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Large language models (LLMs) have shown strong performance in static code tasks like code search, sum-
marization, and generation, but remain limited in dynamic code reasoning, which involves inferring how
programs behave during execution without actually running them. In this paper, we present T-REX, a novel
teacher-student framework for execution prediction that addresses these limitations by grounding LLM train-
ing in actual execution and corresponding execution semantics. T-REX uses a large teacher model (Explainer)
to generate fine-grained, stepwise natural language rationales explaining how program state transitions
from one statement to another during actual execution. These rationales are used to train a smaller student
model (Reasoner) to predict next program states, enabling accurate simulation of program behavior with
lower computational cost. Our execution-grounded, rationale-driven training aligns with transition-aware
execution semantics at the statement level, enhancing prediction accuracy. Our experiments show that T-REX
enables Reasoner to outperform much larger GPT-4o and GPT-4o-mini models across multiple dimensions of
runtime behavior prediction, while also aiding in static detection of runtime errors as well as in debugging.
Finally, we discuss how T-REX can be generalized to static emulation of any dynamic analysis through such a
teacher-student distillation, illustrating with the specific case of dynamic program slicing in Python.
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1 Introduction
Large language models (LLMs) have exhibited remarkable reasoning capabilities across a range of
source code-related tasks, including code search [5, 17, 41], code summarization [1, 13], and code
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generation [23, 31, 34, 47]. However, they remain significantly limited in dynamic code reasoning, i.e.,
reasoning about how a program behaves for specific test inputs without actual execution [6, 25, 32].
This stems primarily from LLMs being trained on static code representations, which lack explicit
runtime contexts and do not capture runtime behaviors. As a result, their ability to simulate
program execution by predicting program states and execution steps (collectively termed execution
prediction) without actual execution is fundamentally constrained.
Addressing the problem of execution prediction has the potential to unlock several important

applications where actual execution is infeasible or undesirable. First, while online forums are
rich sources of reusable code, such code is often buggy and vulnerable [20, 40, 46], and can break
client applications when adopted [12]. Static detection of runtime errors in online code snippets
through execution prediction and dynamic code reasoning can help mitigate risks and reduce
wasted adaptation effort. Second, execution prediction can assist developers in debugging in IDEs
(all without actual execution) by simulating runtime behavior and predicting variable states for a
statement or a sequence of statements up to a breakpoint in the current incomplete code. Third, in
the case of test case prioritization, actual execution would defeat its key goal. Execution prediction
can optimally identify untested or error-prone areas, thereby guiding the selection of test cases.
The state-of-the-art approaches for execution prediction can be broadly classified into three

lines of work. The first category used the expressiveness of sequence-to-sequence-based models
to learn execution patterns directly from code [4, 52]. Subsequent works adopted a pretrain-then-
finetune paradigm with Transformer-based models [45], improving execution prediction through
supervised training on curated run-time datasets [29]. Recently, CodeLlama [43] and GPT-4o [15]
were used with Chain-of-Thought (CoT) [49] prompting strategies to simulate step-wise program
execution [6, 25, 32]. NExT [33] enhances these prompting approaches with run-time contexts
by annotating program states as comments. However, they remain suboptimal when reasoning
through branching logic due to modeling input-output mappings, without explicitly learning how
state transitions occur at branching points. This leads to hallucinations and error propagation [9, 44].
To improve how LLMs handle control flow, PredEx [27] introduces a program analysis (PA)-

driven approach that combines LLMs with predictive backward slicing to first predict the branching
points. Orca [37] incorporates control flow graphs (CFGs) into ReAct-based planning [51] to also
enhance reasoning on branching statements. Both approaches require multiple inference steps over
LLMs with billions of parameters, making them prohibitively expensive to deploy at scale [19].

Humans learn programming by reasoning about control flow, variable states, and dependencies,
rather than by simply observing input-output mappings. The foundation of such reasoning is
captured by execution semantics, a specification used in traditional interpreters and compilers to
define dynamic program behaviors (Section 3.1). Recent work, e.g., SemCoder [10], has explored
grounding LLMs in such semantics by training on monologues: natural language descriptions of
how a program executes. However, it suffers two key limitations. First, such monologue descriptions
are predicted post-hoc from LLMs and not grounded in actual execution, in which the LLMs can
suffer from hallucinations and the monologues can contain logical inconsistencies in execution
reasoning (Fig. 1), thereby limiting the effectiveness of monologue-based execution prediction.
Second, these are still based on coarse-grained, input-output operational semantics, which abstract
away the causal structure of execution. Specifically, it does not explicitly model two critical aspects
of execution semantics: (1) program state transitions, and (2) updates to the program counter (i.e.,
the next statement to be executed). As a result, the explanations are not aligned with stepwise
state transitions, limiting the effectiveness of teaching an LLM in execution semantics.

In this work, we present T-REX, a framework that adopts the teacher-student learning paradigm
(also called knowledge distillation [19]) to train LLMs using fine-grained, stepwise execution

rationales that are grounded in actual execution. To this end, we first execute source code in
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the training dataset with their test inputs. Then, we leverage the code understanding capabilities
of a powerful teacher model (Explainer) to generate natural language explanations describing
how program state evolves at each execution step for different statement types in those collected
executions. Specifically, we prompt it to explain the application of operational rules of execution
semantics (Section 3.1) for each statement during execution in the training phase, guiding it to focus
on the two above aspects of execution semantics (program states and next statement). This mirrors
how a programming language instructor teaches students, applying operational rules to specific
statement examples. These capture changes to variable values and control flows, spanning a wide
range of program constructs, including control structures (e.g., conditionals, loops), operations
(e.g., assignments, updates), and function calls. We use these rationales to train a smaller model
(Reasoner), which, given a program and its current state, learns to predict the next state. This
enables Reasoner to simulate stepwise execution with lower computational overhead.
Each training instance with the rationales/explanations from the teacher model is an illustration

of how an individual statement should be executed according to its applicable execution seman-
tics rules, providing semantically structured supervision. Our training yields execution-grounded,
fine-grained, high-quality representations of program behavior. In contrast, prior approaches treat
execution as a black-box process, training LLMs on: raw execution data via pre-training or fine-
tuning [29, 33], input-output pairs [26, 33], or LLM-generated monologues on input-output opera-
tional semantics over entire code blocks [10], without modeling such transitions. Note that our
execution-grounded rationales (for each actual execution step) are more precise than LLM-generated
monologues [10] (e.g., SemCoder) since the latter requires the LLM to both predict and explain the
execution of a complete program. Importantly, in addition to grounding on actual execution, we
also establish verification mechanisms to ensure the high-quality generated rationales including
1) prompting the teacher model to output a fixed structure on program state, next statement, and
transition rationales, 2) reject sampling by filtering the incorrect samples, 3) restricting a small
context of only three statements for each training instance, and 4) manual sampling and verifying
a statistically significant portion of the rationales. We posit that our training enables Reasoner to
reduce hallucinations, internalize dynamic reasoning and generalize effectively across scenarios.

We also introduce a Stack-based Iterative Prompting Algorithm (SIPA) that prompts Reasoner
to serve as a predictive interpreter that simulates inter-procedural program execution step by
step, predicting both intermediate program states and full execution traces while maintaining the
call stack. We conducted an evaluation of T-REX, comparing the student against its teacher as well
as multiple state-of-the-art, code-specific LLMs in two popular benchmarks. T-REX helps achieve
significant improvements, with the best model outperforming GPT-4o mini and GPT-4o by an
average of 140.9% and 28.1% in next-statement prediction accuracy. Moreover, we assess T-REX’s
usefulness in predicting runtime behavior, including execution trace, code coverage, and program
outputs, as well as in two downstream tasks: 1) static detection of runtime errors and 2) debugging.

In brief, this work makes the following contributions:
(1) Novelty. A teacher-student framework for execution prediction with interpretable reasoning.
(2) A rationale-based supervision that grounds model training in actual execution and transition-

aware operational semantics, incorporating transition reasoning about code behaviors.
(3) Empirical Evaluation. An evaluation of T-REX, showing its usefulness in several tasks.
(4) Generalization. A generalization of T-REX in a static emulation of dynamic analyses. We

also illustrate our framework in a static approach for dynamic program slicing for Python.

2 Motivation
Several studies have explored using LLMs to simulate program execution [6, 32]. As an illustration,

consider the program in Fig. 1, inspired by an instance in the CodeNetMut dataset [29]. This program
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1 a = [5, 2, 9, 11]
2 maxa = max(a)
3 mini = [[] for _ in range(len(a))]
4 for i, v in enumerate(a):
5 r = maxa - 2 * v
6 if (v - r) % 2 == 1:
7 s = v - r + 1
8 else:
9 s = v - r + 2
10 mini[i] = [v, math.sqrt(s)]
11 mini.sort(key = lambda x: x[1])

Step Line Program State Updates

1 1 {a: [5,2,9,11]}
2 2 {maxa: 11}
3 3 {mini: [[],[],[],[]]}
4 4 {i: 0, v: 5}
5 5 {r: 1}
6 6 –
7 9 {s: 6}
8 10 {mini: [5,2.44945],[],[],[]}
9 4 {i: 1, v: 2}
10 5 {r: 7}
11 6 –
12 7 {s: -4}
13 10 ⟨CRASH⟩

Forward Monologue: Coarse-Grained Operational Semantics

Given Python function for the provided input, let’s analyze the code step by step. We have an array a=[5,2,9,11] and we need
to evaluate the operations defined in the code.
(1) maxa = max(a) computes the maximum value of the list a, which is 11.
(2) mini = [[] for _ in range(len(a))] initializes a list called mini with empty inner lists, having the same length as a, so

mini is [[],[],[],[]].
(3) The code then enters a loop where it processes each value in a using its index i and value v. We need to evaluate the

computations for each iteration in the loop.
(4) Iteration 0 (i = 0, v = 5):

(a) r = maxa - 2 * v −→ r = 11 - 2 * 5 = 1
(b) (v - r) % 2 becomes (5 - 1) % 2 −→ 4 % 2 −→ 0. So, execute the else block:

s = v - r + 2 −→ s = 5 - 1 + 2 = 6
(c) mini[0] = [v, math.sqrt(s)] −→ mini[0] = [5, sqrt(6)]

(5) Iteration 1 (i = 1, v = 2):
(a) r = 11 - 2 * 2 = 7
(b) (2 - 7) % 2 −→ (-5) % 2 −→ 1. This is odd, go to if block: s = 2 - 7 + 1 −→ s = -4
(c) mini[1] = [2, math.sqrt(-4)] results in a potential issue here because the square root of a negative number is not

defined in real numbers.
(6) Iteration 2 (i = 2, v = 9):

. . .
(7) Iteration 3 (i = 3, v = 11):

. . .
(8) After filling in mini, we have:

mini[0]=[5,sqrt(6)], mini[1]=[2,math.sqrt(-4)] (not a real number), mini[2]=[9,sqrt(18)], mini[3]=
[11,sqrt(24)]. Sorting mini using the second element of each inner list (which are square roots) will produce a sorted list.
However, because of math.sqrt(-4), this may result in an error or an invalid entry in a real scenario. At this point, the actual
sorted output of mini (neglecting the square root of negative number for practical reasons) cannot be determined correctly.

[ANSWER] Error due to math.sqrt(-4) [/ANSWER]

Fig. 1. Motivating example: (top-left) Python code snippet, (top-right) its execution trace table tracking updates
to program state, and (bottom) forward monologue representing (input-output) operational semantics [10].

crashes due to a “ValueError: math domain error”, arising from s attaining a negative value in math.
sqrt(s) on line 10. In this case, s attains the value -4 in the second iteration of the for-loop on line 4. To
statically detect such runtime errors, LLMs need a deeper understanding of how each computation
and conditional logic affect variable states at each step. However, state-of-the-art LLMs misinterpret
complex control structures, such as treating mutually exclusive if-else branches as independent and
sometimes predicting both branches as executed [6, 9]. That is, they are limited in understanding
execution semantics–the operational rules that govern how programs behave at runtime.

Observation 1 (Limitations in Dynamic Code Reasoning). LLMs tend to simulate code reason-
ing by relying on statistical co-occurrence patterns captured during pretraining, rather than modeling
the stepwise transitions governing dynamic behaviors. As such, they hallucinate about control flow,
misinterpret the sequences of statements, fail to update the program state across consecutive steps.
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To bridge this gap, recent approaches (e.g., SemCoder [10]) have proposed training on LLM-
generated monologues, i.e., high-level natural language texts produced by large models such as
GPT-4o-mini [10]. However, the monologue approach has two key limitations. First, they are
predicted by GPT-4o-mini explaining the execution of entire coarse-grained code snippets (e.g., a
function), which makes them prone to hallucinations. For instance, SemCoder prompts an LLM
to produce the monologue for the function in Fig. 1 (top-left). The model correctly identifies the
loop structure, while also flagging a potential error due to computing math.sqrt(-4) (highlighted
in yellow). Yet, it fails to recognize that this error would terminate the program, and continues
analyzing subsequent iterations as if execution proceeds normally (highlighted in blue). Second, the
monologues focus on input-output operational semantics and fail to capture the causal relations of
program state observed during execution. As seen in Fig. 1 (bottom), themonologues do not explicitly
reflect critical aspects of execution: (1) program state transitions and (2) the next statement to be
executed. Thus, the model violates the exceptional behavior rule (Fig. 3) and continues execution
even after encountering sqrt(-4). In brief, the monologues for execution prediction produced by LLMs
without grounding in actual execution suffers from hallucinations, and lacks the details about causal
relations of state transitions in execution–making them coarse-grained and prone to inaccuracies.

We propose training LLMs to internalize execution semantics by grounding their reasoning in:
1) Operational rules, i.e., formalisms that define how each statement (e.g., conditionals, loops,

function calls) transforms program state during execution (see Section 3.1). Rather than relying on
coarse-grained, input-output mapping, monologue-style supervision, we utilize fine-grained natural
language explanations aligned with the two aspects of operational rules (program state transition
and next statement), which we refer to as transition-aware execution rationales.
2) Actual execution: to reduce the hallucinations from LLMs in generating monologues, we

perform actual execution and leverage LLMs only to generate the rationales/explanations on
stepwise execution for each statement focusing on the two above aspects. Producing explanations
for an actual, correct execution is considerably more accurate for LLMs than predicting the execution
itself and explaining it as in SemCoder’s monologues, which is a core limitation of these LLMs.

In this example, we ran the Python source code to collect its execution trace. We then extracted
the part of the execution trace corresponding to three statements at a time together with the entire
source code (and its inputs). We used them to prompt GPT-4o-mini to reason about each statement
by considering the current program state, evaluating the execution of its sub-constituents (e.g., the
condition expression, true/false branches), and determining the updates to variable values and the
next statement to be executed. Specifically, we guide the model to follow the logic of the relevant
execution semantic rule—such as the if rule shown in Fig. 3—being applied to the if statement at
line 6 in Fig. 1. This helps the model understand, e.g., why the condition (v - r)%2==1 evaluates to
true or false, and how that evaluation influences the updates to mini[i] and s during each iteration.
Fig. 2 shows a simplified version of our verbalized execution rationales for the example, focusing
on program state transitions and next statement. The full verbal details are shown in Fig. 4 (right).

Key Idea 1 (Grounding in Verbalized Operational Rules). By post-training LLMs on natural-
language execution rationales that are aligned with formal operational rules, we enable the models to
internalize how a program changes its state during execution and transits to the next statement.

As shown in Fig. 1, SemCoder [10] employs an LLM for predicting execution along with textual
monologues, but it hallucinates beyond the actual crash point, thereby violating execution semantics.
In contrast, when provided with the actual execution trace, asking the LLM to explain program states
and the transitions to subsequent statements is simpler and reduces hallucinations (Fig. 2), thereby
improving the learning effectiveness. The rationale is that producing execution rationales for an
actual execution for an LLM is much easier than predicting that execution itself as in SemCoder.

Proc. ACM Program. Lang., Vol. 10, No. OOPSLA2, Article 320. Publication date: October 2026.



320:6 Yan Wang, Ling Ding, Jiechen Sun, Tien N. Nguyen, Shaohua Wang, Aashish Yadavally, Xin Xia, and Yanan Zheng

T-REX: Fine-Grained, Stepwise Rationales

(1) Line 1: a = [5, 2, 9, 11]
(a) Before: 𝑎 undefined.
(b) Analysis: assign list.
(c) State: a = [5, 2, 9, 11]
(d) Next: line 2

(2) Line 2: maxa = max(a)
(a) Before: a = [5, 2, 9, 11]; maxa undefined.
(b) Analysis: compute max([5, 2, 9, 11]) = 11.
(c) State: maxa = 11.
(d) Next: line 3.

(3) Line 3: mini = [[] for _ in range(len(a))]
(a) Before: a has length 4; mini undefined.
(b) Analysis: . . .
(c) State: mini = [[], [], [], []]
(d) Next: line 4

(4) Line 4: for i, v in enumerate(a):
(a) Before: a = [5, 2, 9, 11]
(b) Analysis: . . .
(c) State (Iteration #0 begins): i = 0, v = 5
(d) Next: line 5 (inside loop).

(5) Iteration #0 (i = 0, v = 5)
(6) Line 5: r = maxa - 2 * v
(a) Before: maxa = 11, v = 5
(b) Analysis: . . .
(c) State: r = 1
(d) Next: line 6

(7) Line 6: if (v - r) % 2 == 1:
(a) Before: v = 5, r = 1
(b) Analysis: v - r = 5 - 1 = 4; 4 % 2 = 0; condition 0 == 1
(c) State: because the condition 0 == 1 is False, the else

branch is next.
(d) Next: line 9 (else branch).

T-REX: Fine-Grained, Stepwise Rationales

(9) Line 9: s = v - r + 2
(a) Before: v - r = 4
(b) Analysis: . . .
(c) State: s = 6
(d) Next: line 10.

(10) Line 10: mini[i] = [v, math.sqrt(s)]
(a) Before: mini = [[], [], [], []], i = 0, v = 5, s = 6
(b) Analysis: . . .
(c) State: mini = [[5, 2.449489743...], [], [], []]
(d) Next: loop continues back to line 4 header for next

iteration.
(11) Iteration #1 (i = 1, v = 2)
(12) Line 5: r = maxa - 2 * v

(a) Before: maxa = 11, v = 2
(b) Analysis: . . .
(c) State: r = 7
(d) Next: line 6.

(13) Line 6: check condition if (v - r) % 2 == 1:
(a) Before: v = 2, r = 7
(b) Analysis: . . .
(c) State: condition 1 == 1 is True
(d) Next: condition is true, line 7 (then-branch) is next.

(14) Line 7: s = v - r + 1
(a) Before: v - r = -5
(b) Analysis: . . .
(c) State: s = -4
(d) Next: line 10.

(15) Line 10: mini[i] = [v, math.sqrt(s)]
(a) Before: i = 1, v = 2, s = -4
(b) Analysis: math.sqrt(-4): raises ValueError
(c) State: exception raised.
(d) Next: loop is aborted. Stop.

Fig. 2. T-REX framework: An example of transition-aware, stepwise execution rationales for Python code

snippet in Fig. 1, derived from grounding in actual execution information (see Section 4.2.2 for illustrations

for different statement types).

Key Idea 2 (Grounding in Actual Execution). By post-training a smaller LLM on natural-
language execution rationales—generated by larger LLMs that explain actual program executions—we
enable the model to ground its reasoning in correct program states and correct transitions to the
next statements, substantially reducing hallucinations that arise when LLMs must predict execution
behavior directly along with explanations.

We adopt a teacher-student learning framework, where a large teacher model produces high-
quality execution rationales from annotated examples, and a smaller student model learns to
simulate stepwise execution from these rationales. In the example, the teacher explicitly verbalizes
why condition (v-r)% 2 == 1 evaluates as it does, and how that drives updates to s, eventually resulting
in a runtime error. This mirrors how a teacher instructs a student by applying an operational rule
to specific statement example (Fig. 4 (right)). These rationales serve as human-readable bridges
between formal semantics and model comprehension, allowing a smaller model to learn not just
what happens during execution, but also why and how it does. We posit that this enables the student
model to extrapolate this knowledge, supporting cost-effective and execution-free dynamic analyses.

Key Idea 3 (Teacher-Student Learning to Distill Execution Rationales). We enable
efficient execution-free dynamic code reasoning by using a much larger teacher model to generate
fine-grained, execution-grounded, transition-aware execution rationales, which are then distilled into
a smaller student model via supervised fine-tuning.
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To realize this idea, we adopt a teacher–student learning framework. The central motivation
is that a teacher can expose structured supervision beyond input–output pairs. By producing stepwise,
transition-aware rationales, the more powerful teacher model provides an explicit training signal
that encourages the student model to internalize operational semantics (e.g., state updates and
control-flow transitions) rather than merely memorizing the program’s input/output mappings.
This design choice is particularly important for execution-free reasoning, where ungrounded

intermediate steps can easily drift. First, it improves grounding: because rationales are conditioned
on the actual execution traces produced during offline instrumentation, the supervision remains
faithful to program execution and reduces hallucinated intermediate states. Second, producing
explicit rationales yields interpretability: they are human-readable, enabling direct inspection for
debugging and error analysis. Third, the teacher–student split also delivers lightweight deploy-

ment. All instrumentation and rationale generation is done once offline, amortizing cost across
training data, while the deployed student remains smaller, a practical requirement for general use.
Inference Granularity. During debugging, users examine the program state, such as variable

values, to identify and fix errors [38]. In the example, this involves tracking the execution flow step-
by-step leading up to the crash on line 10, specifically how variables v, r, and s are updated across
loop iterations. Such stepwise information is essential for debugging root causes and providing
actionable feedback. Beyond debugging, other dynamic analyses like dynamic slicing also rely on
accurate, fine-grained predictions of control flow and program state transitions (see Section 11).

Observation 2 (Inference Granularity). Generalizable dynamic code reasoning requires task-
appropriate prediction granularity, ranging from fine-grained stepwise reasoning over individual
statements to high-level program behaviors.

We design the student model to reason iteratively, predicting the next executed statement
and its effect on the program state. In the example, this involves tracking how mini and s evolve.
This inference enables the construction of execution traces by stepwise prediction, capturing the
evolving program state at a step. In turn, this enables dynamic code reasoning in a range of analyses.

Key Idea 4 (Stepwise Inference via Iterative Prompting). Iteratively prompting the student
model to stepwise predict program states enables an extrapolation of fine-grained dynamic behaviors.

3 Important Concepts
3.1 Execution Semantics
The execution semantics of a program 𝑃 = {𝑠1, 𝑠2, . . . , 𝑠𝑛} defines how a statement 𝑠𝑖 transitions
from one program state to another during execution. Formally, a program state is represented as a
pair ⟨𝑠, 𝜎⟩, where 𝑠 is the current statement to be executed, and 𝜎 is the current store (i.e., a mapping
from memory locations 𝑙𝑣 associated with variable 𝑣 to its value), representing program states. Each
memory location 𝑙 uniquely identifies a variable and encodes sufficient scoping information to
distinguish variables with the same name in different scopes. For example, two variables 𝑣 defined in
different blocks will be associated with distinct locations 𝑙 , such as 𝑙 (1)𝑣 and 𝑙 (2)𝑣 , to avoid ambiguity.
The semantics of executing a statement 𝑠 under store 𝜎 is formalized by the transition relation:

⟨𝑠, 𝜎⟩ ⇒ ⟨𝑠′, 𝜎 ′⟩
indicating that 𝑠 , when executed in state 𝜎 , takes a single computation step to 𝑠′, producing an
updated store 𝜎 ′. In addition, execution may also result in terminal configurations:

⟨𝑠, 𝜎⟩ ⇒ ⟨𝑠′, 𝜎 ′⟩|⟨𝑠, 𝜎⟩ ⇒ halt(𝜎 ′) |⟨𝑠, 𝜎⟩ ⇒ error(𝑒𝑥𝑝, 𝜎)
where halt(𝜎) denotes a successful termination and error(𝑒𝑥𝑝 , 𝜎) denotes an unexpected one due
to an exception 𝑒𝑥𝑝 . Fig. 3 shows an excerpt of the execution semantics for statements in Python.
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1. Assignment Statement 𝑥 := 𝑒𝑥𝑝𝑟

𝜎 ⊢ 𝑒𝑥𝑝𝑟 ⇓ 𝑣
⟨𝑥 := 𝑒𝑥𝑝𝑟, 𝜎 ⟩ ⇒ ⟨𝑠𝑛𝑒𝑥𝑡 , 𝜎 [𝑙𝑥 ↦→ 𝑣 ] ⟩

2. If Statement if 𝑐𝑜𝑛𝑑 then 𝑠𝑡𝑟𝑢𝑒 else 𝑠𝑓 𝑎𝑙𝑠𝑒
- (If–True). If condition 𝑐𝑜𝑛𝑑 evaluates to𝑇𝑟𝑢𝑒 :

𝜎 ⊢ 𝑐𝑜𝑛𝑑 ⇓ true
⟨if 𝑐𝑜𝑛𝑑 then 𝑠𝑡𝑟𝑢𝑒 else 𝑠𝑓 𝑎𝑙𝑠𝑒 , 𝜎 ⟩ ⇒ ⟨𝑠𝑡𝑟𝑢𝑒 , 𝜎 ⟩

- (If–False). If condition 𝑐𝑜𝑛𝑑 evaluates to 𝐹𝑎𝑙𝑠𝑒 :

𝜎 ⊢ 𝑐𝑜𝑛𝑑 ⇓ false
⟨if 𝑐𝑜𝑛𝑑 then 𝑠𝑡𝑟𝑢𝑒 else 𝑠𝑓 𝑎𝑙𝑠𝑒 , 𝜎 ⟩ ⇒ ⟨𝑠𝑓 𝑎𝑙𝑠𝑒 , 𝜎 ⟩

3. Loop Statement while 𝑐𝑜𝑛𝑑 do 𝑠𝑏𝑜𝑑𝑦
- (If–True). If condition 𝑐𝑜𝑛𝑑 evaluates to𝑇𝑟𝑢𝑒 :

𝜎 ⊢ 𝑐𝑜𝑛𝑑 ⇓ true
⟨while 𝑐𝑜𝑛𝑑 do 𝑠𝑏𝑜𝑑𝑦 , 𝜎 ⟩ ⇒ ⟨𝑠𝑏𝑜𝑑𝑦 ;while 𝑐𝑜𝑛𝑑 do 𝑠𝑏𝑜𝑑𝑦 , 𝜎 ⟩
Here, ; denotes executing the body and then re-evaluating
the loop.

- (If–False). If condition 𝑐𝑜𝑛𝑑 evaluates to 𝐹𝑎𝑙𝑠𝑒 :

𝜎 ⊢ 𝑐𝑜𝑛𝑑 ⇓ false
⟨while 𝑐𝑜𝑛𝑑 do 𝑠𝑏𝑜𝑑𝑦 , 𝜎 ⟩ ⇒ ⟨𝑠𝑛𝑒𝑥𝑡 , 𝜎 ⟩

𝑠𝑛𝑒𝑥𝑡 is the next statement after the while loop in the code.

4. For Statement for _ in range (𝑒𝑥𝑝𝑟 ) 𝑠𝑏𝑜𝑑𝑦

𝜎 ⊢ 𝑒𝑥𝑝𝑟 ⇓ 𝑣 and 𝑣 >= 1
⟨for _ in range (𝑒𝑥𝑝𝑟 ), 𝜎 ⟩ ⇒ ⟨𝑠𝑏𝑜𝑑𝑦 ; for _ in range (𝑣-1), 𝜎 ⟩

𝜎 ⊢ 𝑒𝑥𝑝𝑟 ⇓ 1
⟨for _ in range (𝑒𝑥𝑝𝑟 ), 𝜎 ⟩ ⇒ ⟨𝑠𝑏𝑜𝑑𝑦 , 𝜎 ⟩

5. Block 𝑠1; 𝑠2; ...; 𝑠𝑛
- (Seq–L). If 𝑠1 can take a step to 𝑠′1 , then 𝑠1; 𝑠2; ...; 𝑠𝑛 takes a
step to 𝑠′1; 𝑠2; ...; 𝑠𝑛 :

⟨𝑠1, 𝜎 ⟩ ⇒ ⟨𝑠′1, 𝜎 ′ ⟩
⟨𝑠1; ...; 𝑠𝑛, 𝜎 ⟩ ⇒ ⟨𝑠′1; ...; 𝑠𝑛, 𝜎 ′ ⟩

- (Seq–R). If 𝑠1 completes (i.e., reduces to a new state 𝜎 ′), then
𝑠1; 𝑠2; ...; 𝑠𝑛 proceeds to execute 𝑠2 in state 𝜎 ′ :

⟨𝑠1, 𝜎 ⟩ ⇒ ⟨∅, 𝜎 ′ ⟩
⟨𝑠1; 𝑠2; ...; 𝑠𝑛, 𝜎 ⟩ ⇒ ⟨𝑠2; ...; 𝑠𝑛, 𝜎 ′ ⟩

Both Seq-L and Seq-R imply that 𝑠1 must fully execute before 𝑠2
begins.

6. Function Invocation 𝑥 := 𝑓 (𝑎𝑟𝑔1, ..., 𝑎𝑟𝑔𝑛 ) ,

where 𝑓 has a body 𝑠𝑓

𝜎 ⊢ 𝑎𝑟𝑔1 ⇓ 𝑣𝑎𝑙1 ...𝑎𝑟𝑔𝑛 ⇓ 𝑣𝑎𝑙𝑛∀𝑖 : 𝜎 ′ = [𝑝𝑎𝑟𝑎𝑚𝑖 ↦→ 𝑣𝑎𝑙𝑖 ]
⟨𝑥 := 𝑓 (𝑎𝑟𝑔1, ..., 𝑎𝑟𝑔𝑛 ), 𝜎 ⟩ ⇒ ⟨𝑠𝑓 ; return-to 𝑥, 𝜎 ′ ⟩

7. Return Statement return 𝑒𝑥𝑝𝑟

𝜎 ⊢ 𝑒𝑥𝑝𝑟 ⇓ 𝑣
⟨return 𝑒𝑥𝑝𝑟 ; return-to 𝑥, 𝜎 ⟩ ⇒ ⟨𝑠𝑛𝑒𝑥𝑡 , 𝜎 [𝑥 ↦→ 𝑣 ] ⟩

8. Exception Statement raise 𝑒𝑥𝑝

𝜎 ⊢ 𝑠 ⇓ 𝑒𝑥𝑝
⟨𝑠, 𝜎 ⟩ ⇒ error(𝑒𝑥𝑝, 𝜎 )

9. Termination Rule

⟨𝑠𝑓 𝑖𝑛𝑎𝑙 , 𝜎 ⟩ ⇒ halt(𝜎 )

Notations:

- 𝜎 ⊢ 𝑒𝑥𝑝𝑟 ⇓ 𝑣 denotes evaluation of 𝑒𝑥𝑝𝑟 under state 𝜎 ,
yielding value 𝑣.
- 𝜎 [𝑙𝑥 ↦→ 𝑣 ] denotes the store obtained by updating 𝜎 so
that location 𝑙𝑥 now maps to 𝑣, i.e., variable 𝑥 is assigned
with the value 𝑣.
- ; denotes sequential composition; Seq-Lmeans left-hand side
evaluation and Seq-R means completion and progression.
- 𝑝𝑎𝑟𝑎𝑚𝑖 s are the formal parameters of function 𝑓 .
- 𝑣𝑎𝑙𝑖 s are the evaluated actual arguments.
- return-to 𝑥 denotes assigning the function’s return value to
the variable 𝑥 .
- 𝑒𝑥𝑝 is the exception/error raised by the execution of 𝑠 .

Fig. 3. An excerpt of execution semantics for procedural programming languages (e.g., Python).

3.2 Execution Prediction
We aim to train LLMs to internalize the reasoning process on program state transitions via small-
step operational rules (as in Section 3.1). That is, the model would learn from the explanation of
the application of each formal semantic rule to the specific program statement to infer the program
state changes and transitions to the next statement during execution.

Given a test input, execution prediction refers to the task of determining how a program evolves
during its execution. In particular, we are interested in predicting both the program state resulting from
the execution of a given statement as well as the next statement that will be executed. For a program
𝑃 = {𝑠1, 𝑠2, . . . , 𝑠𝑛}, let I = {𝐼1, 𝐼2, ..., 𝐼𝑚} represent the set of possible inputs. For each 𝐼𝑖 ∈ I, the
execution of 𝑃 produces a trace 𝑇𝑖 = ⟨⟨𝑠1𝑖 , 𝜎1

𝑖 ⟩, ⟨𝑠2𝑖 , 𝜎2
𝑖 ⟩, . . . , ⟨𝑠

|𝑇𝑖 |
𝑖

, 𝜎
|𝑇𝑖 |
𝑖
⟩⟩, where in each pair, 𝑠𝑘𝑖 ∈ 𝑃

corresponds to the statement executed at step 𝑘 , and 𝜎𝑘𝑖 denotes the program state immediately
after the execution of 𝑠𝑘𝑖 . We define the state 𝜎0

𝑖 as the initial state (the values of variables) prior
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Prompt to Teacher LLM for Generating

Fine-Grained Execution Rationales

. . . . . . . . . . . . . . . .Input Code.
⟨Line 1⟩ X = 13; Y = 3; Z = 1
⟨Line 2⟩ ans = 0
⟨Line 3⟩ X -= Z
⟨Line 4⟩ for _ in range(X):
⟨Line 5⟩ if X < (Y + Z):
⟨Line 6⟩ print(ans)
⟨Line 7⟩ return
⟨Line 8⟩ else:
⟨Line 9⟩ ans += 1
⟨Line 10⟩ X -= (Y + Z)

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .Current Program State. Suppose that the code is going
to execute ⟨Line 1⟩ {X=13; Y=3, Z=1}. The current values
of the variables are {}.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .Number of subsequent executed statements. 3

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .Execution trace and the values of variables

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .after executing each statement.
⟨Line 1⟩ {’X’: 13, ’Y’: 3, ’Z’: 1}
⟨Line 2⟩ {’X’: 13, ’Y’: 3, ’Z’: 1, ’ans’: 0}
⟨Line 3⟩ {’X’: 12, ’Y’: 3, ’Z’: 1, ’ans’: 0}
⟨Line 4⟩ {This statement will NOT be executed}

. . . . . . . . . . . . . . . . .Instruction. Given the code, current program state, and
subsequent execution result, please analyze each state-
ment’s execution. For each statement in the three state-
ments, indicate line number first and describe variable
value changes after executing this statement, and finally
point out the next statement to be executed. If the entire
program ends after the statement execution, additionally
indicate that the code execution has finished...

An Example of Execution Rationales Output by

Teacher LLM

Line: 1
Analysis: The first line of code initializes the variables
X, Y, and Z with the values 13, 3, and 1, respectively.
Since these variables are being assigned their initial
values, we can now track their states. After executing
this statement, the variable dictionary contains X as
13, Y as 3, and Z as 1.
State: {’X’: 13, ’Y’: 3, ’Z’: 1}
Next Statement: 2

Line: 2
Analysis: In this line, we initialize the variable ans to
0. This step sets up ans for use in the forthcoming loop
to keep track of how many times we can reduce X by
the sum of Y and Z. At this point, the variable states
reflect that ans has been added, while X, Y, and Z remain
unchanged.
State: {’X’: 13, ’Y’: 3, ’Z’: 1, ’ans’: 0}
Next Statement: 3

Line: 3
Analysis: This line executes the operation X -= Z, which
decreases X by the value of Z. Consequently, X is updated
from 13 to 12. This statement effectively prepares X for
the loop that follows, ensuring that it accurately reflects
the current state before entering the loop. The other
variables Y, Z, and ans remain unchanged.
State: {’X’: 12, ’Y’: 3, ’Z’: 1, ’ans’: 0}
Next Statement: 4

Fig. 4. (left) Prompt to Explainer to generate fine-grained execution rationales; (right) corresponding output.

to the execution of the first statement 𝑠1𝑖 . Formally, given a program 𝑃 , a corresponding input
∀𝐼𝑖 ∈ 𝐼 , a statement 𝑠𝑘𝑖 and its preceding state 𝜎𝑘−1𝑖 (∀𝑘 ∈ (1, |𝑇𝑖 |)), the student LLMM in T-REX
can correctly reason about the execution of 𝑠𝑘𝑖 , i.e.,

𝜎̂𝑘𝑖 = 𝜎𝑘𝑖

𝑠𝑘+1𝑖 = 𝑠𝑘+1𝑖

where 𝜎̂𝑘𝑖 and 𝑠𝑘+1𝑖 are the predictions of 𝑘 + 1 statement in 𝑃𝑖 and the next state 𝜎𝑘+1𝑖 in𝑇𝑖 fromM.

4 T-REX: Reasoning on Program Execution
In this work, we post-train LLMs with execution rationales, i.e., natural language explanations that
are grounded in actual execution and explicitly verbalize the program state transitions for each
statement in the training code.
We first execute complete source code with different inputs, capturing the execution trace and

variables’ values. We follow the execution order and extract the execution trace for three statements
at a time. With that data and the source code of the currently processed method, we then prompt the
larger Explainer LLM to generate fine-grained execution rationales that verbalize transition-aware
operational semantics rules, illustrating how each rule is applicable to a specific program statement,
resulting state transition to the next statement at runtime (Section 4.1). We use these rationales to
post-train a smaller Reasoner LLM, which during inference, is tasked with predicting program
behaviors including next statements and program states. For a program, this reasoning process is
conducted stepwise using an inter-procedural, iterative prompting strategy (Section 4.2.3).
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4.1 Explainer: Teacher LLM in T-REX
To verbalize the application of execution semantics and train Reasoner, we focus on three classes
of statements: sequential, branching, and exception. For each category, we construct training samples
that follow localized execution steps and explain intermediate program state transitions. Specifically,
we follow a program’s execution trace, process each method in the call graph, and its statements.
For sequential and branching samples, we extract three consecutively executed statements from the
execution trace from actual execution, and their program states. In the case of sequential samples,
these are drawn from consecutive lines in the trace. For branching samples, we ensure that at
least one control-flow-altering statement (e.g., if, for) is included, resulting in non-consecutive line
numbers. In the prompt (Fig. 4, (left), “Instruction”), we instruct Explainer to focus on program
states, transitions, and next statement as in execution semantics. We provide execution results
for the selected statements in the “Execution trace and values of variables...” section (blue box). To
provide the context, we include the code of the currently processed method (“Input Code”).

Prompt in T-REX for Injecting Runtime Errors

. . . . . . . . . . . . . . . . . . . . .Input Program. . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .Execution Intermediate Result. They are the execution re-
sults for a statement, provided by the runtime environment:
. . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . .Python Error Types.
– NameError: A name that is not defined
– ZeroDivisionError: Division or modulo by zero occurs
– IndexError: A sequence index is out of range
– KeyError: A dictionary key is not found
– TypeError: An operation/function is applied to an object

of inappropriate type
– UnboundLocalError: Accessing a local variable before as-

signed
– ValueError: An operation/function receives an argument

with inappropriate value

. . . . . . . . . . . . . . . . .Instruction. Given the code and its intermediate execution
result, modify, add, or remove statements in the code to pro-
duce one of the error types listed in Python error types. Pro-
vide your analysis in the following format for each statement:

. . . . . . . . . . . . .Analysis. [ . . . ]

. . . . . . . . . . . . . . . . . . . .Modified Code. [ . . . ]

. . . . . . . . .Check. [ . . . ]

Fig. 5. Prompt in T-REX for generating buggy programs.

For exception code samples, we consider
seven commonly encountered Python error
types (listed in Fig. 5). Since such cases are
under-represented in our benchmark datasets
(in Section 6), we generate new errors by mu-
tating existing programs, through insertion,
deletion, or mutation of a statement, to trigger
a specified runtime error. Fig. 5 illustrates the
prompt used to introduce such modifications.
Moreover, as with the sequential and branch-
ing samples, we aggregate the prompt to LLMs
to generate natural language explanations for
the exception-raising statements.
Importantly, we utilize verification mech-

anisms to ensure the high-quality generated
rationales. First, in addition to grounding in
actual execution, we prompt the Explainer
to output a fixed structure including program
states, next statements, and transition ratio-
nales, serving as per-statement training in-
stances (Fig. 4, (right)). Second, we then also
apply reject sampling by filtering the incorrect samples whose program states and next statements do
not match with ground-truth execution data. Third, we restrict a small context of only three already-
executed statements for each training instance, reducing hallucinations. Finally, we randomly
sample and verify a statistically significant portion of the generated rationales. Our verification
schemes, combined with execution grounding, enable Reasoner to generalize to the new testing
dataset HumanEval (Section 6), indicating robustness against residual noise in the generated texts.

4.2 Reasoner: Student LLM in T-REX
4.2.1 Training with Execution Rationales. To post-train Reasoner using execution rationales, we
employ causal language modeling (CLM), a learning objective that trains it to predict the next
token based on the preceding context (see the prompt in Fig. 6). To help Reasoner internalize
reasoning about execution semantics and program state transitions, we supervise it with the
execution rationales from Explainer (highlighted in yellow in Fig. 4 (right) and Fig. 6).
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Formally, let D = {tr1, tr2, ..., tr𝑁 } denote the training dataset, where each training sample
tr𝑖 = (c𝑖 , r𝑖 ) consists of the prompt context c𝑖 (representing a specific statement) and the respective
execution rationale r𝑖 distilled from Explainer. Let𝑤 c𝑖

𝑗
and𝑤 r𝑖

𝑘
denote the 𝑗-th token in c𝑖 and the

𝑘-th token in r𝑖 , respectively. The training objective is to minimize the negative log-likelihood of
generating each token in r𝑖 , conditioned on the prompt and previously generated rationale tokens:

L = − 1
𝑁

𝑁∑︁
𝑖=1

|r𝑖 |∑︁
𝑡=1

log 𝑃 (𝑤 r𝑖
𝑡 | c𝑖 ,𝑤

r𝑖
1 , . . . ,𝑤

r𝑖
𝑡−1) (1)

Note that we fine-tune Reasoner one statement at a time within the program context to promote
localized, transition-aware learning. As a result, Reasoner learns to internalize verbalized execution
rationales corresponding to the formal operational rules in Fig. 3.

Prompt to Reasoner for Stepwise Execution Prediction

. . . . . . . . . . . . . . . . . . . . .Input Program. . . . . . .

. . . . . . . . . . . . . . . . . . . .Program State. . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .Number of subsequent executed statements. 1

. . . . . . . . . . . . . . . . .Instruction. Given the code, current program state, and number
of subsequent executed statements, analyze each statement’s ex-
ecution WITHIN the number of subsequent executed statements.
For each statement, first indicate the line number, then describe
the variable values after executing this statement, and finally
point out the next statement to be executed. If a statement en-
counters an error during execution, analyze its cause and type.
If the entire program ends after executing a statement, indicate
that the code execution has finished. Provide your analysis in
the following format for each statement:

. . . . . . . . . . . .Number. [ Index number of executed statement ]

. . . . . . . . . . . . .Analysis. [ Step-by-step explanation of the execution progress
in a single paragraph without enumeration and enumeration
symbols. ]
. . . . . . .State. [ Values of the variables in a dictionary format if the
statement in executable, the error type if the statement encoun-
ters any error, or the label ’completion’ if the entire program
ends after the statement execution. ]
. . . . . . . . . . . . . . . . . . . . . .Next Statement. [ Index of the statement to be executed next
or the error type if the statement encounters any error or
the label ’completion’ if the entire program ends after the
statement execution. ]

Fig. 6. Prompt to Reasoner in T-REX.

We prioritize supervised fine-tuning
(SFT) over Reinforcement Learning from
Human Feedback (RLHF) due to the fol-
lowing. The Explainer produces trace-
conditioned, transition-aware execution ra-
tionales, which provide explicit token-level
targets; thus, maximizing negative log-
likelihood (NLL) with causal language mod-
eling (CLM) directly optimizing the same
next-token generation behavior used at in-
ference time. Moreover, RLHF would incur
a larger engineering and compute burden.
Beyond an SFT initialization, it requires pref-
erence data and reward modeling, and the
subsequent RL stage (e.g., PPO) commonly
requires training and serving several mod-
els simultaneously (Policy, Reference, Critic,
Reward), which could increase GPU mem-
ory use and training cost. Since NLL-based
distillation delivers strong improvements in
our results (Section 6), we focus on SFT for
efficiency, and leave RLHF/contrastive vari-
ants for future work.

4.2.2 Illustration: Code→ Applied Operational Rule→ Verbalized Rationale. Let us use different
types of program statements from the Python code in Fig. 4 to illustrate the rules and the corre-
sponding verbalized rationales/explanations. In the following, we will state the line of code and the
position in the execution trace unless it is unique.
(1) Assignment: X = 13; Y = 3; Z = 1 → Rule 1 is applied.

Rationale: The first line of code initializes the variables . . . executing this statement, variable
dictionary contains X as 13, Y as 3, and Z as 1 (see “Analysis” for Line 1 in Fig. 4, right).

(2) ‘For’ statement: for _ in range(X) (First iteration) → Rule 4 is applied.
Rationale: Before this statement, X=12. range(X) is evaluated once now as range(12). The loop
will attempt up to 12 iterations unless a break is hit. The loop variable _ is independent of X.

(3) ‘If’ statement: if X < (Y + Z) (First iteration) → Rule 2 (If-False) is applied.
Rationale: Before this statement, X=12, Y+Z=4". Check the condition: 12 < 4→ False.
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(4) ‘Block’ statement: print(ans); break (Iteration 4, i.e., _ = 3) → Rule 5 is applied.
Rationale: print(ans) is executed first, outputting 3 to stdout.

(5) ‘Return’ statement: return → Rule 7 is applied.
Rationale: Exit the method immediately. There is no more code; program ends.

4.2.3 Stepwise Inference via Stack-based Iterative Prompting (SIPA). This section presents our
iterative prompting strategy for Reasoner to simulate code execution, one statement at a time.
Given the current statement and program state, it predicts both next statement and updated program
state to which the execution flows. Note that a naive statement-by-statement strategy is insufficient
to model execution flow across caller-callee boundaries. Thus, we design a stack-based prompting
scheme that mimics inter-procedural execution in a Python interpreter (Algorithm 1, SIPA).

Algorithm 1. Stepwise Inference

Input:𝐶 = {𝑠1, . . . , 𝑠𝑛 }, stop condition 𝑟 , index 𝑖 (first statement to
be executed), program state 𝑝𝑖−1, LLM𝑀 , prompt 𝑝𝑟
Output: Execution record 𝐸
1: 𝑓 𝑙𝑎𝑔_𝑟 ← False, 𝐸 ← [], 𝑗 ← 0, 𝑆𝑡𝑎𝑐𝑘 ← []
2: while not 𝑓 𝑙𝑎𝑔_𝑟 do

3: if not callingOrReturnCheck(𝑠𝑖 ) then
4: 𝐸.append( (𝑠𝑖 , 𝑝𝑖−1 ) )
5: 𝑜 ← 𝑀 (𝑝𝑟 (𝑠𝑖 , 𝑝𝑖−1 ) ) ⊲ Call Reasoner
6: 𝑓 𝑙𝑎𝑔_𝑟 ← CheckCondition(𝑜, 𝑟, 𝑗 )
7: if 𝑓 𝑙𝑎𝑔_𝑟 then

8: return 𝐸

9: (𝑖, 𝑝𝑖−1 ) ← ExtractInfo(𝑜 )
10: if callingCheck(𝑠𝑖 ) then
11: 𝑐 ← (𝑖, 𝑝𝑖−1 )
12: 𝑆𝑡𝑎𝑐𝑘.push(𝑐 )
13: (𝑖, 𝑝𝑖−1 ) ← update(𝑠𝑖 , 𝑝𝑖−1 )
14: if returnCheck(𝑠𝑖 ) then
15: 𝑐 ← 𝑆𝑡𝑎𝑐𝑘.pop( )
16: (index, 𝑝𝑠 ) ← 𝑐

17: 𝑝𝑖𝑛𝑑𝑒𝑥 ← update(𝑠𝑖 , 𝑝𝑖−1, 𝑝𝑠 )
18: 𝑖 ← index + 1

Given an initial program statement and
its preceding program state, SIPA itera-
tively prompts Reasoner, using the cur-
rent statement and program state (as in
Fig. 6), to predict both the next program
state and the next statement to execute.
Call stack and context management. To

handle inter-procedural control flow, SIPA
mimics a Python interpreter by follow-
ing the call graph and maintaining a call
stack 𝑆𝑡𝑎𝑐𝑘 to track the active function call
and manage the function-level execution
context 𝑐 . Every time a function is called,
SIPA creates a frame, which is a record for
one active function call and contains the
(function-level) context needed to run that
function. In addition to the references to
the global context such as heap states and
global variables, two key pieces of data
before execution in such a function-level
context (context for short) within a frame
are the current statement index 𝑖 and pro-
gram state 𝑝𝑖−1. Specifically, when encoun-
tering a call in 𝑠𝑖 (Line 10), SIPA preserves (𝑖, 𝑝𝑖−1) in the context 𝑐 and pushes it in a new frame onto
the stack 𝑆𝑡𝑎𝑐𝑘 (Lines 11–12). Then, at Line 13, the update function realizes the function-invocation
rule in Fig. 3: the update function takes the call 𝑠𝑖 and the caller’s state 𝑝𝑖−1 to evaluate the arguments
and initialize the parameters and return the callee’s entry index and its initial state. The process is
repeated. Upon reaching a return statement 𝑠𝑖 (Lines 14–18), SIPA restores the caller’s context by
popping 𝑆𝑡𝑎𝑐𝑘 into 𝑐 and unpacking it to get (index, ps) (Lines 15–16).
Next, the function update(𝑠𝑖 , 𝑝𝑖−1, ps) at Line 17 (realizing the return rule in Fig. 3) uses the state

𝑝𝑖−1 of the return statement 𝑠𝑖 and the saved state ps to update the caller’s program state so that the
execution resumes at index + 1 (Line 18). This process continues until a stopping condition is met:
either the model signals normal completion or raises an exception (indicated in model output with
‘completion’ label or the name of the exception type), or exceeds a predefined step limit.

5 Empirical Evaluation
For evaluation, we seek to answer the following research questions:
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(RQ1) [Intrinsic Evaluation] Effectiveness in Predicting Execution Semantics. How well
does Reasoner in T-REX learn to predict the execution flow and program state transitions?
(RQ2) [Extrinsic Evaluation] Effectiveness in Runtime Behavior Prediction.

2.1 Execution Trace. To what extent do the predicted sequence of program statements and
corresponding program states by T-REX align with the actual execution trace?

2.2 Code Coverage. Does the execution flow produced by T-REX approximate code coverage well,
i.e., can it predict which statements or branches are executed at runtime?

2.3 Program Outputs. How accurately can T-REX predict the final output of a program?
(RQ3) Usefulness in Static Detection of Runtime Errors.How effective is T-REX in the detection
of runtime errors/exceptions in code snippets, without actual execution?
(RQ4) Usefulness in Debugging. How effective is T-REX in aiding the manual process of debug-
ging a Python code snippet after it has crashed, without actual execution?
(RQ5) Qualitative Evaluation.

5.1 Does T-REX improve LLMs’ dynamic code reasoning capabilities?
5.2 Do the execution rationales produced by Reasoner LLM (i.e., student) align with the much

larger Explainer LLM (i.e., teacher) in T-REX?

6 Effectiveness Evaluation in Predicting Execution Semantics (RQ1)
6.1 Experiment Setup
6.1.1 Datasets. There exist datasets to benchmark execution tasks, e.g., CodeNet [39], Avatar [2],
HumanEval [7], MBPP [3], and CruxEval [16]. We used CodeNetMut [29], a mutation-based
extension of CodeNet [39] that spans various domains and degrees of complexity, and has been
used in the state-of-the-art CodeExecutor [29]. It comprises 19,540 programs; each has a diverse set
of test cases and is annotated with runtime data, including execution traces and program states. To
assess the generalizability of T-REX, we also use HumanEval [7] for testing. HumanEval with 396
programs has been used in prior work to assess LLMs’ dynamic code reasoning capabilities [6, 30].

Table 1. Statistics of statement and exception types in the training data.

Statement Types Exception Types

Type % Type %

Variable Assignment (𝑆2) 32.70% TypeError 16.50%
Expression (𝑆1) 23.80% ZeroDivisionError 16.21%
If Statement (𝑆3) 18.70% NameError 15.99%
For/While Loop (𝑆4) 16.93% IndexError 15.42%
Method Calls (𝑆5) 7.87% KeyError 14.94%

ValueError 13.16%
UnboundLocalError 7.78%

(A) To build non-exception

execution training data for Rea-
soner in RQ1 and RQ2, we ran-
domly extracted from CodeNet-
Mut where we reused test cases
(inputs), execution traces, and
per-statement program states.
For RQ1 and RQ2, we applied
the random hold-out data par-
titioning strategy. Specifically,
we trained Reasoner on 45,000
program statements that were
randomly extracted from 9,000
randomly selected CodeNetMut programs and associated inputs. Each training instance consists of
three consecutive statements in the execution traces in those programs. We tested the models on all
the statements from 500 and 250 programs for RQ1 and RQ2, respectively, which are disjoint from
the training set. The same numbers of programs were selected for testing from HumanEval dataset.
To justify our data selection and mitigate sampling bias, we report training-set statistics that

quantify coverage across statement types. Since aiming to teach two control-flow modes, sequential
and branching executions, we report the statistics on five categories: expressions (𝑆1) and variable
assignments (𝑆2) as representative sequential operations; and if statements (𝑆3), iterative constructs
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(for/while/match) (𝑆4), and method invocations (𝑆5) as representative branching behaviors. With a
sufficient large randomly-selected samples, Table 1 illustrates the diversity of our training data. For
statements, the high proportion of variable assignments (𝑆2, 32.7%) helps the model learn to track
program states, while the substantial presence of control flow structures (𝑆3 and 𝑆4, over 35%) is
essential for reasoning about execution paths. Note that the input diversity in our training data is
inherited from CodeNetMut [29]: for each of the 9,000 programs, we reused all available test cases,
yielding a wide range of input values and corner cases. In brief, our diverse training data enables
Reasoner to generalize beyond CodeNetMut, transferring effectively to HumanEval (Section 6.2).

(B) For exception training data (RQ3), we randomly sampled a different set of CodeNetMut pro-
grams as candidates for training. For each program with an input, we provided GPT-4o with the
original code, all intermediate execution results, and a list of Python exception types (Fig. 5). We
prompted GPT-4o to modify, add, or remove statements such that executing the program on the
same input triggers exactly one exception.We then executed the resulting code with that input to
verify 1) that an exception is raised, 2) that only one exception occurs, and 3) that its exception type
matches GPT-4o’s claimed label. If verification passed, we accepted the program and its input as an
exception sample; otherwise, we re-prompted GPT-4o up to 5 times. We repeated this procedure un-
til collecting 5,000 verified buggy programs, each paired with concrete inputs that deterministically
trigger a specific exception type. As seen in Table 1, the exception dataset is notably balanced across
almost all exception types, each comprising 13–16% of the samples. This composition shows the
diversity of coverage across exception behaviors and reduces bias toward any single exception type.

For testing, we sampled the disjoint programs from CodeNetMut and HumanEval and applied the
same generation-and-verification pipeline to construct 100 exception-triggering samples. We also
randomly selected 100 non-exception samples from the disjoint parts of the datasets. Importantly,
the broad exception-type coverage supports Reasoner’s generalization to HumanEval (Section 8).

6.1.2 Baselines. First, we used the following reference models:
(1) DeepSeek-R1 is a 671B parameter model based on transformer architecture, combining multi-

head latent attention and mixture-of-experts. Due to the restriction in usage of DeepSeek-R1’s
APIs, we used the derived DeepSeek-R1-Distill-Qwen-14B variant [22, 28, 36] off-the-shelf.

(2) GPT-4o [21] is OpenAI’s state-of-the-art LLM that excels in code-related tasks.
(3) GPT-4o-mini is a version with fewer parameters and requires less computational power.
We also considered (4) CodeLlama, the 7B-Instruct and 13B-Instruct variants, and (5) Qwen2.5-

Coder, 7B-Instruct and 14B-Instruct variants as the LLMs in Reasoner, comparing against the base
versions of both (i.e., without supervised fine-tuning on execution rationales). For training, we used
Adam optimizer with learning rate of 1 × 10−5, on a server with 2 CPUs of Intel(R) Xeon(R) Golden
2.40GHz and 4 GPUs of Nvidia A800.

6.1.3 Evaluation Metrics. Given a program 𝑃 , a statement 𝑠𝑖 and the program state 𝜎𝑖−1 before
the execution of 𝑠𝑖 are the input to ReasonerM, which produces the predicted next statement
𝑠𝑖+1 and updated program state 𝜎̂𝑖 ; formally,M(𝑃, 𝑠𝑖 , 𝜎𝑖−1) = (𝑠𝑖+1, 𝜎̂𝑖 ). If there are 𝑁 instances
in the test set, next-statement accuracy can be defined as 𝐴NS = 1

𝑁

∑𝑁
𝑖=1 I (𝑠𝑖+1 = 𝑠𝑖+1), program

state accuracy as 𝐴PS =
1
𝑁

∑𝑁
𝑖=1 I (𝜎𝑖 = 𝜎̂𝑖 ), and a combined single-statement accuracy as 𝐴NS+PS =

1
𝑁

∑𝑁
𝑖=1 I ((𝑠𝑖+1, 𝜎𝑖 ) = (𝑠𝑖+1, 𝜎̂𝑖 )). Here, 𝑠𝑖+1 and 𝜎𝑖 are the actual next statement and the updated

program state following the execution of 𝑠𝑖 within 𝑃 , respectively.

6.2 Empirical Results
6.2.1 Comparing Performance in Predicting Execution Semantics. Table 2 shows the results in
predicting the execution semantics for a given statement. The 14B-Instruct variant of Qwen-2.5-
Coder learns to reason about program execution the best, achieving single-statement accuracies
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Table 2. Comparing model performance in predicting execution semantics: next stmt. and prog. state (RQ1).

Model Variant SFT

CodeNetMut HumanEval

𝐴NS 𝐴PS 𝐴NS+PS Time (s) 𝐴NS 𝐴PS 𝐴NS+PS Time (s)

DeepSeek Distill-14B – 32.6 32.3 29.8 56.2 25.0 18.6 16.0 72.8

GPT 4o-mini – 51.2 58.2 43.3 7.4 47.8 42.7 32.2 7.6
4o – 76.6 79.4 69.2 5.2 83.5 77.9 70.9 5.4

CodeLlama
7B-Instruct ✗ 22.3 17.2 9.4 6.3 28.5 14.9 7.6 6.5

✓ 95.7 94.2 91.4 1.2 92.4 85.4 79.8 1.4

13B-Instruct ✗ 21.6 16.5 10.8 8.4 26.1 14.6 10.4 8.6
✓ 96.3 95.4 92.7 1.5 94.4 88.6 84.6 2.0

Qwen-2.5-Coder
7B-Instruct ✗ 21.1 23.2 16.4 3.7 18.0 16.0 10.7 5.0

✓ 96.4 95.9 93.0 1.1 95.1 86.4 83.5 1.3

14B-Instruct ✗ 60.2 60.0 46.9 2.9 57.6 51.8 40.3 3.1
✓ 96.7 96.8 94.2 1.9 94.2 88.6 85.1 2.1

of 94.2% on CodeNetMut and 85.1% on HumanEval. In particular, it attains 96.7% next-statement
accuracy and 96.8% program-state accuracy on CodeNetMut. On the more open-ended HumanEval
dataset, while performance slightly declines in program state prediction with an accuracy of 88.6%,
it predicts the next statement with 94.2% accuracy. Overall, these findings suggest that the learned
dynamic reasoning capabilities in Qwen-2.5-Coder generalize well beyond its training distribution.

Across the board, all the fine-tuned variants of CodeLlama (7B- and 13B-Instruct) and Qwen-2.5-
Coder (7B- and 14B-Instruct) outperform the baseline models, consistently achieving 91.4%–94.2%
accuracy on CodeNetMut and 79.8%–85.1% on HumanEval. In particular, these fine-tuned models
improve over their non-fine-tuned counterparts by 100.8%–950% in single-statement accuracy. These
corroborate Key Ideas 1–2 (Section 2): grounding the LLMs in verbalized operational rule rationales
from actual execution enables them to internalize how a program state evolves during execution.
Furthermore, larger models consistently outperform their smaller counterparts across both

benchmarks, aligning with the scaling laws [24]. For instance, the 13B-Instruct variant of CodeLlama
outperforms the 7B-Instruct variant by up to 1.4% on CodeNetMut and 6% on HumanEval in single-
statement accuracy. Similarly, Qwen-2.5-Coder-14B also exhibits gains over its 7B counterpart,
particularly in program state prediction. These improvements suggest that increased model capacity
enhances code understanding as well as enables more precise reasoning over program execution.
As noted in Section 6.1.1, the execution rationales used to fine-tune all variants of CodeLlama

and Qwen-2.5-Coder were distilled from GPT-4o-mini, while being grounded in actual execution
traces. When compared against the same teacher model (i.e., GPT-4o-mini) without such grounding,
the fine-tuned models achieve 111.1%–117.6% higher accuracy on CodeNetMut and 147.8%–164.3%
on HumanEval. This substantial improvement shows the benefits of using execution-grounded
explanations in our teacher-student framework (Key Ideas 2–3, Section 2), enabling the student
models to effectively learn dynamic code reasoning and outperform the teacher (in Section 10.2,
we compare the quality of their explanations). Even when compared to the much stronger GPT-4o,
they yield improvements of 32.1%–36.1% on CodeNetMut and 12.6%–20% on HumanEval.

Finally, we observe that despite being derived from the same Qwen-2.5-14B model, DeepSeek-R1-
Distill-Qwen-14B significantly underperforms our fine-tuned Qwen-2.5-Coder-14B-Instruct model.
This may be attributed to the latter’s source code-focused pre-training followed by execution-
specific post-training, which is better for dynamic code reasoning. These suggest that improving
general reasoning ability, as in DeepSeek-R1 does not generalize effectively across domains.

In addition to improved accuracy, our models also offer faster inference times compared to larger
general-purpose LLMs like GPT-4o-mini and GPT-4o, achieving 2.64×–5.8× speedups across both
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Table 3. Stratified evaluation of model performance based on types of statements: 𝑆1–𝑆5 denote 1) expressions,
2) variable assignments, 3) if-statements, 4) for/while-statements, and 5) method calls (RQ1).

Model Variant

CodeNetMut HumanEval

𝑆1 𝑆2 Seq. 𝑆3 𝑆4 𝑆5 Branch 𝑆1 𝑆2 Seq. 𝑆3 𝑆4 𝑆5 Branch

DeepSeek-R1 Distill-14B 34.3 26.4 34.5 25.5 8.5 53.9 16.7 23.4 23.2 17.7 14.3 6.9 19.0 10.1

GPT 4o-mini 57.0 53.2 48.9 30.8 7.0 71.3 27.9 52.8 46.3 34.3 24.1 17.0 38.1 24.8
4o 77.6 69.1 71.2 74.8 42.3 87.0 63.6 76.6 84.8 71.7 78.9 50.9 75.0 68.0

CodeLlama 7B-Instruct 88.7 97.1 94.5 88.5 85.6 95.7 84.9 75.9 88.4 81.4 83.4 79.7 60.7 74.3
13B-Instruct 90.5 97.5 95.5 91.3 87.0 97.4 87.0 75.9 88.4 85.8 83.4 79.7 60.7 80.4

Qwen-2.5-Coder 7B-Instruct 92.1 97.3 95.1 92.2 85.6 97.4 87.2 87.5 92.7 82.8 89.9 71.8 91.7 86.2
14B-Instruct 93.4 97.7 96.5 95.0 85.2 97.4 90.0 85.1 93.6 84.2 91.6 74.6 95.2 87.8

CodeNetMut and HumanEval. Notably, the inference times of the fine-tuned models is 20–30% less
than the non-fine-tuned variants, as the latter typically generate excessive irrelevant outputs with
high error rates. This highlights the practical utility of T-REX, offering models that are not only
more accurate in reasoning about program execution but also significantly more time-efficient.

6.2.2 Stratified Evaluation Based on Types of Program Statements. To understand howmodels reason
over different statement types (𝑆1–𝑆5) (presented in Table 1), we conduct a stratified evaluation.

In Table 3, we report the model performance over all statement types (𝑆1–𝑆5) across both CodeNet-
Mut and HumanEval datasets. While CodeLlama and Qwen-2.5-Coder variants record consistently
high performance across different types of sequential statements, we observe that branching state-
ments benefit from model scaling. In particular, in CodeLlama, accuracy on branching statements
improves by 2.5% in CodeNetMut (from 84.9% to 87.0%) and by 10.5% in HumanEval (from 74.3% to
80.4%) when scaling from 7B-Instruct to 13B-Instruct. A similar trend holds for Qwen-2.5-Coder,
where branching accuracy improves by 3.2% on CodeNetMut and 1.9% on HumanEval as we scale
from 7B-Instruct to 14B-Instruct. Notably, the 7B-Instruct variant of Qwen-2.5-Instruct is as good as
the 13B-Instruct variant of CodeLlama on CodeNetMut and outperforms it by 7.2% on HumanEval
for branching statements, showing the strength of Qwen-2.5-Coder’s underlying code understand-
ing. Overall, these results demonstrate that the performance gains of our fine-tuned models are
consistent across different statement types and not limited to any specific syntactic constructs.

7 Effectiveness in Runtime Behavior Prediction (RQ2)
We select three critical dimensions of dynamic behaviors [6]: execution trace, code coverage, and
program outputs. These reflect the fundamental signals underlying a range of dynamic analysis
tasks, including dynamic slicing and/or static detection of runtime errors (the latter, see Section 8).

7.1 Experiment Setup
7.1.1 Baselines. Apart from the LLM intrinsic baselines in Section 6, we also include two state-
of-the-art dynamic code reasoning models: 1) CodeExecutor [29], built upon UniXCoder [17] and
pretrained with execution traces; and SemCoder, fine-tuned on monologues predicted by LLMs
without execution. For a fair comparison, we evaluate it in a zero-shot setting, i.e., without any
additional fine-tuning. Note that SemCoder is limited to predicting final program outputs and does
not explicitly model and predict intermediate execution steps, i.e., stepwise execution.

7.1.2 Evaluation Metrics. We use the following evaluation metrics:
(1) Execution Trace. To evaluate how closely the predicted trace matches the ground-truth,

we adopt both strict and relaxed matching metrics. In particular, we report prefix match, which
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Table 4. Comparing model performance in predicting runtime behaviors (RQ2).

Model Variant

CodeNetMut HumanEval

Execution Trace Code Coverage P/O Execution Trace Code Coverage P/O
Prefix 𝐴0.5 𝐴0.8 𝐴1.0 𝑃 𝑅 𝐹1 𝐴EM 𝐴EM Prefix 𝐴0.5 𝐴0.8 𝐴1.0 𝑃 𝑅 𝐹1 𝐴EM 𝐴EM

C/Executor. – 20.1 14.0 4.2 3.4 60.9 83.2 67.9 19.0 4.6 14.3 6.2 2.3 1.0 49.4 74.7 57.2 10.9 2.4
DeepSeek-R1 Dist.-14B 16.7 6.8 0.0 0.0 24.5 99.6 25.7 1.2 0.9 9.2 2.1 0.3 0.3 20.9 99.7 31.5 0.6 0.5

GPT 4o-mini 41.4 33.6 18.9 16.4 64.9 97.3 73.8 23.4 14.9 24.3 13.3 5.1 4.8 64.1 94.8 73.7 15.5 7.9
4o 50.2 50.6 26.5 16.9 71.7 97.8 78.2 27.4 16.2 33.1 25.9 11.1 5.2 70.8 97.7 77.8 20.8 5.2

CodeLlama 7B-Inst. 61.4 62.0 40.6 24.9 85.5 97.4 89.4 49.6 39.7 40.9 36.3 18.3 7.2 78.3 97.2 84.8 19.8 14.9
13B-Inst. 67.3 69.1 47.9 41.1 87.6 98.5 91.2 55.9 51.6 48.1 43.3 29.8 16.5 83.4 97.3 88.0 34.9 23.4

Qwen-2.5 7B-Inst. 67.3 67.1 50.6 41.8 89.7 99.0 92.7 63.4 51.8 46.0 42.2 25.4 13.1 83.5 97.9 88.2 35.0 30.1
-Coder 14B-Inst. 67.1 65.9 50.0 42.7 88.2 98.9 91.5 62.3 52.3 49.6 46.7 30.8 18.5 83.5 98.5 88.4 39.3 32.6

measures the proportion of statements (each consisting of a line number and its program state)
that are predicted correctly and in order from the beginning of the trace. This metric is suitable
for scenarios like debugging, where partial execution is still informative. We also report 𝐴𝑥 scores
(𝑥 ∈ {0.5, 0.8, 1.0}), which evaluates the accuracy of predicted traces at different thresholds of
alignment (e.g., 50% of the trace matched), providing a fine-grained perspective of performance.
Among these, 𝐴1.0 is the same as exact-match accuracy.

(2) Code Coverage. We report both statement-level and program-level metrics. For the former, we
compute precision (𝑃 ), recall (𝑅), and F1-score (𝐹1), assessing how correctly the model distinguishes
between covered and uncovered statements across all examples. At the program-level, we report
exact match accuracy (𝐴EM), which measures the percentage of programs for which the predicted
code coverage exactly matches the ground-truth coverage across all statements. In particular, 𝐴EM
reflects whether the model can fully reproduce the coverage behavior of an entire program.
(3) Program Outputs. We report exact match accuracy (𝐴EM), which measures the percentage of

cases where the final predicted output of the program exactly matches the true final output.

7.2 Empirical Results
Table 4 reports results in multiple runtime dimensions. First, for execution trace prediction, Qwen-
2.5-Coder 14B-Instruct model achieves the best performance, exactly predicting traces in 42.7%
and 18.5% of CodeNetMut and HumanEval datasets, respectively. The drop in the latter can be
attributed to the execution traces in HumanEval being 2.6× longer than those in CodeNetMut on
average, making exact prediction more challenging. On average, it correctly predicted 67.1% and
49.6% of each ground-truth execution trace in two datasets.

The GPT model variants perform competitively in predicting the initial execution steps (e.g.,
Prefix and 𝐴0.5), but struggle with predicting the later program state transitions. As noted in
Section 6.2.2, this could be due to their inability to model branching statements well, leading to
a performance drop in 𝐴0.8 and 𝐴1.0. These models rank in descending order of performance in
predicting execution traces: GPT-4o > GPT-4o-mini > CodeExecutor > DeepSeek-R1.

While Section 6 focused on single-statement predictions (i.e., the NS+PS setting), execution trace
prediction serves as its cumulative extension, capturing model understanding of runtime behavior
for multiple statements and the entire program. In a similar vein, predicting code coverage, which
involves predicting whether the statements in a program shall be executed or not, can be seen
as an aggregated extension of next-statement prediction (i.e., the NS setting) while abstracting
away execution order. Due to their better understanding of execution flow, all fine-tuned model
variants exhibit high accuracy in statement coverage, observing gains of 18.5%–260.7% over the
non-fine-tuned counterparts. Among these, both 7B and 14B variants of Qwen-2.5-Coder perform
best, exactly predicting the code coverage in 63.4% and 62.3% of the programs, respectively, an
improvement of 11.4%–27.8% over CodeLlama and 127.4%–170.9% over GPT models.
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Table 5. Comparing output prediction (RQ2)

Model CodeNetMut HumanEval

SemCoder 61.3% 64.4%
Qwen-2.5-Coder-14B

Instruct (non-fine-tuned) 66.7% 58.5%

Qwen-2.5-Coder-14B-
Instruct (fine-tuned) 68.2% 64.7%

Table 6. Comparing performance in static detection of

runtime errors. Here, Excpt denotes Exception (RQ3).

Actual (↓) Reasoner GPT-4o

Predicted (→) Excpt No Excpt Excpt No Excpt

Excpt TP=42 FN=58 TP=33 FN=67
No Excpt FP=56 TN=44 FP=77 TN=23
Accuracy 43% 28%

Table 4 shows the strength of our fine-tuned models in output prediction: they outperform GPT
models and CodeExecutor on CodeNetMut, with the best-performing Qwen-2.5-Coder-14B-Instruct
observing gains of 321%–1,383%. We also observed comparable improvements on HumanEval. Note
that in Table 4, we aggregated single-statement predictions to derive the output prediction.
SemCoder is explicitly fine-tuned to predict only program inputs or outputs, limiting its gen-

eralization to other dimensions of runtime behavior. In contrast, the models within Reasoner,
as reported in Table 4, derive runtime data by aggregating single-statement predictions to derive
execution outputs. This enables broader applicability to downstream dynamic reasoning tasks.
Thus, we did not compare with SemCoder in execution trace or code coverage prediction in Table 4.

Table 5 reports the output prediction comparison as we directly prompted the models for the
output of a program for a fair comparison with SemCoder. Despite its targeted training, SemCoder
exactly predicts program outputs for 61.3% of the programs in CodeNetMut and 64.4% of HumanEval.
However, even the non-fine-tuned Qwen-2.5-Coder-14B-Instruct model achieves comparable or
better performance: 66.7% on CodeNetMut and 58.5% on HumanEval. With fine-tuning through
T-REX, this model achieves exact output prediction in 68.2% and 64.7% of the programs in both
benchmarks, respectively. This improvement over SemCoder highlights the effectiveness of our
training paradigm in generalizing across a range of runtime reasoning tasks.

Lastly, from the results in Tables 2–4, the fine-tuned 7B-Instruct CodeLlama model is significantly
worse than the 13B-Instruct variant, while the 7B-Instruct and 14B-Instruct variants of Qwen-2.5-
Coder are consistently similar in multiple dimensions, with the latter being better than the former.

8 Usefulness in Static Detection of Runtime Errors (RQ3)
In this experiment, we tested Reasoner in static detection of runtime errors on 200 samples from
CodeNetMut and HumanEval: 100 randomly selected non-exception samples and 100 containing
exception statements in the test set (Section 6.1.1). In the case of non-exception testing samples, the
prediction is considered to be correct if the model accurately predicts all statement execution results.
For the exception testing samples, the prediction is considered to be correct if it accurately predicts
both execution results of statements before the exception statement and correctly identifies the line
number and exception type of the exception-inducing statement. In Table 6, we present the results
of Reasoner and GPT-4o in statically detecting runtime errors. Here, 𝑇𝑃 and 𝑇𝑁 represent such
correctly detected exception and non-exception samples, respectively, while 𝐹𝑃 and 𝐹𝑁 captures
incorrect classifications. The most notable difference lies in non-exception samples: Reasoner is
better at recognizing programs that do not raise errors, leading to fewer false positives. Moreover,
it is 27.3% more precise than GPT-4o in pinpointing crash locations and the types of exceptions,
resulting in a 54% boost in runtime-error detection accuracy – all without actual execution.

9 Usefulness in Aiding Debugging (RQ4)
Given a program that crashes at a particular statement, debugging often requires developers to
identify the underlying fault statement(s) that encapsulate the actual root cause of the error. In
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contrast, the crash statement indicates where the interpreter fails. In this experiment, we aim to
assess the usefulness of Reasoner in T-REX in aiding debugging. In doing so, it helps pinpoint
the precise point in the program that needs to be fixed. To this end, we randomly selected 100
test samples as in RQ3 (Section 8). For each, we manually labeled the fault-inducing line, i.e., the
statement responsible for the observed crash. Given a modelM and program 𝑃𝑖 ∈ D, let 𝑇𝑖 denote
the predicted execution trace and 𝑙𝑖 the line number of the fault statement (1 ≤ 𝑙𝑖 ≤ |𝑃𝑖 |). Here, we
define accuracy as the proportion of cases where the fault line 𝑙 appears in 𝑇 with all the correctly
predicted program states from the beginning to the faulty statement:

Accuracy =
1
|D|

∑︁
𝑃𝑖 ∈D

1
[
𝑙𝑖 ∈ 𝑇𝑖 ∧

(
∀ 𝑙 𝑗 ≤ 𝑙𝑖 , State(𝑙 𝑗 ) is correct

) ]
Such a formulation measures how consistently the model “sees” the fault during its predicted
execution.An IDE could leverage such a simulated interpreter as a lightweight, execution-free substitute
for an actual debugger. This is particularly useful in settings where actual execution is not feasible.

Table 7. Comparing model performance in pinpointing

fault locations, appearing in the predicted execution

traces with correctly predicted program states (RQ4).

Models Reasoner GPT-4o GPT-o4 mini

Accuracy 77% 63% 49%

In Table 7, we report the proportion of fault
statements with all correctly predicted states
that appeared in each model’s predicted exe-
cution traces. We can see that Reasoner (with
Qwen-2.5-Coder-14B-Instruct) achieves 77% ac-
curacy, higher than the much larger GPT-4o
(63%) and GPT-o4 mini (49%). That is, Rea-
soner helps pinpoint the faulty statement in 77% of the cases, showing that it not only reconstructs
plausible execution paths but also preserves semantically accurate program states along those paths.
Thus, it allows developers to inspect the program behaviors just as they would using a debugger.

10 Qualitative Evaluation (RQ5)
10.1 T-REX Scales Up Dynamic Code Reasoning
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Fig. 7. Benchmarking LLMs for dynamic code reasoning using incremental consistency (IC-Score) [6] (RQ5.1).

To evaluate the reasoning abilities in code execution prediction, Chen et al. [6] introduce in-
cremental consistency score (IC-Score), which evaluates on a combination of sequentially-related
runtime reasoning tasks of increasing difficulty. Given a program 𝑃 = {𝑠1, . . . , 𝑠𝑛} and an input 𝐼 ,
a model 𝑀 is evaluated on its ability to predict: (1) whether a given statement 𝑠𝑖 is executed, (2)
the next statement to be executed after 𝑠𝑖 , (3) the final output of the program, and (4) the type and
value of a variable 𝑣 relevant to 𝑠𝑖 after its execution.
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Fig. 8. Explanation quality of Reasoner and Explainer w/o reference, to Explainer w/ reference (RQ5.2).

In this experiment, we use IC-Score to benchmark the dynamic code reasoning capabilities of
T-REX and the baseline LLMs used in Section 7. Following their setup [6], we assess the models’
predictions across all programs in HumanEval. As seen in Fig. 7, those fine-tuned with execution
rationales (highlighted in green) consistently outperform both their non-fine-tuned counterparts (red) as
well as the reference LLMs (blue), including the significantly larger models such as GPT-4o-mini and
GPT-4o. For example, the Qwen2.5-Coder-14B-Instruct variant achieves gains of 135.3% and 53.9%
over GPT-4o-mini and GPT-4o, respectively. While the reference LLMs exhibit stronger execution
reasoning than the base models without fine-tuning, the benefits of execution-grounded, rationale-
based supervision are substantial: fine-tuned variants show relative improvements of 190%–280% over
their base versions without SFT. These findings highlight the importance of incorporating fine-grained,
transition-aware reasoning to enhance the LLMs’ ability to reason about dynamic behaviors.

10.2 Reasoner Explains Similarly to Explainer
In this experiment, we assess the quality of Reasoner’s execution rationales that guide its determi-
nation of program state transitions. For this purpose, we replicate the data collection process using
Explainer on samples from the test set in Section 6, obtaining reference execution rationales. Let
such rationales grounded in actual execution traces be denoted byYEx, while those from Reasoner
be denoted by ŶR. This enables a side-by-side comparison of model-generated reasoning against
reference explanations. We also collect execution rationales from Explainer when not grounded
in actual execution traces (i.e., without reference). Let these be denoted by ŶEx.

In Fig. 8, we illustrate the distributions of BERTScore F1-measures [53], computed using DeBERTa-
Base [18], by comparing ⟨ŶR,YEx⟩ (in red) and ⟨ŶEx,YEx⟩ (in blue). This embedding-based simi-
larity metric is useful for capturing semantic equivalence between execution rationale pairs. The
former shows that execution rationales generated by Reasoner are closely aligned with the ref-
erence rationales. In contrast, the latter reveals that when Explainer is not grounded in actual
execution information (blue box in Fig. 4), it fails to produce high-quality rationales despite being a
significantly larger model (GPT-4o-mini). Overall, T-REX enables Reasoner to generate higher
quality rationales, improving its effectiveness in enhancing dynamic code reasoning.

11 Static Emulation of Dynamic Analyses via Teacher–Student Distillation
In this section, we present a framework generalized from T-REX for static emulation of a dynamic
analysis technique without actual execution.
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Fig. 9. Generalized T-REX Framework for Dynamic Analysis Learning

Algorithm 2. Static Emulation of Dynamic Analysis 𝛿 with T-REX

Require: Code corpus, test cases C = { (𝑃,𝑇 ) }, target dynamic analysis 𝛿
Ensure: Student model 𝑆𝜙 predicts 𝛿 from code and test cases (w/o running)
1: procedure Train(𝛿)
2: D ← ∅ ⊲ training triples
3: for all (𝑃,𝑇 ) ∈ C do

4: 𝐷 ← ExecDelta(𝑃, 𝑇 , 𝛿 ) ⊲ instrumented run once
5: 𝑋 ← TeacherExplain(𝑃, 𝑇 , 𝐷 ) ⊲ NL rationales for 𝛿
6: 𝐶 ← BuildContext(𝑃, 𝑇 ) ⊲ code, tests, light static cues
7: D ← D ∪ { (𝐶, 𝑋, TargetsAnalysis(𝐷 ) ) }
8: 𝑆𝜙 ← FineTune(D) ⊲ optimize rationale and structured losses
9: return 𝑆𝜙

10: procedure Infer(𝑆𝜙 , 𝑃 ′, 𝑇 ′)
11: 𝐶′ ← BuildContext(𝑃 ′, 𝑇 ′ )
12: (𝐷, 𝑋 ) ← 𝑆𝜙 (𝐶′ ) ⊲ static emulation of 𝛿
13: return (𝐷, 𝑋 )

Our goal is to teach a language
model to statically perform a target
dynamic analysis (𝛿), i.e., to pro-
duce 𝛿 ’s outputs for a new pro-
gram and test inputs without exe-
cuting them by (1) collecting super-
vised dynamic data once from a dy-
namic analysis technique, (2) ver-
balizing why the analysis produced
those results by an LLM, and (3) dis-
tilling that knowledge via verbal-
ized explanations into a smaller stu-
dent model. Intuitively, we train the
model to “mentally run” the anal-
ysis using verbalized operational/-
analysis rules, extending the T-REX
philosophy from execution seman-
tics to a new dynamic analysis.

11.1 Framework and Workflow
Let 𝑃 be a program, 𝑇 a set of test cases, and 𝛿 a dynamic analysis (e.g., program slicing, taint,
aliasing). The workflow (Fig. 9) has four stages. Our workflow is described in Algorithm 2:

11.1.1 Runtime Collection. We execute 𝑃 under 𝑇 inside an instrumented runtime for (𝛿):

𝐷 = Exec𝛿 (𝑃,𝑇 ) ∈ D𝛿 ,

where 𝐷 is the dynamic data for (𝛿) (e.g., trace with dependence edges, program slices, etc.).

11.1.2 Verbalization by Teacher LLM. Given (𝑃,𝑇 , 𝐷), a teacher (TΘ) produces natural-language
rationales that explain (𝛿)’s outputs in terms of local rules:

𝑋 = TΘ (𝑃,𝑇 , 𝐷) ∈ X𝛿 .
Note that the rationales align with small-step, transition-aware rules (e.g., “the use of (x) at line (i)
depends on the last definition at line (j) observed in (D)”) as in execution semantics in Section 3.1.

11.1.3 Distillation into a Student Model. We fine-tune a student model (S𝜙 ) on pairs (𝐶,𝑋 ), where
𝐶 is a static context built from (𝑃,𝑇 ) (source code and test cases) and 𝑋 are the teacher’s rationales:

𝜙★ = argmin
𝜙

;E(𝑃,𝑇 )
[
− log𝑝𝜙

(
𝑋 | 𝐶 (𝑃,𝑇 )

) ]
.
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Optionally, we jointly predict 𝛿 ’s structured outputs 𝐷 (e.g., edges/slices), with a multi-task loss:

L(𝜙) = 𝜆NL · Lrationale + 𝜆struct · Lstruct.

11.1.4 Static Emulation at Inference. For a new program 𝑃 ′ and tests 𝑇 ′, the student produces 𝐷 ,
which is the ouput of 𝛿 on 𝑃 ′ and 𝑇 ′, without execution:

𝐷 = S𝜙★

(
𝐶 (𝑃 ′,𝑇 ′)

)
,

and may also emit concise rationales (𝑋 ) for interpretability.

11.2 Case Study: Static Emulation of Dynamic Program Slicing for Python
11.2.1 Formulation. Given an execution trace (𝜏 = ⟨𝑠1, . . . , 𝑠𝑚⟩) under input (𝑡 ∈ 𝑇 ), a slicing
criterion is (𝜅 = (𝑘,𝑉 )) with step index 𝑘 and variable set𝑉 . The dynamic slice (Slice𝜏 (𝜅) ⊆ 1, . . . , 𝑘)
is the set of statement instances whose executed definitions or control decisions actually influenced
the values of 𝑉 at step 𝑘 .
We model a dynamic dependence graph (DDG) over executed instances 1..𝑚 with edges:
Data dependence ( 𝑗

data−−−→ 𝑖): instance 𝑗 defines 𝑥 and instance 𝑖 reads that 𝑥 on this run.
Control dependence ( 𝑗

ctrl−−→ 𝑖): the execution of 𝑖 is conditionally enabled by the outcome of a
predicate at 𝑗 on this run (e.g., taken branch).

Slice𝜏 (𝜅) =
{
𝑖

���� 𝑖 reaches 𝑘 via
( data−−−→ ∪ ctrl−−→

)∗ along variables 𝑉
}
.

11.2.2 Small-Step Program Semantics Rules. Let us illustrate a few important small-step semantic
rules for dynamic slicing for Python code. These rules mirror T-REX’s transition-aware alignment
except that each executed step emits precise edges grounded in the local rule.

Below, 𝜎 is the store, (lastDef𝜏 (𝑥, 𝑖)) is the last executed instance ( 𝑗 < 𝑖) that wrote 𝑥 . We annotate
each executed instance with dynamic edges emitted during the step.
(1) DS-Assign Rule: x = expr

𝜎 ⊢ expr ⇓ 𝑣, ⟨x=expr, 𝜎⟩ ⇒ ⟨𝑠next, 𝜎 [𝑥 ↦→ 𝑣]⟩,

emit data edges from every variable 𝑦 read in expr to this instance 𝑖: lastDef𝜏 (𝑦, 𝑖)
data−−−→ 𝑖 .

(2) DS-Use Rule: Use in expression y + z at instance 𝑖 .

For each read variable 𝑢 ∈ {𝑦, 𝑧, . . . }: lastDef𝜏 (𝑢, 𝑖)
data−−−→ 𝑖 .

(3) DS-If-True / DS-If-False Rule: if cond: 𝑆1 else: 𝑆2 executed at j

Evaluate cond under 𝜎 . If True, control edges 𝑗
ctrl−−→ 𝑖 for each instance 𝑖 executed within 𝑆1 on

this run; similarly for False and 𝑆2. Also add data edges from definitions used in cond to 𝑗 .
(4) DS-While Rule: while cond: B at j

Each iteration evaluates cond. For any instance 𝑖 inside the iterations taken, add 𝑗
ctrl−−→ 𝑖; add

data edges into 𝑗 from the variables read in cond.
(5) DS-Call / DS-Return Rule: x = f(a,b) at call site (c) and return r at (rtn)

Data edges. From the actual’s last defs to the entry of 𝑓 ; inside 𝑓 , standard rules apply; at
return, emit data edge 𝑟𝑡𝑛

data−−−→ 𝑐 for 𝑥 .
Control edges. the body’s executed instances are control-dependent on the call site 𝑐 .

(6) DS-Exception Rule: ‘raise e’ or runtime error at j

Terminate the current region; any handler that actually caught the exception gets control-
dependence from 𝑗 .
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11.2.3 Illustration: Code→ Applied Rule→ Verbalized Rationale. Let us use the examples in Python
to illustrate the rules, the corresponding code examples, and the verbalized rationales/explanations
that we could distill from a LLM.
(1) DS-Assign Rule: 𝑥 = 𝑦 + 1

At this step, 𝑥 is assigned from the current value of 𝑦; therefore the last executed definition
of 𝑦 dynamically data-depends into this assignment.

(2) DS-If-True Rule: if n % 2 == 0: parity = "even" else: parity = "odd"

Because ‘n % 2 == 0‘ evaluated True, all instances inside the then-block are control-dependent
on this condition; the condition data-depends on the last definition.

(3) DS-While Rule: while i < n: s = s + a[i] i += 1

Each executed body instance is control-dependent on the loop guard 𝑖 < 𝑛 evaluated True
for that iteration; uses of 𝑖 , 𝑛, and 𝑎[𝑖] create data-dependence back to their last definitions.

(4) DS-Call/Return Rule: def inc(z): return z + 1 x = inc(y)

The call transfers the current value of 𝑦 to 𝑧 (data edge from 𝑦’s last def to 𝑖𝑛𝑐’s entry). The
return computes 𝑧 + 1; the return instance data-depends on 𝑧 and defines 𝑥 at the call site.

(5) DS-Exception Rule: r = 10 / d # may divide by zero

If a ‘ZeroDivisionError’ occurs, the step terminates abnormally; the handler (if any) is control-
dependent on this event; 𝑑’s last definition data-depends into the failing expression.

Learning objective. The student LLM predicts both the membership 𝜒 ∗ 𝑖 ∈ 0, 1 for each
executed instance 𝑖 (or each static line approximating 𝑖), and the rationales (𝑋 ):

min
𝜙

∑︁
𝑖

CE
(
𝜒𝑖 , 1[𝑖 ∈ 𝑆∗]

)
︸                     ︷︷                     ︸

Lslice

+𝜆 ·
(
− log𝑝𝜙 (𝑋 | 𝐶)

)︸                 ︷︷                 ︸
Lrationale

.

Static emulation at inference. Given (𝑃 ′,𝑇 ′, 𝜅), the student LLM produces (𝑆 = 𝑖 : 𝜒𝑖 = 1) and
a compact explanation (𝑋 ) citing DS-rules:

(𝑆, 𝑋 ) = S𝜙★

(
𝐶 (𝑃 ′,𝑇 ′, 𝜅′)

)
.

12 Limitations and Threats to Validity
Our current model works only on Python. We need different execution semantics for other lan-
guages (Section 11). While SIPA works with CodeNetCodeMut and HumanEval, results may be
different when handling intricate logic, lengthy loops, or multiple nested branches/loops in different
datasets. Complex objects in parameter passing between statements or methods are handled via
serialization/deserialization. Moreover, the integration with development workflows (debugging,
continuous integration) is desirable. Finally, for web programming (with declarative web languages)
or system programming (with event-driven programming), we need different execution models.
We evaluated T-REX mainly on Python programs, where execution prediction can be precisely

validated against ground-truth traces. Performance on large codebases may vary. First, T-REX
performs execution prediction for each statement at a time using a smaller LLM within the context
of the current executed method. That is, it does not need to load the entire project’s codebase. The
methods are loaded one-by-one according to the method invocations. In other words, T-REX can
naturally extend to large systems through compositional analysis, caching intermediate representa-
tions, or integrating with dependency and call graphs, suggesting practical scalability paths rather
than inherent limits. Second, T-REX advances the state of the art in execution prediction by proving
useful across multiple downstream tasks, e.g., code coverage estimation, output prediction, static
runtime error detection, and debugging where local execution reasoning is as crucial as scalability.
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The store for variables’ values is realized similarly to the symbol table in Python interpreters,
with supports for nested scopes to manage/resolve variables/names across different scope levels,
and the references to the values. For complex objects, we serialized these values and stored them
in a canonical form that mimics the memory for easy processing. We used python-graphs to build
AST/CFG/PDG for individual functions, and connected the CFGs/PDGs from the callers’ to callees’
nodes via the symbol table as in the interpreters.

Our dataset may be public, but few execution traces are available, and existing inputs are neither
exhaustive nor representative. The program inputs are not exhaustive and generalized in all domains.
Thus, considering the lack of both source code and execution traces for all (potentially infinite) input
spaces, we posit that data leakage is unlikely. In Fig. 7 , the results for DeepSeek-R1, CodeExecutor,
and GPT-4o are different from those reported in Chen et al. [6] since we performed stepwise
statement execution (which aligns with T-REX). In contrast, they fed entire programs to the models
to prompt for the traces, coverages, etc. We present our generalized framework on a theoretical
ground, but it requires additional empirical experiments for validating the applicability of our
solution to different concrete dynamic analysis techniques.

13 Related Work
Execution Prediction Approaches. Execution prediction approaches can be grouped into

following categories. First, the mappings between the code representation and their outputs are
learned by training an LSTM [52]. Graph neural networks (GNNs) are used for this task [4, 48] in
which an attention-based GNN derived from a control flow predicts outputs.

The second category involves pre-training language models to incorporate execution semantics.
CodeExecutor [29] introduces a pre-training strategy to include execution traces. TRACED [11],
based on BERT/RoBERTa, is pre-trained on variables’ value ranges and code coverage. With the
success of Transformer [45], Transformer-based models [8, 29, 35, 50] have treated execution
prediction as a sequence-to-sequence task. LExecutor [42] executes any (in)complete code in an
under-constrained manner, instead of prediction. It utilizes a neural model to predict missing values.
Third, several work [14, 25] has simulated code execution using LLMs. Tufano et al. [44] use

vanilla prompting to GPT-4 for code coverage prediction. NeXT [33] integrates Chain-of-Thought
reasoning with execution traces inserted as inline comments. It fine-tunes an LLM as it naturalizes
raw execution traces into natural-language rationales. However, NeXT annotates each executed
line with variable values in the original code order rather than the actual execution order, which are
different for loops. This may confuse the model. Additionally, it provides only the input and output
values of variables without explaining the underlying execution semantics. Ultimately, it targets a
different problem: NExT is an execution-aware program repair method trained and validated with
runtime traces and unit-test oracles. The execution data supports the model in program repair, but
it does not aim to predict execution traces. We did not perform an empirical comparison with NeXT
as its fine-tuned LLM and code are not publicly available. Finally, reproducing NeXT’s fine-tuning
of an LLM would require substantial computational resources for large-scale fine-tuning.
CodePilot [9] and Orca [37] are centered on statement-specific semantics, guiding a LLM to

autonomously plan an execution. Lyu et al. [32]’s Iterative Instruction Prompting executes code line-
by-line. However, it struggles with interprocedural execution. See more related works in Section 1.

Static Analysis. Classical static analysis techniques are typically designed to estimate program
properties across all possible inputs. While they can offer some forms of guarantees (e.g., soundness)
and detect potential errors, they often rely on conservative over-approximations. This typically
results in high false-positive rates, particularly for highly dynamic languages like Python (e.g.,
dynamic typing, reflection, first-class functions) where precise static modeling is challenging. In
contrast, we positions T-REX as a data-driven static emulation approach that is complementary to
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static analysis. Instead of seeking input-independent guarantees using engineered abstract domains,
T-REX predicts the most likely concrete, per-input execution. This allows for the emulation of
dynamic behaviors and the generation of step-by-step rationales for the likely runtime errors, a
task that is difficult for classic static analysis which lacks tracking of per-input execution traces.
Alternative Designs. We also consider alternative designs and position T-REX accordingly.

1) Single end-to-end models are trained directly on execution transitions and predict outputs
without producing rationales (e.g., CodeExecutor [29]). While this is a natural baseline, our results
(Section 6) showed that execution-rationale post-training is a major contributor to the gains over
such “no-SFT” models (including CodeExecutor [29]), indicating that the explicit structured su-
pervision in T-REX is critical. 2) Retrieval-augmented reasoning can inject past traces or rules
at inference time, but shifts complexity to deployment. While being complementary to T-REX,
it requires maintaining and querying large external stores. In contrast, we distill trace-derived
knowledge into model parameters to keep deployment self-contained. 3) Hybrids with static

analysis can be powerful, but would confound our goal of isolating what an LLM can learn
from execution supervision alone; we thus keep static analysis lightweight (syntactic), making
T-REX complementary to static tools rather than a replacement. In future, other static analyses
(CFGs/slices/types) can be incorporated.

14 Conclusion
Novelty and Significance. We tackle execution prediction from a novel angle by grounding

LLMs in actual execution data and transition-aware execution semantics instead of traditional
input-output mappings. In our knowledge distillation, the teacher model generates execution
rationales as training instances that illustrate how individual statements execute according to the
applicable rules in the operational execution semantics. We then fine-tune a smaller model using
these execution rationales to better predict dynamic program behavior. We found that execution
rationales generated by a large LLM –grounded in actual execution data and transition-aware
semantics – yield significantly more effective training than unguided monologues produced without
such grounding. Importantly, with such training, Reasoner performs even better than Explainer
(without fine-tuning) in the code execution prediction tasks.

Technically, Reasoner is a Python predictive interpreter that statically simulates execution when
running code is unsafe, costly, or infeasible. For example, on online code snippets it can flag likely
runtime errors without integrating or sandboxing the code. For test-case prioritization, Reasoner
can estimate coverage for candidate tests and rank them without actually executing them, avoiding
upfront execution cost. In an IDE, Reasoner can act as a static execution predictor—surfacing
expected state transitions and next statements—to support manual debugging without a live run.
Impact. T-REX lays the groundwork for teaching operational semantics beyond execution predic-
tion, enabling the training of smaller models on other dynamic behaviors. For example, dynamic
analyses—such as dynamic slicing or vulnerability detection—can produce structured explanations
that serve as supervision to fine-tune compact LLMs to reason about complex runtime phenomena
(e.g., slices, exception flows, runtime errors, vulnerabilities). Our results show that T-REX effec-
tively learns to detect runtime exceptions, highlighting its potential as a foundation for integrating
operational semantics into LLM-based reasoning across diverse dynamic analyses. T-REX could
work for incomplete/non-executable code. That said, more empirical studies are needed to assess
generality and robustness. In addition, extending the framework to hardware-coupled runtime
environments remains challenging and will likely require adapted execution semantics.

15 Data Availability Statement
Data and code is available at https://anonymous.4open.science/r/T-REX-4622.
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