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Abstract

Large language models (LLMs) have shown
remarkable capabilities across diverse coding
tasks. However, their adoption requires a true
understanding of program execution rather than
relying on surface-level patterns. Existing
benchmarks primarily focus on predicting pro-
gram properties tied to specific inputs (e.g.,
code coverage, program outputs). As a result,
they provide a narrow view of dynamic code
reasoning and are prone to data contamination.
We argue that understanding program execution
requires evaluating its inherent duality through
two complementary reasoning tasks: (i) predict-
ing a program’s observed behavior for a given
input, and (ii) inferring how the input must be
mutated toward a specific behavioral objective.
Both tasks jointly probe a model’s causal un-
derstanding of execution flow. We instantiate
this duality in DEXBENCH, a benchmark com-
prising 445 paired instances, and evaluate 13
LLMs. Our results demonstrate that dual-path
reasoning provides a robust and discriminative
proxy for dynamic code understanding.

1 Introduction

Large language models (LLMs) are increasingly
being adopted in the field of software engineering
(SE), from writing code and unit tests to finding and
fixing bugs. However, their performance remains
inconsistent: these models can solve complex cod-
ing problems (Jimenez et al., 2024), yet still fail to
reason about basic loops (Dhulipala et al., 2025).
This can possibly be due to mimicking surface-
level patterns without a true understanding of the
program, which inherently limits their applicability
in real-world settings. As a result, recent efforts
have focused on a fine-grained evaluation of the
reasoning capabilities of coding LLMs (Liu et al.,
2024; Chen et al., 2025; Liu et al., 2025), mov-
ing beyond end-to-end evaluations on downstream
tasks such as program synthesis (Chen et al., 2021;
Gu et al., 2024) or repair (Jimenez et al., 2024).

In practice, such reasoning evaluations primarily
rely on executability, a distinct feature of source
code requiring accurate modeling of execution flow.
These assess how well LLMs understand program
behaviors during execution, including predicting
code coverage (Dhulipala et al., 2025; Chen et al.,
2025), input-output mappings (Ding et al., 2024;
Chen et al., 2025), as well as tracking intermediate
updates to program state and subsequent execution
paths (Liu et al., 2023; Chen et al., 2025).

Nevertheless, current program execution-based
benchmarks consider runtime behaviors under only
a single test case, i.e., along one execution path
(e.g., predicting the statements S in a program P
that are executed for an input I). However, a given
program may traverse many different paths depend-
ing on its inputs. Therefore, single-test evaluations
offer a narrow view of the models’ program under-
standing. Moreover, since benchmarks defined by
fixed sets of input-output pairs can be memorized
during training (Riddell et al., 2024), they are sus-
ceptible to data contamination, a growing concern
in modern LLM evaluation.

To address this gap, we introduce the concept of
duality in reasoning about program execution.
The key idea is based on the argument that two
program paths share a common execution space
and diverge only at branching points where the cur-
rent program state determines diverging execution
flows. We refer to the actual path taken for a given
input as execution path and the alternative as coun-
terfactual path. We operationalize our framework
by designing a pair of complementary reasoning
tasks: one predicting a program property observed
along the execution path (forward reasoning); other
determining the input required for counterfactual
path to be taken (backward reasoning).

Note that a program naturally exhibits n-ality
(or “multiality”), characterized by many possible
pairs of execution and counterfactual paths across
its input domain. This property can be viewed as
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a composition of discrete dual pairs. By select-
ing one such pair for evaluation, we can isolate
and evaluate the causal logic a model employs to
reason about program execution. Accordingly, we
posit that probing a model’s ability to understand
both how the observed execution occurs and under
what conditions (e.g., intermediate program state)
the execution would instead flow through the coun-
terfactual path provides a more robust evaluation
of reasoning capability in coding LLMs.

As an illustration, consider the target program in
Figure 1. The program accepts multiple paths, in-
cluding π(1) : 3→ ...→6→8→ 9→ ...→6→ 8→9→
5→ 12→ [END], π(2) : 3→ ...→ 5→ 6→ 7→ [END],
π(3) : 3→ ...→ 6→ 8→ ...→ 11→ 5→ ...→ [END],
among others. Any pair ⟨π(i), π(j)⟩ reflects this
multiality. For the test input “ua6hajq”, execution
follows the control-flow path π(1). Here, we des-
ignate π(1) as the execution path πexec and select
π(2) as the counterfactual path πcf to illustrate the
proposed duality (highlighted in Figure 1 in green
and red, respectively)1. In particular, both πexec
and πcf share execution space 3→ ...→6, diverging
only at line 6 depending on the branch condition.
When it evaluates to “No”, the execution proceeds
along πexec; otherwise, πcf is taken.

By design, forward reasoning evaluates an
LLM’s ability to predict program properties along
πexec for a given input Iexec, while backward rea-
soning evaluates whether it can infer the new input
Icf that Iexec should be mutated to such that exe-
cution now flows along πcf instead. Notably, the
novelty in the notion of duality lies in its focus on
the causal relationships in program execution that
induce divergence from πexec to πcf , rather than in
reasoning about program properties along distinct
paths in isolation (Liu et al., 2025).

Accordingly, we propose DEXBENCH, a dual-
path, program execution-based benchmark that
jointly investigates both forward execution rea-
soning and backward counterfactual reasoning.
DEXBENCH is built from real-world programs
that cover a range of complexity, extracted from
widely used HumanEval (Chen et al., 2021), CruxE-
val (Gu et al., 2024), and PythonSaga (Yadav et al.,
2024). We evaluate 9 open-source and 4 closed-
source/proprietary LLMs, spanning both reasoning
and general-purpose models across small- to large-
scale model sizes. Our experiments reveal that:

1In Section 3.2, we describe the algorithm used to select
the counterfactual path, and in Section 4.3, we benchmark
LLMs with different counterfactual path selection strategies.

11  import unittest
12  
13  def f(text):
14    result = []
15    for i in range(len(text)):
16      if not text[i].isascii():
17        return False
18      elif text[i].isalnum():
19        result.append(text[i].upper())
10      else:
11        result.append(text[i])
12    return ‘’.join(result)
13  
14 # Test Assertion
15  unittest.TestCase().assertEqual(f(“ua6hajq”), “UA6HAJQ”)
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Figure 1: DEXBENCH exploits the shared execution
space between execution and counterfactual paths to en-
able a robust evaluation of LLMs in program execution.

(i) strong performance on execution or counter-
factual reasoning in isolation does not translate
to success under joint evaluation, highlighting the
limitations of single-path evaluation benchmarks.

(ii) dual-path reasoning provides a reliable proxy
for causal, state-aware reasoning of execution flow.

(iii) parameter scaling and reasoning-focused
post-training do not guarantee improvements in
dual-path reasoning, as seen with some mid-sized
and general-purpose models that outperformed
larger or explicitly reasoning-focused counterparts.

Together, our findings indicate that DEXBENCH

offers a systematic and extensible framework to
evaluate dynamic code understanding in LLMs. All
code and data are publicly available.2

2 Duality of Reasoning

We formalize the concept of duality in reasoning
about program execution as follows.

2.1 (Forward) Execution Reasoning
Consider a program P with test input Iexec ∈ I.
Executing P on Iexec induces an execution trace

τexec=
(
⟨s(1), σ(1)⟩...⟨s(|τexec|), σ(|τexec|)⟩

)
∈ T ,

where each s(t) is a statement in P executed at
step t, and σ(t) is the corresponding program state,

2https://github.com/sail-ucf/dexbench
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defined as a mapping from program variables to
their values. Let ϕ :T →O denotes the observable
program properties or runtime behaviors derived
from execution traces (e.g., program output, code
coverage, or a post-condition over variables).

For program P and input Iexec, we refer to the
task of predicting an observable behavior ϕ(τexec)
as forward or execution reasoning. Formally,

Rexec : (P , Iexec) 7→ ϕ(τexec). (1)

By design, this formulation captures a model’s
ability to maintain a representation of the program
state σ(i) and to update it according to the seman-
tics of each executed statement s(i). The difficulty
of execution reasoning typically scales with the
length of the trace |τexec| as well as with the com-
plexity of state transitions, such as those induced
by non-trivial control flow (Liu et al., 2023).

2.2 (Backward) Counterfactual Reasoning
Let counterfactual objective ϕ⋆ ∈ O be a desired
observable behavior that is obtained by applying a
transformation f :O→O to the original behavior
induced by Iexec such that ϕ⋆ = f(ϕ(τexec)).

For program P , original input Iexec and a given
counterfactual objective ϕ⋆, we define backward
or counterfactual reasoning as the task of mutating
Iexec into an alternative input Icf ∈ I such that
executing P on Icf produces an execution trace τcf
satisfying ϕ(τcf ) = ϕ⋆. Formally,

Rcf : (P , Iexec, ϕ
⋆) 7→ Icf . (2)

This formulation captures the inverse capability
of a model, i.e., to reason backwards from a desired
effect to the conditions that would produce it. In
contrast to execution reasoning, which follows the
program’s semantics forward from a given input,
counterfactual reasoning requires analyzing how
changes to the original input affect control flow
and program state in order to realize a behavioral
goal (e.g., execution of an otherwise uncovered
branch, specific program output). The difficulty of
counterfactual reasoning typically increases with
the complexity of the program’s branching struc-
ture and the degree to which the counterfactual
execution diverges from the original one.

2.3 Dual-Path Reasoning
We define dual-path reasoning Rdual as the task of
jointly reasoning over the original execution path
πexec and a counterfactual path πcf . Formally,

Rdual : Rexec ⊕Rcf (3)

where “⊕” denotes the composition of execution
and counterfactual reasoning. It probes a model’s
ability to: (i) maintain an observable behavior pro-
duced along πexec, and (ii) manipulate runtime be-
havior to identify an alternative input Icf that satis-
fies a counterfactual objective ϕ⋆, defined relative
to the original execution. Such a unified perspec-
tive is particularly important for SE tasks that re-
quire a systematic exploration of program behavior
(e.g., coverage-guided fuzzing, debugging, etc.),
where understanding how and why executions di-
verge is as important as predicting their outcomes.
Furthermore, dual-path reasoning enables a robust
evaluation of coding LLMs as it demands a deeper,
more holistic understanding of program execution
than reasoning on single, isolated paths.

3 DEXBENCH

3.1 Problem Definition

To evaluate the dual-path reasoning capabilities of
LLMs, we instantiate the formulations for execu-
tion and counterfactual reasoning (Eqs. 1 and 2) as
concrete, verifiable tasks: code coverage prediction
and branch-targeted input mutation, respectively.
For execution reasoning, the observable behavior
that a model must predict is statement coverage,
i.e., the set of line numbers ϕ(τexec) executed by
a program under input Iexec. In the case of the
latter, we define the counterfactual objective ϕ⋆ as
the reachability of a specific branch b that remains
uncovered under Iexec. Here, the model must gener-
ate a mutated input Icf that redirects the program’s
execution to flow through b such that b ∈ ϕ(τcf ).

Unlike coverage-guided fuzzing (Böhme et al.,
2017), which relies on random mutations and exe-
cution feedback, DEXBENCH requires models to
identify necessary input changes through reasoning
alone. By grounding both execution and counter-
factual prediction in a shared execution context,
we evaluate whether models maintain a consistent
causal representation of program behavior. This
prevents the evaluation from treating execution and
generation as decoupled tasks, instead probing the
model’s ability to logically bridge observed run-
time behaviors with desired behavioral outcomes.

Note that our proposed framework can also be
extended to other evaluation settings. For instance,
execution reasoning may target predicting program
outputs or intermediate states, while counterfactual
reasoning may require predicting inputs that trigger
specific program outputs or state transitions.
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3.2 Benchmark Construction

Source Programs. DEXBENCH is constructed
from a diverse collection of Python programs
from three popular datasets: CruxEval (Gu et al.,
2024), HumanEval (Chen et al., 2021), and Python-
Saga (Yadav et al., 2024). These are designed
to evaluate program understanding and execution
reasoning, making them well-suited for input-
dependent reasoning over program executions.

CruxEval contains short programs with relatively
simple control flow. In contrast, HumanEval has
moderate control-flow complexity, while Python-
Saga includes programs with deeper nesting, recur-
sion, and more advanced programming constructs.
In Figure 2, we illustrate the program complexity
for each dataset with different structural metrics.
Based on this, we only retained programs that con-
tain: (i) at least one conditional or loop, and (ii) a
test case that yields partial code coverage (i.e., less
than 100%). The first criterion ensures reasoning
over non-trivial control flow, while the second en-
ables coverage-guided input mutation as required
in the counterfactual or backward reasoning task.

Collecting Execution Information. For each re-
tained program, we randomly selected a test case
meeting the above criteria to instantiate the execu-
tion or forward reasoning task, collecting statement
coverage information by monitoring runtime be-
havior with Slipcover (Pizzorno and Berger, 2023).
Here, coverage information serves as ground-truth
observable behavior (denoted by ϕ in Section 2.1).

Selecting Counterfactual Paths. As illustrated
in Figure 1, the execution of a program under input
Iexec flows along a single path, leaving multiple
alternative paths unexplored that could serve as
potential counterfactual targets. Among these, we
select an uncovered branch b under input Iexec that,
if reached, would enhance the execution diversity
between the original execution path πexec and the
counterfactual path πcf while resulting in an in-
creased code coverage (see Appendix B for detailed
algorithm). Here, reaching branch b thus serves
as the counterfactual objective (denoted by ϕ⋆ in
Section 2.2). In this setting, the ground-truth coun-
terfactual observable behavior is defined by the
program’s execution semantics: a model-generated
input Icf is considered correct if and only if its
induced execution trace τcf satisfies b ∈ ϕ(τcf ).

Benchmark Statistics. In total, DEXBENCH

comprises 445 unique evaluation instances, each

CruxEval HumanEval PythonSaga

(a) Lines of Code (b) Cyclomatic Complexity

(c) Nested Constructs (d) Loop Lengths

Figure 2: Distribution of different program complexity
metrics in CruxEval, HumanEval, and PythonSaga.

defined by a pair of forward and backward rea-
soning tasks (298 from CruxEval, 100 from Hu-
manEval, and 47 from PythonSaga). It exhibits sig-
nificant structural diversity: subject programs have
10 to 78 lines of code and a mean cyclomatic com-
plexity of 3.63±2.18 (ranging between 2 and 19),
thus yielding a challenging testbed for evaluating
models’ ability to reason about program execution.

3.3 Baseline Models
We select a diverse set of open-source LLMs,
spanning: reasoning and non-reasoning variants;
small- (<10B), mid- (20B–30B), and large-size
(30B–70B) models. In particular, we include
Jamba Reasoning-3B (Lenz et al., 2025), Llama-
3.1 Nemotron Nano (Team, 2025a), Llama-3.2-
3B-Instruct and Llama-3.3-70B-Instruct (Team,
2024), Mistral Small-24B (Jiang et al., 2023),
Magistral Small (AI, 2025), as well as QwQ-32B,
Qwen2.5-32B and Qwen2.5-72B (Team, 2025b).
We also benchmark against closed-source or fron-
tier models, including Gemini 2.5 Flash (Gemini
Team, Google, 2025), GPT-5 Mini (OpenAI, 2025),
Claude Sonnet 4 (Anthropic, 2025), and Grok-4
Reasoning (xAI, 2025).

3.4 Prompts
We use two dedicated prompt templates to evaluate
execution (forward) and counterfactual (backward)
reasoning, respectively. To ensure fair comparison,
we apply the same prompt structure and formatting
constraints across all models. We adopt one-shot
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Dataset (→)
Model (↓)

CruxEval HumanEval PythonSaga

Rexec Rcf Rdual Rexec Rcf Rdual Rexec Rcf Rdual

k=1 k=5 k=1 k=5 k=1 k=5 k=1 k=5 k=1 k=5 k=1 k=5 k=1 k=5 k=1 k=5 k=1 k=5

Jamba Reasoning 3B 0.0 0.0 9.4 14.8 0.0 0.0 0.0 0.0 15.0 31.0 0.0 0.0 0.0 0.0 10.6 12.8 0.0 0.0
Nemotron Nano 3.0 8.1 15.8 30.9 0.3 2.7 0.0 0.0 15.0 30.0 0.0 0.0 0.0 0.0 10.6 34.0 0.0 0.0

Llama-3.2-3B-Inst. 0.0 0.0 12.8 32.6 0.0 0.0 0.0 0.0 21.0 43.0 0.0 0.0 0.0 0.0 4.3 27.7 0.0 0.0

Mistral Small 24B 29.2 69.8 43.6 63.4 13.4 43.6 10.0 35.0 50.0 61.0 4.0 20.0 6.4 6.4 44.7 53.2 2.1 2.1
Magistral Small 27.2 62.4 18.5 34.2 3.0 21.5 13.0 40.0 21.0 30.0 1.0 16.0 4.3 14.9 23.4 36.2 2.1 4.3

QwQ-32B 20.1 53.4 50.7 63.1 11.4 33.2 21.0 38.0 61.0 76.0 13.0 25.0 0.0 2.1 53.2 80.9 0.0 2.1
Qwen2.5-32B 34.2 71.1 57.7 79.5 18.1 57 11.0 37.0 64.0 77.0 8.0 31.0 0.0 8.5 46.8 55.3 0.0 6.4

Llama-3.3-70B-Inst. 15.8 38.6 49.3 68.1 8.7 27.5 5.0 16.0 50 64 3.0 9.0 0.0 0.0 51.1 61.7 0.0 0.0
Qwen2.5-72B 34.9 74.8 41.3 52.3 14.1 39.3 10.0 31.0 41.0 50.0 1.0 12.0 0.0 0.0 38.3 63.8 0.0 0.0

Gemini 2.5 Flash 67.4 85.9 72.1 85.2 51.0 73.8 50.0 77.0 69.0 80.0 41.0 62.0 6.4 12.8 57.4 66.0 4.3 8.5
GPT-5 Mini 89.9 95.6 81.2 97.0 73.8 91.6 79.0 88.0 77.0 88.0 59.0 76.0 36.2 46.8 83.0 95.7 29.8 44.7

Grok-4 Reasoning 85.6 86.9 93.0 97.0 79.9 84.9 78.0 84.0 85.0 88.0 65.0 72.0 55.3 68.1 93.6 95.7 51.1 66.0
Claude Sonnet 4 91.9 98.7 94.3 96.3 87.6 95.3 83.0 92.0 84.0 87.0 69.0 79.0 59.6 72.3 91.5 95.7 55.3 70.2

Table 1: Model performance comparison on execution reasoning (Rexec) and counterfactual reasoning (Rcf ) tasks,
as well as our dual-path reasoning (Rdual) framework across CruxEval, HumanEval, and PythonSaga datasets
(ordered left-to-right by increasing program complexity). Results are reported using pass@k metrics (in %).

prompting (i.e., with a single illustrative example)
for all experiments on the three benchmarks. We
also analyze robustness of DEXBENCH by probing
the model sensitivity to more complex prompts
(Section 4). See Appendix A for all templates.

3.5 Evaluation Metrics
For both execution (forward) and counterfactual
(backward) reasoning, we evaluate performance
using the pass@k metric (Chen et al., 2021). In
execution reasoning, an instance is considered suc-
cessful if at least one of the k generated candidates
predicts code coverage exactly correctly. Formally,
the success indicator Sexec for the instance is

Sexec=1

(
∃ϕ̃i∈{ϕ̃1, ..., ϕ̃k} s.t. ϕ̃i=ϕ(τexec)

)
,

where ϕ̃i denotes the code coverage predicted by
the i-th candidate.

In counterfactual reasoning, an instance is con-
sidered successful if at least one of the k generated
test inputs covers the originally uncovered branch b
(as identified in Section 3.2). Formally, the success
indicator Scf for the instance is defined as

Scf =1 (∃Icf,i∈{Icf,1, ..., Icf,k} s.t. b∈ϕ(τcf,i)) ,

where τcf,i is the execution trace produced by run-
ning the corresponding program on input Icf,i.

Putting them together, we define a joint success
indicator Sdual for dual-path reasoning as

Sdual = Sexec ∧ Scf .

In other words, an instance is successful under the
joint metric only if the model both correctly pre-
dicts the original coverage and generates at least
one input whose execution covers the target branch.

4 Empirical Results

4.1 Performance Comparison in Reasoning
about Program Execution

In Table 1, we compare model performance in ex-
ecution reasoning (Rexec), counterfactual reason-
ing (Rcf ), as well as their dual-path formulation
(Rdual). Our analysis considers three dimensions:

(1) Program Complexity. While closed-source
or frontier models generally outperform the open-
source ones, performance on dual-path reason-
ing consistently drops as program complexity in-
creases (CruxEval < HumanEval < PythonSaga).
On the PythonSaga dataset featuring intricate
control-flow logic, Gemini 2.5 Flash records par-
ticularly low pass@1 and pass@5 scores of 4.3%
and 8.5%, respectively. These results are compara-
ble to those of the mid- and large-size open-source
models and are significantly lower compared to
other closed-source models, whose scores range
from 29.8%–55.3% (pass@1) and 44.7%–70.2%
(pass@5). Overall, increasing program complexity
impacts success in joint reasoning about execution
and counterfactual paths, as greater path divergence
makes it difficult for models to maintain a consis-
tent causal representation of the program.

(2) Model Scaling Laws. All small-scale mod-
els (<10B parameters) consistently fail in dual-
path reasoning due to achieving near-zero perfor-
mance on code coverage prediction (i.e., execu-
tion reasoning, Rexec) despite non-trivial results
in branch-guided input mutation (i.e., counterfac-
tual reasoning, Rcf ). Scaling to mid-sized models
(20B–30B parameters) yields substantial improve-
ments in both reasoning tasks. However, these
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trends do not extend to large-size models (>30B
parameters). In particular, within the Qwen fam-
ily, the 32B parameter variant outperforms the 72B
model in dual-path reasoning across all datasets.

(3) Reasoning-Focused Post Training. Among
the open-source models, we considered two pairs
of medium-sized non-reasoning and reasoning
variants: ⟨Mistral Small 24B, Magistral Small⟩,
⟨Qwen2.5-32B, QwQ-32B⟩. In both pairs, non-
reasoning models surprisingly outperform the rea-
soning ones in dual-path reasoning by an average of
63.9% and 47.9% (pass@5) on CruxEval and Hu-
manEval. This trend persists even on the complex
PythonSaga dataset, where Qwen2.5-32B (6.4%)
outperforms QwQ-32B (2.1%), although Magis-
tral Small (4.3%) exhibits a marginal improvement
over its non-reasoning counterpart (2.1%). These
results indicate that such post-training does not
generalize to reasoning about program execution.

In contrast, closed-source models demonstrate
the best performance in dual-path reasoning across
all datasets (Claude Sonnet 4>Grok-4 Reasoning>
GPT-5 Mini>Gemini 2.5 Flash). However, due to
a lack of transparency in their design, these gains
cannot be directly attributed to reasoning-focused
post-training alone and instead serve as reference
upper bounds on achievable performance.

4.2 Execution vs. Counterfactual Reasoning

In this section, we investigate the asymmetry in
model performance (as in Section 4.1) in both
forward and backward reasoning tasks, isolating
where, and to what extent models break down.

Diagnosing Asymmetry in Execution and Coun-
terfactual Reasoning. In Table 1, we reported a
consistent asymmetry in model performance on ex-
ecution and counterfactual reasoning. Furthermore,
as illustrated in Figure 3, many models succeed
for only one of the two tasks. Here, the execution-
only setting (i.e., Rexec : ✓, Rcf : ×) reflects a
model’s ability to predict observed program be-
havior for a fixed input, while failing to reason
about how changes to intermediate program state
induce alternative execution flows. In contrast,
the counterfactual-only setting (i.e., Rexec : ×,
Rcf : ✓) suggests that a model can heuristically
mutate inputs to alter execution flow without reli-
ably predicting the execution behavior itself. When
considered in isolation, both evaluation settings
probe complementary model capabilities, as evi-
denced among the open-source models. However, a
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Figure 4: Strict vs. relaxed performance comparison
(pass@1, in %) on execution reasoning Rexec. Here,
shaded regions indicate ±std across three datasets.

joint evaluation under dual-path reasoning offers a
systematic framework for quantifying reasoning ca-
pabilities of LLMs in program execution, enabling
rigorous and comparative analysis across models.

Execution Reasoning under Relaxed Evaluation.
Figure 4 reports the execution reasoning perfor-
mance of all models across three datasets in two
evaluation settings: strict and relaxed. The former
corresponds to the binary success indicator defined
in Section 3.5, whereas the latter measures partial
correctness using Jaccard similarity between the
predicted (ϕ̃) and ground-truth (ϕ(τexec)) coverage
sets. The relaxed success score for an instance is:

Sr
exec =

|ϕ̃ ∩ ϕ(τexec)|
|ϕ̃ ∪ ϕ(τexec)|

.

Here, a larger gap between strict and relaxed
performance indicates that models often identify
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Dataset (→)
Model (↓)

C/F
Reasoning

CruxEval HumanEval PythonSaga

k=1 k=5 k=1 k=5 k=1 k=5

GPT-5 Mini
Generation 89.3 97.7 93.0 99.0 87.2 95.7
Mutation 81.2 97.0 77.0 88.0 83.0 95.7

Grok-4
Reasoning

Generation 97.3 99.0 98.0 99.0 93.6 95.7
Mutation 93.0 97.0 85.0 88.0 93.6 95.7

Table 2: Ablation Study. Model performance under
input generation vs. mutation (ours) for counterfactual
reasoning (pass@k, in %) across three datasets.

a substantial subset of the correct code coverage
while failing the exact-match criteria, and the width
of the shaded region further captures variability in
performance across datasets of increasing program
complexity. Notably, the mid-size open-source rea-
soning model QwQ-32B exhibits less precise per-
statement execution prediction than the small-size
models as well. In contrast, larger open-source
models achieve relaxed performance comparable
to that of closed-source models like Gemini-2.5
Flash and GPT-5 Mini. Among all models, Grok-
4 Reasoning and Claude Sonnet 4 make the least
per-statement errors while exhibiting consistent per-
formance across all three datasets, indicating their
superior execution reasoning capabilities.

Counterfactual Reasoning w/o Test Input. In
the counterfactual reasoning task, models mutate
a given test input to satisfy specific branch cover-
age objectives. In this experiment, we remove the
test input and instead require models to directly
generate an input that reaches the target branch,
i.e., without conditioning on the test input, thus
transforming branch-targeted input mutation into
branch-targeted input generation (see Appendix A).

Table 2 reports the performance of the well-
performing GPT-5 Mini and Grok-4 Reasoning
(from Section 4.1). Contrary to initial expecta-
tions, we observed better performance under input
generation compared to the mutation setting, im-
proving pass@1 and pass@5 scores across three
datasets by 11.9% and 4.4% for GPT-5 Mini, and
by 6.6% and 4.9% for Grok-4 Reasoning. However,
we soon realized that this is due to the relaxation
of causal constraints in the input generation setting,
where models no longer require to reason about
how specific input perturbations propagate through
intermediate program states. As such, these results
support our original design choice by highlighting
the greater difficulty of branch-targeted input muta-
tion and thereby, motivating its use in DEXBENCH

as the counterfactual reasoning task.

CRISPE w/o 1-shot w/o FOCC Simple (ours)
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Figure 5: Robustness to prompt complexity. Average
model performance for execution reasoning (pass@1,
in %). Here, whiskers denote ±σ across three datasets.

4.3 Sensitivity Analysis

In this section, we examine the robustness of model
performance in both execution and counterfactual
reasoning under different perturbations.

Robustness to Prompt Complexity. To assess
the robustness of execution reasoning within
DEXBENCH under increased prompt complexity,
we replace our prompt for predicting code coverage
with that from the state-of-the-art CRISPE (Dhuli-
pala et al., 2025). The latter: (i) adopts one-shot
prompting to enable step-by-step reasoning about
program execution, and (ii) provides a finite set of
feasible options for code coverage (FOCC) for the
model to select from, thus transforming prediction
task into a constrained selection problem.

Figure 5 compares the performance of CRISPE,
its ablation baselines (w/o one-shot prompting and
w/o FOCC), and our prompt for execution rea-
soning. CRISPE yields consistently high perfor-
mance across datasets for both GPT-5 Mini and
Grok-4 Reasoning, as indicated by narrower per-
formance variability. The ablation results further
reveal that Grok-4 Reasoning relies more on FOCC
than GPT-5 Mini: removing FOCC results in a sub-
stantially larger drop in pass@1 for Grok-4 Reason-
ing (677.6%) compared to GPT-5 Mini (25%). This
suggests that Grok-4 Reasoning is more sensitive
to increased prompt complexity and subsequently
longer step-by-step reasoning traces.

Robustness to Counterfactual Path Selection
Strategies. In Section 3.2, we selected the coun-
terfactual path that yields the most increase in code
coverage relative to the original execution path. To
evaluate the sensitivity of counterfactual reason-
ing in DEXBENCH to this selection heuristic, we
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Dataset (→)
Model (↓)

C/F Path
Selection

CruxEval HumanEval PythonSaga

k=1 k=5 k=1 k=5 k=1 k=5

GPT-5 Mini
Random 71.4 83.3 67.9 67.9 58.8 70.6

Min 76.2 92.9 71.4 89.3 76.5 94.1
Max (ours) 85.7 97.6 78.6 89.3 60.7 94.1

Grok-4
Reasoning

Random 85.7 88.1 89.3 89.3 94.1 94.1
Min 85.7 90.5 89.3 89.3 94.1 94.1

Max (ours) 97.6 97.6 89.3 89.3 88.2 94.1

Table 3: Robustness to counterfactual paths. Model
performance on counterfactual reasoning (pass@k, %).

compare against two additional strategies with the
counterfactual path: (i) picked at random, and (ii)
results in the least increase in code coverage.

Table 3 reports the performance of GPT-5 Mini
and Grok-4 Reasoning in counterfactual reasoning.
We observe that the models are generally sensitive
to the counterfactual objective, which determines
the degree of causal reasoning required to identify
input perturbations that induce a specific execution
flow. In particular, paths that yield maximal cov-
erage increase typically execute the core logic of
the program, while those with minimal coverage
increase often correspond to early exit conditions.
The intermediate program state triggering the latter
depends on satisfying highly specific constraints,
thus requiring deeper causal understanding. Be-
tween both models, we see that Grok-4 Reasoning
is more robust to counterfactual path selection and
records high performance across target branches,
whereas GPT-5 Mini shows larger variability. As
such, while a maximal coverage heuristic is rea-
sonable, these findings suggest that augmenting
DEXBENCH with additional counterfactual targets
could enable an even comprehensive assessment of
counterfactual reasoning performance.

4.4 Qualitative Analysis of Model Outputs

To identify the root causes of model failures, we
manually inspected reasoning traces produced by
closed-source models under both execution (for-
ward) and counterfactual (backward) reasoning.
Following prior work (Abdollahi et al., 2025), we
categorize failures into following high-level error
types: Computation Errors, Control Flow Errors,
Lack of Fact Verification, Native API Misevalua-
tion, Prompt Misread, Null Response, Output For-
mat Errors, Misreporting Final Output, Skipping
Statements, and Hallucinations (Appendix C.1).

As shown in Table 4, the error categories do not
apply uniformly across both reasoning tasks. For
execution reasoning, the model errors primarily

occur due to: misunderstanding task instructions
(Prompt Misread), incorrectly parsing and process-
ing program representations (Skipping Statements,
Hallucinations), and failing to produce outputs
(Null Response). For counterfactual reasoning,
Gemini-2.5 Flash and GPT-5 Mini make the most
errors due to producing a null response or an error
in the output format. In contrast, Grok-4 Reason-
ing and Claude Sonnet 4 produce few or no such
errors. However, Claude Sonnet 4 exhibits more
semantic errors (e.g., Native API Misevaluation,
Control Flow Errors) than even Gemini-2.5 Flash,
suggesting a gap in modeling execution flow which
requires the model to maintain causal consistency.

Illustration. In multiple API-centric tasks that
involve string manipulation, Claude Sonnet 4 cor-
rectly predicts the code coverage (i.e., execution
reasoning) but fails to produce a valid counterfac-
tual input (i.e., counterfactual reasoning). In some
cases, the failure arises from a misinterpretation
of API semantics (e.g., splitlines() vs. split()).
Consistent with recent findings on Claude’s han-
dling of split() API (Abdollahi et al., 2025), these
are not due to ambiguity in task specification but
reflect an incorrect understanding of API behavior.

The above analyses show that models may suc-
ceed in execution reasoning while failing in coun-
terfactual reasoning due to semantic errors, or vice
versa. As a result, isolated evaluations based on
execution-only or counterfactual-only settings do
not provide a robust evaluation of model capabil-
ities, underscoring the need for jointly evaluating
both directions, as in our dual-path framework.

5 Related Work

Emergent reasoning capabilities in LLMs have
been studied across multiple domains, including
mathematical reasoning (Chen et al., 2024; Jain
et al., 2025; Lewkowycz et al., 2022), formal
logic (Morishita et al., 2023), and program under-
standing (Xie et al., 2025; Chen et al., 2025; Abdol-
lahi et al., 2025). For source code, prior work has
focused on evaluating the ability of LLMs to reason
about program properties, either derived from pro-
gram structure and semantics or observed runtime
behaviors, i.e., static (Yadavally et al., 2024b; Xie
et al., 2025) and dynamic code reasoning (Liu et al.,
2023; Yadavally et al., 2024a; Patel et al., 2025),
respectively. In this work, we focus on fine-grained
benchmarking of dynamic code understanding.

CruxEval (Gu et al., 2024) evaluates LLMs by
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pairing output prediction (given a program and in-
put) with input prediction (given a program and
output). CodeMind (Liu et al., 2024) extends be-
yond input-output prediction by introducing tasks
on understanding semantics, specification, and ex-
ecution simulation. R-Eval (Chen et al., 2025) in-
troduced IC-Score, a measure derived from the
composition of performance on program execution-
specific tasks such as predicting code coverage,
program states, execution paths, and program out-
puts. However, these benchmarks remain limited to
single-path evaluations induced by specific inputs.
While CES (Liu et al., 2025) focuses on reasoning
consistency across multiple inputs, it treats result-
ing execution paths independently, thereby leaving
the causal logic that is characteristic of program
execution unexplored. In contrast, DEXBENCH

introduces a dual-path reasoning framework. By
requiring the model to predict the observed be-
haviors along an execution path, and the behav-
ioral changes required to induce an alternative flow,
DEXBENCH provides a more robust and systematic
evaluation of LLMs over program execution.

6 Conclusion

In this work, we argue that reasoning about pro-
gram execution is inherently dual in nature, re-
quiring both the ability to predict dynamic pro-
gram behavior and to reason counterfactually to
induce alternative behaviors. Our results show that
strong performance on either task does not consis-
tently translate to success under joint evaluation, an
asymmetry not reflected in single-path evaluations.
These findings suggest that the proposed dual-path
reasoning framework provides a more robust evalu-
ation of dynamic code understanding in LLMs and
can be extended to alternative pairs of observed
runtime behaviors and counterfactual objectives.

7 Limitations

Data Contamination. This work sources Python
programs from public benchmarks, i.e., CruxEval,
HumanEval, and PythonSaga, and therefore may
be susceptible to data contamination. However,
the formulation in DEXBENCH mitigates this risk
by requiring fine-grained reasoning over interme-
diate program state rather than direct input-output
mapping. In particular, the counterfactual reason-
ing task requires conditional mutation of inputs,
where a model must identify and analyze specific
branches and perturb inputs to redirect the flow of

execution. Thus, even if a model has potentially
“seen” the underlying program, successfully syn-
thesizing a constraint-satisfying input requires an
explicit understanding of how input perturbations
propagate under execution. As a result, model per-
formance in DEXBENCH is less likely to stem from
surface-level memorization and instead reflects its
ability to reason over intrinsic execution flow.

Programming Languages. Constructing our
benchmark relies on the availability of tools for
execution tracing and instrumentation to reliably
capture fine-grained runtime information. While
these are readily available for Python (e.g., Slip-
Cover), extending this to other programming lan-
guages requires substantial engineering effort to
build secure and reproducible sandboxed runtime
environments. As a result, DEXBENCH focuses
on Python programs drawn from widely adopted
CruxEval, HumanEval, and PythonSaga datasets.
However, the proposed dual-path reasoning frame-
work itself is programming language-agnostic.

Counterfactual Path Selection. By default, this
work selects the branch that maximizes increase
in code coverage relative to the original execution.
However, this can bias selection towards counter-
factual paths that diverge more from the original ex-
ecution, while overlooking paths corresponding to
more localized behavioral variations. Although we
explore alternative strategies in Section 4.3, identi-
fying counterfactual paths that are both informative
and representative remains challenging. Therefore,
model performance reported in DEXBENCH may
vary under different counterfactual selection strate-
gies, and our findings should be interpreted in the
context of this design choice.

Dynamic Program Behavior and Counterfac-
tual Objective. This work focuses on evaluat-
ing dynamic program behavior through code cover-
age prediction, with the corresponding counterfac-
tual objective being branch-targeted input mutation.
While this provides a concrete and tractable formu-
lation of dual-path reasoning, other alternatives are
possible. For example, execution reasoning could
instead target predicting program outputs or inter-
mediate execution states, while counterfactual rea-
soning might involve identifying inputs that induce
specific outputs or state transitions. Exploring such
alternatives are useful to coding tasks like testing,
debugging, and may yield complementary evalua-
tion perspectives. This is left for future work.
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A Prompt Design

We design dedicated prompts to evaluate distinct
reasoning abilities of LLMs:

• Figure 6 (top): Forward reasoning, where the
model must simulate execution of a program
to predict which lines would be executed for
a given input (i.e., statement coverage).

• Figure 6 (bottom): Backward reasoning,
where the model must predict an input that
would reach a branch uncovered by the origi-
nal input for the same program.

Both templates enforce strict formatting to
enable automated parsing and evaluation.
Here, [PYTHON]/[/PYTHON] tags enclose
the line number-indexed Python program,
[TASK]/[/TASK] tags enclose the corresponding
task instructions, <REASONING>/</REASONING>
tags enclose model-generated reasoning traces,
and [ANSWER]/[/ANSWER] tags enclose the
model-generated task outputs.

B Counterfactual Path Selection

In this section, we describe the algorithm used to
define behavioral goals for branch-targeted input
mutation under counterfactual reasoning (Rcf ). As
noted in Section 3.2, this procedure grounds coun-
terfactual input mutation in branches that yield
maximal increase in code coverage.

Given a coverage map produced by executing
the program on a seed input, we first identify the
set of uncovered source lines. We then analyze the
program’s abstract syntax tree (AST) to enumerate
all conditional branches and loop constructs, asso-
ciating each such construct with the set of source
lines contained in its body. The primary objective
is to identify branches whose bodies are entirely
uncovered, all of which represent possible targets
for counterfactual exploration. Among these, we
select the branch with the largest body, measured
as the number of statements it contains. This favors
branches that are likely to yield the highest increase
in code coverage if successfully executed.

If no fully uncovered branch exists, we select
uncovered lines that do not belong to the body of
any conditional or loop. These standalone lines
typically correspond to return statements, compu-
tations, or other control-flow–independent code re-
gions. In this case, we deterministically select the

uncovered line with the smallest line number to
serve as the target. Finally, if no such branches or
statements can be identified, we ignore such pro-
grams as no meaningful counterfactual target is
available under the current state. We formalize this
alternative path selection process as follows:

Algorithm 1: Alternative Path Selection
Input: Coverage map C, AST A
Output: Target line number ℓ∗ or null

1 U ← {ℓ | coverage_count(ℓ) = 0}
2 T ← ∅
3 foreach branch b ∈ FINDALLBRANCHES(A) do
4 B ← LINESINBRANCHBODY(b)
5 if B ̸= ∅ and B ⊆ U then
6 T ← T ∪ {b}
7 end
8 end
9 if T ≠ ∅ then

10 S ← ∅
11 foreach branch b ∈ T do
12 sb ← |LINESINBRANCHBODY(b)|
13 S ← S ∪ {(b, sb)}
14 end
15 b∗ ← argmax(b,sb)∈S sb
16 return LINENUMBER(b∗)
17 end
18 U standalone ← U \ ALLBRANCHBODYLINES(A)
19 if Ustandalone ̸= ∅ then
20 return min(Ustandalone)
21 end
22 return null

C Qualitative Analysis of Model Outputs

C.1 Error Taxonomy

We manually inspected reasoning traces for failure
cases and categorized them into ten distinct error
types, as summarized in Table 4.

C.2 Illustrative Examples

• In Figure 7 (CRUXEval-492), the model pro-
duces a largely correct trace but fails due to a
basic counting error (hallucinating character
counts), demonstrating that even strong mod-
els are prone to verifiable logic lapses when
constraints are inverted.

• In Figure 8, the model misinterprets the be-
havior of Python’s splitlines(), propagat-
ing this error into an invalid input suggestion.
This aligns with discrepancies noted in recent
literature regarding Claude’s handling of the
split() function (Abdollahi et al., 2025).
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Prompt Template for Execution (Forward) Reasoning

You are given a Python program inside the [PYTHON] and [/PYTHON] tags and a single task
between [TASK][/TASK] tags. Your only function is to comply with Output requirements below.

[PYTHON]

{program_code}
[/PYTHON]

[TASK]

Analyze the provided Python script to determine its code coverage when executed. Identify all
executable line numbers that are run at least once.

[/TASK]

Output requirements (strict):
1. First, analyze the execution paths and predict which lines would be executed. Put your reasoning
inside <REASONING></REASONING> tags.
2. Then, provide the final answer inside [ANSWER] and [/ANSWER] tags as a single JSON object
with one key:
- executed_lines: JSON list of integers (sorted ascending) for all executable lines that would run.

Prompt Template for Counterfactual (Backward) Reasoning

You are an expert in directed fuzzing and test-case generation. You are given a Python program
inside the [PYTHON] and [/PYTHON] tags, and a single task between [TASK][/TASK] tags. Your
only function is to comply with Output requirements below.

[PYTHON]

{program_code}
[/PYTHON]

[TASK]

The target line {priority_line} is either a conditional (if/elif), a loop header (for/while), or a return
statement. Mutate the existing input seed so that, when passed to the function under test, the body
of the conditional or loop at line {priority_line} will be executed. If the line is a return statement,
that line should be triggered.

[/TASK]

Output requirements (strict):
1. First, analyze the program and reason about what inputs would reach line {priority_line}. Put
your reasoning inside <REASONING></REASONING> tags.
2. Then, provide the final answer inside [ANSWER] and [/ANSWER] tags with **only** the
comma-separated argument values (for example: `["a","bb"], 0.5`).

Figure 6: Prompt templates for: (top) execution, and (bottom) counterfactual reasoning in DEXBENCH.
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1 import unittest
2

3 def f(text, value):
4 ls = list(text)
5 if (ls.count(value)) % 2 == 0:
6 while value in ls:
7 ls.remove(value)
8 else:
9 ls.clear()

10 return ’’.join(ls)
11

12 # Test Assertion
13 unittest.TestCase().assertEqual(
14 f(’abbkebaniuuwrzvr’, ’m’), ’abbkebaniuuwrzvr’
15 )

Program: CRUXEval-492

Uncovered Branch: 6→7

Target: Branch at line 6

LLM Answer:
‘abbkebaniuuwrzvr’, ‘b’

Error: Computation Error and
Prompt Misunderstanding

Chain-of-Thought Reasoning Trace of Claude Sonnet 4

Let me analyze the program to understand when line 6 will be executed. The function f(text,
value) takes two parameters: text is converted to a list ls, and value is the character to count
and potentially remove. The flow is:

1. Convert text to list.

2. Check if count of value is even.

3. If even: enter while loop removing all instances.

4. If odd: clear the list.
The loop runs only if the count of value is even, and value exists in the list. In the given test case,
‘m’ appears 0 times (even), but is not in the list, so the loop does not execute. To trigger execution,
choose a character with even count > 0. From the string:

• ‘a’ appears 2 times

• ‘b’ appears 4 times

• ‘e’ appears 2 times

• ‘u’ appears 2 times

• ‘r’ appears 2 times
We can use any of these; choosing ‘b’ since it appears 4 times.

Figure 7: Incorrect letter counting logic: Here, the model fails to correctly analyze string operations.
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1 import unittest
2

3 def f(text):
4 created = []
5 for line in text.splitlines():
6 if line == ’’:
7 break
8 created.append(list(list(line.rstrip())[::-1][

flush]))
9 return created [::-1]

10

11 flush = 0
12

13 # Test Assertion
14 unittest.TestCase().assertEqual(f(’A(hiccup)A’), [[’A’

]])

Program: CRUXEval-712

Uncovered Branch: 6→7

Target: Branch at line 6

LLM Answer: ‘A\n’

Error: Native API Misevaluation

Chain-of-Thought Reasoning Trace of Claude Sonnet 4

Let me analyze the program step by step:
1. The function f(text)‘ takes a text parameter.

2. It splits the text into lines using text.splitlines().

3. It iterates through each line in a for loop (line 5).

4. Line 6 is the conditional: if line == ‘’.

5. If this condition is true (line is empty), it breaks out of the loop

6. Otherwise, it processes the line and appends to created. To reach line 6, I need the function
to be called with text that, when split into lines, produces at least one line to iterate over the
for loop.

Looking at the current test case: f(‘A(hiccup)A’)
• ‘A(hiccup)A’.splitlines() returns ‘A(hiccup)A’ (a list with one element)

• The for loop will iterate once with line ‘A(hiccup)A’

• Line 6 will be reached and will check if ‘A(hiccup)A’ == ‘’:

• This evaluates to False, so the break does not execute. To make the body of the conditional
at line 6 execute (the break statement), I need a line that equals an empty string. This can
happen if:

– The text contains an empty line (two consecutive newlines)
– The text starts with a newline
– The text ends with a newline followed by nothing.

The simplest way is to provide text that contains an empty line. For example, ‘A\n’ would create
[‘A’, ‘’] when split; ‘A\n\n’ would create [‘A’, ‘’, ‘’] when split; ‘\n’ would create
[‘’, ‘’] when split. Let me use ‘A\n’ which will create two lines [‘A’, ‘’]. The loop will
first process ‘A’, then on the second iteration, line will be ‘’, making the condition line == ‘’
true, thus executing the break statement.

Figure 8: Incorrect splitlines() analysis: Here, the model misunderstands the edge cases in text processing.
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Error Category Reasoning Gemini-
2.5 Flash

GPT-5
Mini

Grok-4
Reasoning

Claude
Sonnet-4

Computation Errors: Arithmetic and type conversion faults Rexec 3 2 0 2
Rcf 2 0 2 2

Control Flow Errors: Incorrect predicate evaluation in loops or conditionals Rexec 3 0 0 1
Rcf 1 1 2 4

Lack of Fact Verification: Model fails to logically link input mutation to target
path, leading to a false result despite seemingly coherent reasoning steps

Rexec 0 1 1 5
Rcf 1 3 3 3

Native API Misevaluation: Hallucinations or errors related to standard library
behavior (e.g., string manipulation)

Rexec 1 0 0 1
Rcf 2 1 1 4

Prompt Misread: Model misinterprets the task objective, such as targeting the
execution line number rather than the branch body

Rexec 57 4 7 4
Rcf 18 0 5 3

Null Response: Model generates empty or incomplete outputs Rexec 90 40 0 2
Rcf 81 33 0 6

Output Format Errors: Test inputs under counterfactual reasoning violate the
function signature (e.g., providing a list instead of comma-separated values)

Rexec 0 0 0 0
Rcf 22 39 11 1

Misreporting Final Output: Model correctly infers which lines are executed
but inconsistently reports them in its final output (or vice versa)

Rexec 1 1 0 3
Rcf 0 0 0 0

Skipping Statements: Model omits one or more consecutively executed, exe-
cutable statements within the same basic block

Rexec 17 0 1 19
Rcf 0 0 0 0

Hallucination: Model marks non-executable lines as executed
Rexec 51 41 79 46
Rcf 0 0 0 0

Table 4: Error taxonomy for Gemini-2.5 Flash, GPT-5 Mini, Grok-4 Reasoning and Claude Sonnet-4 models across
three datasets, under both execution (Rexec) and counterfactual ( Rcf ) reasoning settings.
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