . . . </k>
<rules> L⇒ L ListItem(“Rule 3”) </rules>

When both operands of a
‘+‘ expression are values,
the result is obtained by
adding those two values.

Rule 6
<k> I1 {DIV_OP} I2⇒ I1 / Int I2 . . . </k>
<rules> L⇒ L ListItem(“Rule 6”) </rules>
requires I2 ≠ Int 0

When both operands of a
‘/‘ expression are values
and the right operand
value is not zero, the result
is obtained by integer
division of the left operand
value by the right operand
value.

Rule 7
<k> I1 {DIV_OP} I2⇒ {ERROR} . . . </k>
<rules> L⇒ L ListItem(“Rule 7”) </rules>
requires I2 = Int 0

When both operands of a ‘/‘
expression are values and
the right operand value is
zero, then an error occurs
and the program execution
stops immediately.

KeywordSwap. KeywordSwap reassigns the semantic mean-
ings of selected operator symbols to their counterparts (Ta-
ble 3). For example, addition (+) and subtraction (-) are in-
terchanged, such that the + symbol dictates subtraction. To
reason correctly, models must strictly condition on the pro-
vided rules and override pre-trained semantic associations.

KeywordObf. KeywordObf replaces standard operator and
keyword symbols with novel single-token symbols (Table 3).
For instance, an expression using the★ symbol is executed
as addition. The KeywordObf condition ensures models can
apply explicitly defined rules in the absence of recognizable
patterns from prior exposure. Unlike PLSemanticsBench
whose symbols are tokenized into multiple tokens by LLMs,
we use a different set of symbols that are each one token.
Ensuring each novel symbol maps to a single token prevents
artificial inflation of the prompt length, reduces overall token
overhead, and minimizes the risk of introducing unintended
syntactic complexities that might confuse the model.

3.4 Full Prompt

For each program, we provide the model with the C∗ syntax
in EBNF, the semantic rules (S or K), and the program itself.
Figure 3 summarizes this prompt structure. The model must
predict whether the program is executable (##success##) or
semantically invalid (##error##), and when invalid, identify
the violated rule. For non-reasoning models, we evaluate
both direct-answer and CoT using only variants with minor
changes to this prompt (CoT is told to provide the reasoning).
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Table 3. Transformations applied to the standard semantics to derive the nonstandard KeywordSwap and KeywordObf.
Type Assignment Arithmetic Relational Logical Keyword

Standard = + - * / % < <= > >= == != ! && || if-else while halt break continue

KeywordSwap* = - + / * % > >= < <= != == ! || && if-else while halt break continue

KeywordObf** € ★ ▲ $ ■ ▼ • ▽ ⊚ ♥ ♦ ▶ ⃝ ^ △ ⊲-¥ ç Ñ ✓ ✓

* Swaps the semantics of standard operator/keyword symbols; ** Assigns semantics of standard operators/keywords to novel single-token symbols.

Table 4. Program size in lines of code (LOC) and token
counts measured by the GPT-4o tokenizer per dataset split.

LOC Tokens

Split # programs Min Median Max Min Median Max

Human-Written 162 4 19 80 18 81 351
LLM-Translated 165 8 106 597 33 538 2,092
Fuzzer-Generated 164 85 786 1,961 982 9,081 22,239

4 Dataset Construction

The set of programs used in our evaluation are comprised of
three splits: Human-Written, LLM-Translated, and Fuzzer-
Generated. We use the same valid programs as PLSeman-
ticsBench and extend their dataset with invalid programs,
because PrEx requires both valid and invalid programs. We
obtain these invalid programs by applying semantics-aware
transformations to valid programs, so that each invalid coun-
terpart is derived directly from a matched valid one with
consistent style and complexity.

Human-Written. The Human-Written split of C∗ programs
are manually adapted from C++ programs sourced from
LeetCode, HumanEval, CodeContests, and MBPP [3, 7, 18,
19, 45]. For each program, a single public test case and its
corresponding oracle is selected.

LLM-Translated. The LLM-Translated split of C∗ programs
are C++ programs translated to C∗ by LLMs. The C++ pro-
grams are sourced from CodeForces solutions published to
HuggingFace [33]. Qwen2.5-Coder 32B is prompted with
the C∗ syntax, semantics, the C++ solution, and one public
test case to generate a valid C∗ program, and answers are
filtered for successful test execution using the K-framework.

Fuzzer-Generated. The Fuzzer-Generated split of C∗ pro-
grams are constructed with a depth-controlled, semantics-
aware, grammar-based fuzzer [13, 42]. The fuzzer picks state-
ments from assign, if-else, while, break, continue, halt using
depth-tapered probabilites to reduce the chance of generat-
ing new nested if/while blocks.

Table 4 shows program length across the three splits. Me-
dian lines of code (LOC) increases from Human-Written
to LLM-Translated to Fuzzer-Generated. Even the shortest
Fuzzer-Generated program is longer than the longest Human-
Written program. We start with 491 valid programs††. These

Table 5. Introduced semantic errors and corresponding rules.

Executability Semantic error type Corresponding Rule Count Percentage
K S

success — — — 491 16.7%
error Break outside loop 34 73 491 16.7%
error Continue outside loop 31 76 491 16.7%
error Divide by zero 7 19 491 16.7%
error Modulo by zero 9 23 491 16.7%
error Variable use before declare 2 2 491 16.7%

programs are transformed to create 2455 semantically invalid
programs. The transformation process uses an ANTLR-based
parser-visitor to apply the five predefined transformations
to each valid program, corresponding to the five semantic
error rules under S and K formalizations. These transforma-
tions introduce specific semantic errors: 1) inserting a break
outside a loop, 2) inserting a continue outside a loop, 3) divi-
sion by zero, 4) modulo by zero, and 5) using an undeclared
variable. Each invalid program is generated by applying one
random transformation rule to a valid C∗ program, ensuring
each violates exactly one semantic error rule. For each valid
program, we generate one corresponding semantically in-
valid program in each of the five error categories. Figure 4
illustrates these transformations on a shared valid program.

Table 5 shows the type of semantic errors introduced, their
corresponding rules under S and K formalizations, and the
number of programs in the dataset that violate each rule. The
percentages are computed over the full set of 2946 programs.

5 Experiments and Results

We benchmark models under three settings by providing:
the standard semantics and the unmodified program, Key-
wordSwap semantics and the transformed program, and Key-
wordObf semantics and the transformed program. Ground
truths labels are derived from the transformation procedure.
Valid programs are labeled ##success##, and each seman-
tically invalid variant is labeled ##error## with the corre-
sponding violated rule. We evaluate open-source LLMs de-
signed for coding tasks and enhanced reasoning ability on

††The original PLSemanticsBench set had 492 valid programs, but
we removed one Fuzzer-Generated program because its full PrEx prompt
(C∗ syntax, semantic rules, and program) requires ∼37K tokens and ex-
ceeds the 32K context window of our Qwen2.5-Coder models, leaving 491
semantically valid programs.
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Valid program

int a;
int b;
int ans;
a = 3045;
b = 1078;
ans = (a + b);

Break outside loop

int a;
int b;
int ans;
a = 3045;
b = 1078;

+ break;

ans = (a + b);

Continue outside loop

int a;
int b;
int ans;

+ continue;

a = 3045;
b = 1078;
ans = (a + b);

Divide by zero

int a;
int b;
int ans;

- a = 3045;

+ a = (3045 / 0);

b = 1078;
ans = (a + b);

Modulo by zero

int a;
int b;
int ans;

+ ans = 0;

- a = 3045;

+ a = (3045 % ans);

b = 1078;
ans = (a + b);

Var use before declare

int a;
int b;
int ans;
a = 3045;
b = 1078;

- ans = (a + b);

+ ans = (y + b);

Figure 4. Example of a valid program and semantically invalid programs with their corresponding error categories.

PrEx, including models in the Qwen [16], DeepSeek [12],
and Ministral [21] families. For non-reasoning models, we
experiment with both CoT and non-CoT prompting. We run
each model three times per configuration and report the
mean accuracy across runs. Configurations are

{S,K} × {𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑, 𝐾𝑒𝑦𝑤𝑜𝑟𝑑𝑆𝑤𝑎𝑝, 𝐾𝑒𝑦𝑤𝑜𝑟𝑑𝑂𝑏𝑓 }
× {non-𝐶𝑜𝑇,𝐶𝑜𝑇 }.

Because reasoning models generate chain-of-thought traces
by default, we evaluate them under one prompting condition
only and do not run separate CoT and non-CoT variants.

Tables 6–8 summarize model performance on PrEx across
the three dataset splits.

5.1 Performance Across Dataset Splits

Across all models, performance consistently drops between
Human-Written and the other two splits, especially Fuzzer-
Generated.
Each of Tables 6, 7, and 8 reports PrEx accuracy on one

dataset split (Human-Written, LLM-Translated, and Fuzzer-
Generated, respectively). Within each table, results are orga-
nized by semantics formalism: K semantics and S semantics
(two groups of columns). For each formalism, we show accu-
racy under the three semantic shift configurations: Standard,
KeywordSwap, and KeywordObf. Standard uses the unmodi-
fied programs; KeywordSwap and KeywordObf use the corre-
spondingmodified programswith swapped symbols and new
symbols, respectively. For KeywordSwap and KeywordObf,
we show, in parenthesis, percentage drop/increase compared
to the Standard shift.

DeepSeek-Qwen 32B,Ministral 3 14B-CoT, andQwen2.5-
Coder 32B-CoT achieve the strongest Human-Written ac-
curacy among all evaluated models (Table 6), but all three
still degrade on other splits. On LLM-Translated programs
(Table 7), mean accuracy—averaged across the six K/S and
semantic-shift columns in each model’s row—falls by 2.9, 8.7,
and 8.6 percentage points (pp) respectively when comparing
to Human-Written (Table 6). On Fuzzer-Generated programs
(Table 8) the decline is even sharper, withmean drops of 19pp,
24.8pp, and 33.3pp computed the same way across Tables 8
and 6. The largest single-configuration drop reaches 55pp for

Qwen2.5-Coder 14B-CoT on KeywordObf semantics under
K where it falls from 78% to 23% (Qwen2.5-Coder 14B-CoT
row and KeywordObf column under K semantics in Tables 6
and 8).
This performance drop extends beyond the best three

performing models: every “capable model” (mean Human-
Written accuracy≥ 45%) loses substantial accuracy on Fuzzer-
Generated programs, with mean drops ranging from 13pp
to 40pp (median 24pp). Qwen2.5-Coder 14B has a smaller
absolute drop under non-CoT which drops by only 13.5pp on
average (the Qwen2.5-Coder 14B row averaged across all six
K/S and semantic-shift columns when comparing Tables 8
and 6), but its Human-Written accuracy is much lower (mean
53.8%, the same six-column average in Table 6). Somewhat
differently, DeepSeek-Qwen 14B does not perform as well
on Human-Written (mean 77.5% vs. 88.7%–82.5%; each the
six-column row average in Table 6) yet its mean Fuzzer-
Generated drop is 3.2pp below the top-three average (again
averaged over the six columns in Tables 8 and 6), and no
configuration falls more than 29pp (its largest drop is at
Table 6/DeepSeek-Qwen 14B/K/KeywordObf, from 81% to
51% in Table 8, vs. up to 55pp at Table 6/Qwen2.5-Coder
14B-CoT/K/KeywordObf above).

5.2 Performance on KeywordSwap and KeywordObf

Moving from Standard to KeywordSwap or KeywordObf se-
mantics substantially reduces accuracy across models. On
Human-Written programs (Table 6), KeywordObf is consis-
tently harder than KeywordSwap: across all models, median
accuracy falls by 19pp under KeywordSwap versus 32pp un-
der KeywordObf (each median is the drop from Standard to
KeywordSwap or KeywordObf, taken over all model rows
and K/S formalisms in Table 6).
The top three Human-Written models (DeepSeek-Qwen

32B, Ministral 3 14B-CoT, and Qwen2.5-Coder 32B-CoT)
incurmean semantic-shift drops of 15.2pp, 14.8pp, and 23.3pp,
respectively (each averaged over {K, S} × {KeywordSwap,
KeywordObf} in Table 6).

The largest Human-Written drop reaches 59pp (Ministral
3 14B under K, KeywordObf falls from 90% to 32%, Table 6),
and the largest drop among the top three is Qwen2.5-Coder
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Table 6. PrEx accuracy on Human-Written programs.

Models
K-semantics S-semantics

Standard KeywordSwap KeywordObf Standard KeywordSwap KeywordObf
(pp) (pp) (pp) (pp)

Random 18 18 (000) 16 (-02) 18 18 (000) 16 (-02)

Ministral 3 3B 61 47 (-14) 14 (-47) 46 41 (-05) 21 (-25)
Ministral 3 8B 77 66 (-11) 24 (-53) 69 55 (-14) 20 (-49)
Ministral 3 14B 90 75 (-15) 32 (-58) 87 78 (-09) 45 (-42)
Qwen2.5-Coder 3B 44 23 (-21) 7 (-37) 23 28 (+05) 18 (-05)
Qwen2.5-Coder 7B 45 22 (-23) 6 (-39) 55 35 (-20) 21 (-34)
Qwen2.5-Coder 14B 64 41 (-23) 26 (-38) 83 74 (-09) 37 (-46)
Qwen2.5-Coder 32B 70 57 (-13) 39 (-31) 92 71 (-21) 45 (-47)

DeepSeek-Qwen 14B 91 69 (-22) 81 (-10) 92 71 (-21) 61 (-31)
DeepSeek-Qwen 32B 99 77 (-22) 98 (-01) 98 71 (-27) 88 (-10)
Ministral 3 3B-CoT 94 76 (-18) 54 (-40) 89 75 (-14) 64 (-25)
Ministral 3 8B-CoT 99 79 (-20) 77 (-22) 97 78 (-19) 64 (-33)
Ministral 3 14B-CoT 99 79 (-20) 91 (-08) 99 78 (-21) 89 (-10)
Qwen2.5-Coder 3B-CoT 32 25 (-07) 16 (-16) 33 27 (-06) 17 (-16)
Qwen2.5-Coder 7B-CoT 69 49 (-20) 32 (-37) 71 46 (-25) 26 (-45)
Qwen2.5-Coder 14B-CoT 96 74 (-22) 78 (-18) 93 71 (-22) 55 (-38)
Qwen2.5-Coder 32B-CoT 99 81 (-18) 72 (-27) 97 78 (-19) 68 (-29)

32B-CoT on S, KeywordObf, which loses 29pp (from 97%
to 68%, Table 6). Interestingly, DeepSeek-Qwen 32B is an
outlier under KeywordObf on K, dropping only 2pp (from
99 to 98, Table 6) while its S drop is 10pp (Table 6).

On Fuzzer-Generated programs (results shown in Table 8),
absolute semantic-shift drops remain large for the strongest
models (e.g., Qwen2.5-Coder 32B-CoT loses 38.3pp on aver-
age), but the KeywordObf versus KeywordSwap gap narrows
to 5.3pp on average (means of 26.3pp vs. 21pp) because the
baseline standard accuracy is already much lower.

5.3 Rule Identification Performance by Error Type

Figure 5 breaks down per-error-type accuracy on invalid C∗

programs under S for all evaluated models.
The top row shows Human-Written programs and the

bottom row shows Fuzzer-Generated programs; polygons
shrink substantially on the bottom row, reflecting the split-
wise accuracy drop in Table 8. Each radar axis is one model; a
colored polygon that stays near the outer ring indicates reli-
able identification of that semantic error type across models.
Across configurations, keyword-dependent errors (continue-
outside-loop and break-outside-loop) shrink inwardmore un-
der KeywordObf than arithmetic and scoping errors (divide-
by-zero, modulo-by-zero, and variable-use-before-declare).
Under KeywordSwap, divide-by-zero accuracy drops relative
to Standard semantics, suggesting pretraining bias toward
standard division.

5.4 Things That the Models Get Right

On Human-Written programs (Table 6), all three models are
already strong under Standard (Table 6), and our inspection
confirms that most remaining failures are subtle rather than a
significantmisunderstanding of the programs.When amodel

does fail on Human-Written, it typically still recognizes the
relevant error category (e.g., that a break statement is illegal
outside a loop), even if it cites the wrong rule number within
that category.

5.5 Main Failure Modes by Dataset Split

The main failure modes differ by dataset split in ways that
explain the accuracy drops reported in the previous subsec-
tions. Across all 6 configurations, Human-Written failures
are relatively rare (661-1028 incorrect predictions per model
out of 5,832 programs) and are split between false successes
(509–779) and wrong-rule confusions (63–169). In contrast,
Fuzzer-Generated and LLM-Translated failures are bothmore
frequent and structurally different.

Human-Written. False success is the most common fail-
ure mode for DeepSeek-Qwen 32B and Qwen2.5-Coder
32B-CoT on Human-Written (549 and 779 cases respectively,
aggregated across configurations). Wrong-rule errors are
less frequent but when they do occur, models confuse nearby
ruleswithin the same error family, especially continue-outside-
loop vs. break-outside-loop (Rules 76 vs. 73 under S) and
adjacent arithmetic-error rules.

LLM-Translated and Fuzzer-Generated. On programs
from the LLM-Translated split (Table 7), false success is
very frequent. For example, DeepSeek-Qwen 32B produces
695 false-success errors out of 822 total failures across con-
figurations, suggesting that models often treat translated
C-like code as executable even when it violates the sup-
plied C∗ semantics. On Fuzzer-Generated programs (Table 8),
false success remains common (372–1484 cases per model),
but wrong-rule (597–1003) and false-error (341–453) predic-
tions become much more frequent as well. The most com-
mon missed rules are modulo-by-zero, break-outside-loop,
and variable-use-before-declare. Malformed outputs are also
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Table 7. PrEx accuracy on LLM-Translated programs.

Models
K-semantics S-semantics

Standard KeywordSwap KeywordObf Standard KeywordSwap KeywordObf
(pp) (pp) (pp) (pp)

Random 16 16 (000) 16 (000) 16 16 (000) 16 (000)

Ministral 3 3B 44 33 (-11) 10 (-34) 41 31 (-10) 18 (-23)
Ministral 3 8B 74 59 (-15) 22 (-52) 62 48 (-14) 19 (-43)
Ministral 3 14B 80 69 (-11) 29 (-51) 76 68 (-08) 32 (-44)
Qwen2.5-Coder 3B 35 18 (-17) 16 (-19) 21 23 (+02) 18 (-03)
Qwen2.5-Coder 7B 44 18 (-26) 8 (-36) 44 25 (-19) 19 (-25)
Qwen2.5-Coder 14B 55 39 (-16) 20 (-35) 74 69 (-05) 29 (-45)
Qwen2.5-Coder 32B 60 45 (-15) 29 (-31) 88 65 (-23) 38 (-50)

DeepSeek-Qwen 14B 90 71 (-19) 77 (-13) 88 69 (-19) 60 (-28)
DeepSeek-Qwen 32B 98 75 (-23) 92 (-06) 97 70 (-27) 83 (-14)
Ministral 3 3B-CoT 88 67 (-21) 42 (-46) 88 69 (-19) 48 (-40)
Ministral 3 8B-CoT 96 78 (-18) 66 (-30) 96 78 (-18) 54 (-42)
Ministral 3 14B-CoT 97 78 (-19) 81 (-16) 88 71 (-17) 68 (-20)
Qwen2.5-Coder 3B-CoT 29 18 (-11) 14 (-15) 31 25 (-06) 16 (-15)
Qwen2.5-Coder 7B-CoT 58 36 (-22) 23 (-35) 59 37 (-22) 26 (-33)
Qwen2.5-Coder 14B-CoT 86 68 (-18) 48 (-38) 85 67 (-18) 37 (-48)
Qwen2.5-Coder 32B-CoT 95 75 (-20) 52 (-43) 95 77 (-18) 49 (-46)

Table 8. PrEx accuracy on Fuzzer-Generated programs.

Models
K-semantics S-semantics

Standard KeywordSwap KeywordObf Standard KeywordSwap KeywordObf
(pp) (pp) (pp) (pp)

Random 17 17 (000) 16 (-01) 17 17 (000) 16 (-01)

Ministral 3 3B 24 26 (+02) 14 (-10) 29 17 (-12) 15 (-14)
Ministral 3 8B 43 30 (-13) 17 (-26) 35 26 (-09) 17 (-18)
Ministral 3 14B 65 37 (-28) 24 (-41) 71 31 (-40) 27 (-44)
Qwen2.5-Coder 3B 19 16 (-03) 12 (-07) 20 20 (000) 19 (-01)
Qwen2.5-Coder 7B 21 17 (-04) 16 (-05) 17 17 (000) 17 (000)
Qwen2.5-Coder 14B 58 30 (-28) 25 (-33) 65 39 (-26) 26 (-39)
Qwen2.5-Coder 32B 51 26 (-25) 28 (-23) 69 36 (-33) 34 (-35)

DeepSeek-Qwen 14B 78 43 (-35) 51 (-27) 78 42 (-36) 37 (-41)
DeepSeek-Qwen 32B 89 58 (-31) 68 (-21) 90 57 (-33) 57 (-33)
Ministral 3 3B-CoT 55 29 (-26) 28 (-27) 49 30 (-19) 24 (-25)
Ministral 3 8B-CoT 82 48 (-34) 40 (-42) 82 45 (-37) 37 (-45)
Ministral 3 14B-CoT 88 54 (-34) 66 (-22) 76 51 (-25) 52 (-24)
Qwen2.5-Coder 3B-CoT 20 14 (-06) 14 (-06) 22 18 (-04) 13 (-09)
Qwen2.5-Coder 7B-CoT 47 31 (-16) 22 (-25) 38 25 (-13) 25 (-13)
Qwen2.5-Coder 14B-CoT 68 47 (-21) 23 (-45) 69 45 (-24) 22 (-47)
Qwen2.5-Coder 32B-CoT 73 48 (-25) 24 (-49) 77 44 (-33) 29 (-48)

more frequent on LLM-Translated and Fuzzer-Generated,
especially for Ministral 3 14B-CoT.

Overall, PrEx accuracy is highest on short Human-Written
programs under Standard semantics but drops sharply on
Fuzzer-Generated and LLM-Translated splits, under Key-
wordSwap and KeywordObf shifts, and on keyword-based
error types such as continue-outside-loop and break-outside-
loop. The split-wise and semantic-shift declines in Tables 6–
8 and Figure 5 coincide with systematic failure modes. On
Human-Written, remaining errors are relatively rare and
tend toward wrong-rule confusions within the same error
family; on Fuzzer-Generated and LLM-Translated, false suc-
cess is more common, with models frequently declaring in-
valid programs executable despite the supplied C∗ semantics.
Taken together, these results suggest that current LLMs lean
on pre-training priors rather than systematically applying
the provided formal semantics even for execution prediction.

6 Qualitative Study

The quantitative results in Section 5 report rule-level ac-
curacy aggregated over all programs and runs. To under-
stand how models fail, we complement those aggregates
with a qualitative pass over the three strongest PrEx mod-
els (DeepSeek-Qwen 32B, Qwen2.5-Coder 32B-CoT, and
Ministral 3 14B-CoT). We only consider programs in the
Human-Written split. We classify every misprediction into
one of 4 failure modes:

• False success: predicts ##success## for invalid program.
• False error: predicts ##error## for valid program.
• Wrong rule: correctly predicts invalidity but cites a dif-
ferent violated rule than the ground truth.

• Malformed output: the model response does not contain
a parseable <ans> tag.
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Figure 5. Per-error-type accuracy on invalid C∗ programs across all evaluated models under S-semantics. The top row shows
Human-Written programs and the bottom row shows Fuzzer-Generated programs (Standard, KeywordSwap, and KeywordObf
configurations). Radar axes are models and each colored polygon is a semantic error type. Radial grid lines mark accuracy
percentages, using the same rule-level criterion as Tables 6 and 8.

Table 9. Minimal Human-Written PrEx failures under S-
semantics (seed 42). Both programs are 5 lines long. High-
lighted lines introduce the semantic error. Even on these
small examples, top models may predict the correct invalid-
ity but cite the wrong rule.

Program Expected Model Predicted

int ans;

int a;

+ continue;

a = 156;

ans = (a * a);

Invalid;
Rule 76
(continue-
outside-
loop)

Qwen2.5-
Coder
32B-CoT

Predicted invalid
but cited Rule 73
(break-outside-
loop) instead of
Rule 76 (wrong rule)

int ans;

int a;

+ ans = 0;

+ a = (156 % ans);

ans = (a * a);

Invalid;
Rule 23
(modulo-
by-zero)

DeepSeek-
Qwen 32B

Predicted invalid by
modulo-by-zero,
but cited Rule 24
instead of Rule 23
(wrong rule)

This taxonomy uses the same rule-level criterion as the main
accuracy tables: a prediction counts as correct only when
both executability and the violated rule (on invalid programs)
match the ground truth.

For each of the 6 PrEx configurations (K/S× Standard/Key-
wordSwap/KeywordObf), we select the 2 smallest (by line
count) non-empty failing programs for each top model and

inspect the full model responses. The goal is not to cherry-
pick hard cases, but to examine minimal counterexamples
of programs where even short, explicit code still triggers
systematic errors. Table 9 shows 2 of the shortest Human-
Written failures under S-semantics (5 lines each). Both pro-
grams are semantically invalid for a single, localized reason;
neither requires deep control-flow reasoning.
In the first example, continue appears at the top level

with an empty control stack, violating Rule 76. DeepSeek-
Qwen 32B and Ministral 3 14B-CoT identify this correctly,
but Qwen2.5-Coder 32B-CoT predicts invalid while citing
Rule 73 (break-outside-loop) instead. This matches the per-
error-type pattern in Figure 5, where continue-outside-loop
and break-outside-loop identification degrades more than
arithmetic errors.

In the second example, ans is initialized to 0 and then used
as a modulo divisor. All three models predict invalid and the
correct error type (modulo-by-zero), but DeepSeek-Qwen
32B cites Rule 24 rather than Rule 23 (Rule 24 is an unre-
lated unary expression rule). The model therefore applies
the right semantic reasoning (modulo-by-zero) but maps it
to a neighboring rule in the S specification. Such off-by-one
rule citations still count as incorrect under our metric even
when the natural-language explanation is essentially right.
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7 Related Work

LLM-Based predictive execution. A growing body of work
asks whether LLMs can simulate program execution with-
out running code. Lyu et al. [25] treat LLMs as direct code
executors, feeding snippets to the model and evaluating the
returned outputs on LeetCode programs. Ni et al. [30] intro-
duced NExT, a self-training approach that teaches LLMs to
inspect execution traces and reason about run-time behav-
ior via CoT rationales, improving program repair on MBPP
and HumanEval. Li et al. [20] proposed PredEx, a predic-
tive executor for Python that combines program analysis
with LLM prompting to predict full execution traces and
static runtime errors. Patel et al. [32] enabled LLMs to act as
predictive interpreters by autonomously navigating a pro-
gram’s control-flow graph and tracking variable states at
branching points to simulate execution and statically detect
runtime errors. Le et al. [17] proposed CodeFlow, a learned
CFG-based model that combines static control-flow structure
with dynamic dependencies extracted from execution traces
to predict code coverage and localize runtime errors. These
methods improve predictive execution through specialized
training, program analysis, or learned graph models, but
they evaluate implicit language semantics on real-world pro-
grams rather than testing whether models follow explicitly
supplied formal rules.

Evaluating execution and runtime behavior. Comple-
mentary work evaluates code execution reasoning through
benchmarks and empirical studies on real-world programs.
Gu et al. [10] introduced CRUXEval, a benchmark of short
Python functions with paired input–output examples and
two tasks: predicting the output given an input or the input
given an output. Chen et al. [5] proposed REval, a framework
that extends this line of evaluation to intermediate runtime
behavior (code coverage, program state, execution path, and
final output) and to incremental consistency across these de-
pendent sub-tasks. Hora [14] studied a related applied setting,
asking GPT-4 to predict pass/fail outcomes for Python Stan-
dard Library test cases without execution. These evaluations
measure reasoning under familiar Python semantics; none
supplies an explicit operational rule set in the prompt. Our
PrEx task is simpler than REval’s multi-step runtime behav-
ior reasoning, but adds matched valid/invalid C∗ programs,
user-provided S and K semantics, and KeywordSwap/Key-
wordObf shifts to diagnose whether predictions follow the
given rules or priors.

Semantics, identifiers, and formal properties. Other
work examines whether LLMs reason from program logic or
from surface cues and formal semantic properties. Wang et
al. [41] showed that replacing variable, method, and function
names with nonsense or misleading identifiers substantially
degrades CodeBERT performance on code analysis tasks,
indicating that models rely heavily on identifier semantics

rather than logic alone. Sultan et al. [37] evaluated frontier
LLMs on SV-Comp termination tasks, finding that models
can approach specialized verifiers in termination classifica-
tion yet frequently fail to produce machine-valid witness
proofs. Chen et al. [6] applied LLMs to dead code elimina-
tion, using a small classifier to locate suspect lines and a
fine-tuned model to judge, explain, and patch unreachable or
unused code. The naming results motivate our semantic-shift
conditions: KeywordSwap and KeywordObf perturb familiar
symbol meanings to test whether models condition on pro-
vided rules rather than pre-trained associations. Together
with the termination and dead-code studies, they highlight
that LLM “understanding” of code semantics remains frag-
ile; PrEx offers a controlled executability baseline in which
success requires applying supplied formal rules to predict
whether execution succeeds or violates a specific rule.

8 Conclusion

We introduced Program Executability Prediction (PrEx), a
task that asks models, when given a program and formal
programming language semantics, to predict whether exe-
cution succeeds or halts on a semantic error and, when it
fails, which rule was violated. Through PrEx, we can evalu-
ate whether LLMs apply explicitly provided programming-
language semantics or fall back on pre-training priors. Build-
ing on valid C∗ programs from PLSemanticsBench, we
extended the benchmark with invalid programs produced
by five semantics-aware invalid transformations, and evalu-
ated open-source coding LLMs under S and K formalisms,
KeywordSwap and KeywordObf semantic shifts, and three
program data splits (Human-Written, LLM-Translated, and
Fuzzer-Generated). We find that current models struggle to
follow the supplied semantics. Accuracy is highest on short
Human-Written programs under standard semantics, but
drops sharply under semantic shifts and on longer, struc-
turally complex LLM-Translated and Fuzzer-Generated pro-
grams. Our results show that LLMs do not yet reliably reason
from supplied formal semantics and still heavily rely on pat-
terns learned in their pre-training.
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