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ABSTRACT

Recent Large Language Models (LLMs) have reported high accuracy on reasoning
benchmarks. However, it is still unclear whether the observed results arise from
true “reasoning” or from statistical recall of the training set. Inspired by the ladder
of causation (Pearl, 2009) and its three levels, this paper introduces RE-IMAGINE:
a framework to characterize a hierarchy of reasoning ability in LLMs, alongside
an automated pipeline to generate problem variations across all the levels of the
hierarchy. We demonstrate RE-IMAGINE on four widely-used benchmarks, and
observe reductions in performance across several families of LLMs when models
are queried with problem variations. These assessments indicate a degree of
reliance on statistical recall for past performance, and open the door to further
research targeting skills across the reasoning hierarchy.

1 INTRODUCTION

Recent advancements in Artificial Intelligence (AI) have sparked increasing interest in the devel-
opment of reasoning systems. Central to this goal are Large Language Models (LLMs) – models
like OpenAI’s o1 (Jaech et al., 2024), o3 (OpenAI, 2024), or DeepSeek-R1 (Team, 2025) show
complex problem-solving abilities, and demonstrate unprecedented results on reasoning benchmarks,
e.g. FrontierMath (Glazer et al., 2024) and ARC-AGI (Chollet et al., 2024). With growing reliance
on LLMs across wide-ranging applications, it is increasingly important to clarify the strengths and
limitations of these apparent reasoning abilities.

Reasoning is a cognitive process. It involves using facts or premises to make inferences about
conclusions or judgments (Holyoak & Morrison, 2005). In the realm of LLMs and AI, reasoning is
understood to be the ability of a model to demonstrate logically correct systematic processes that
surpass mere statistical pattern recognition in the training set (González & Nori, 2024).

Traditionally, the evaluation of reasoning evaluation in LLMs has been focused on their performance
across fixed benchmarks in domains such as math (Cobbe et al., 2021), programming (Wu et al.,
2024; Gu et al., 2024), real-world logic (Jin et al., 2023a) and others (Wang et al., 2019; Hendrycks
et al., 2020; Srivastava et al., 2022). However, debate persists on whether the observed results occur
from genuine reasoning or from mere statistical recall of training data (Mitchell & Krakauer, 2023)
– particularly for training data which, in the case of published benchmarks, may have information
leakage from the test set (Zhou et al., 2023). Defining principled ways to make this distinction is
crucial for advancing AI and controlling potential hazards and risks (Weidinger et al., 2021).

Recently, several surveys have explored how to evaluate reasoning beyond memorization in LLMs
(Xu et al., 2025; Huang & Chang, 2023). In general, two main approaches have emerged. One aims to
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Level Description Examples Evaluation metric(s) References

1. Observe Original problem.
Problems in GSM8K,
CLadder, CRUXEval

Loop
Task performance (original).

Cobbe et al. (2021)
Jin et al. (2023a)

Kamath et al. (2024)
Gu et al. (2024)

2. Mutate
Mutated problem by
replacing or adding

components.

Replacing numeric value,
changing variable name,

modifying operator,
irrelevant information

Task performance
(original and mutated).

Mirzadeh et al. (2024)
Srivastava et al. (2024)

Wu et al. (2023)
Lewis & Mitchell (2024)

3. Imagine

Original problem augmented
with an ‘imagine’ statement,

modifying the original statements
or assertions before it.

Extra logic involving revisions
or counterfactual statements.

Task performance
(original and augmented)

PN and PS
(only in counterfactuals).

González & Nori (2024)
Hüyük et al. (2024)

Table 1: Hierarchy of problem variations introduced in the RE-IMAGINE framework to evaluate
LLMs. Level-1 (observe) captures the accuracy of LLMs to solve problems in existing benchmarks.
These benchmarks may have been observed by the LLMs in current or similar form. Level-2 (mutate)
captures the ability to solve problem variations. Level-3 (imagine) captures the ability to correctly
incorporate new logic into existing problems, even when it contradicts the original components.

develop novel reasoning tasks such as mystery blocksworld (Webb et al., 2024), ARC-AGI (Chollet
et al., 2025), and others (Zhu et al., 2023). An alternative is to create novel variations of existing
benchmarks, e.g. for math (Mirzadeh et al., 2024; Srivastava et al., 2024), analogies (Lewis &
Mitchell, 2024), and diverse tasks across code, math, and logic (Wu et al., 2023; Zhang et al., 2024).
A common strategy for creating such variations involves leveraging symbolic representations of
problems such as functional templates (Mirzadeh et al., 2024; Srivastava et al., 2024), reasoning
or causal graphs (González & Nori, 2024; Hüyük et al., 2024; Yang et al., 2024), planning tasks
(Valmeekam et al., 2022) or code (Li et al., 2024).

Despite the introduction of various benchmark variations aimed at assessing LLMs’ reasoning abilities,
these variations have been developed in an ad hoc manner, lacking a systematic hierarchy. Moreover,
most existing approaches rely on significant manual effort and are designed for specific tasks, making
them difficult to scale across multiple benchmarks and tasks. For instance, in Mirzadeh et al. (2024);
Srivastava et al. (2024), functional templates for simple math problems in the GSM8K benchmark
(Cobbe et al., 2021) are manually created, restricting the analysis to only 100 new templates.

Inspired by Judea Pearl and his ladder of causation (Pearl, 2009) – “Only machines that can correctly
perform correlations, interventions and counterfactuals will have reasoning abilities comparable
to humans”, we present a new framework, RE-IMAGINE, to characterize a hierarchy of reasoning
abilities in LLMs, alongside an automated pipeline to guarantee scalable evaluations.

RE-IMAGINE generalizes, expands and scales up LLMs reasoning evaluation by means of an auto-
mated pipeline with three core components:

(i) A language-to-code model that converts each problem into a symbolic (code) representation.
(ii) A set of mutations of the symbolic representation that creates an ‘executable’ variation.

(iii) A code-to-language component that translates the generated variations to natural language.

The intermediate executable symbolic representation ensures that correct outcomes can be calculated
automatically from the mutations. This approach generates a diverse set of “unseen” variations of
existing, well-established benchmarks, providing novel challenges for LLMs.

RE-IMAGINE enables us to reinvent the standard approach to evaluating reasoning in LLMs. As our
experiments show, benchmarks across domains such as math, code, and logic can be systematically
transformed using the same principles, generating challenging new scenarios that are unlikely to
appear in the LLMs pre-training data. Our findings indicate that all tested LLMs exhibit some degree
of reliance on statistical recall, while problems at higher levels in the reasoning hierarchy remain a
yet-unsolved challenge.

Contributions. This paper presents three major contributions, corresponding to each of the follow-
ing sections: In Section 2, we propose a hierarchical framework to characterize existing and new
approaches for evaluating reasoning in LLMs. The proposed hierarchy has three levels of increas-
ingly difficulty that capture different levels of reasoning via variations of the problems of existing,
well-established benchmarks. In Section 3, we propose an end-to-end, automated pipeline that allows
the generation of an arbitrary number of new problems in each level of the hierarchy. This is crucial
to scale up current approaches that require the manual generation of new scenarios. In Sections
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4-5, we useRE-IMAGINE to re-analyze the reasoning abilities of all models in the GPT (Brown
et al., 2020), Llama (Touvron et al., 2023), and Phi families (Kambhampati et al., 2024). We focus
on four reasoning benchmarks: GSM8K for math (Cobbe et al., 2021), CLadder for causality (Jin
et al., 2023a), and CRUXEval (Gu et al., 2024) and Loop (Kamath et al., 2024) for code. We show
consistent decline in LLM performance as reasoning complexity increases across the board.

Figure 1: Top: The benchmark transformation pipeline outlined with an example from GSM8K
(Cobbe et al., 2021). This pipeline leverages the symbolic representation of the question (a Python
snippet) to automatically transform a math QA problem (leftmost) into a similar format with additional
reasoning steps (rightmost). Bottom: To clearly de�ne the mutations, we transform the symbolic
representation into a computational graph (leftmost). Nodes represent variables from the symbolic
representation, and edges illustrate dependencies between them. The remaining six graphs depict
different types of mutations (see Section 3.2).E, B, M, R, P, andS represent variableseggs,
breakfasteggs, muf�n eggs, reminder, price, andsales, respectively. Yellow highlights indicate the
modi�cations made relative to the original versions. Red nodes represent binary values, while all
other nodes are numeric.
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Benchmark Type Input Output Required Steps
GSM8K Mathematics QA NL math question Numerical answer 1
 2
 3
 4

CLadder Causal QA NL causal query Y/N answer 1
 2
 3
 4

CRUXEval Code understanding Python function, input Execution output 2
 4

Loop Loop invariant inference C Code, assertion Y/N answer 2
 4


Table 2: A summary of the steps used in GSM8K (Cobbe et al., 2021), CLadder (Jin et al., 2023a),
CRUXEval (Gu et al., 2024), and Loop (Kamath et al., 2024). Since the inputs for both CRUXEval
and Loop are code snippets, steps1
 and 3
 are not required.

2 RE-IMAGINE : THE LadderOF REASONING

Inspired by the ladder of causation (Pearl, 2009), we de�ne and label a three-layer hierarchy (`observe',
`mutate', `imagine') that characterizes different levels of reasoning abilities in LLMs, in the same way
that the ladder of causation captures three different cognition skills. This allows us to characterize
and compare the goals of different evaluation experiments with precision, both new and existing. A
summary of the three levels is presented in Table 1.

• Level-1 (“Observe”) captures the accuracy (or other metric of interest) of LLMs on existing bench-
marks. It is calledobservebecause it is expected that an LLM which has alreadyseentraining-set
problems similar to the ones in the benchmark should be able to produce high accuracy.

• Level-2 (“Mutate”) captures the ability of LLMs to solve problems that have beenmutatedby, for
example, adding irrelevant information, renaming values, or changing values. It tests the ability of
models to generalize beyond the existing benchmarks in cases where the core logical requirements of
the questions are preserved. Several works have proposed approaches that sit in this level (Mirzadeh
et al., 2024; Srivastava et al., 2024; Wu et al., 2023; Lewis & Mitchell, 2024), which are based
on manually created functional variations of the original problems. The results in such variations
highlight memorization and over-�tting issues. For a true reasoning model, the task performance
should be invariant with respect to the class of changes in this level.

• Level-3 (“Imagine”) is the topmost and most sophisticated level. It captures the models' ability to
correctly incorporate new information and logic into existing problems. Given a problem de�ned by
a set of logical predicates or facts, this variationaugmentsthe original problem with an additional
predicate that changes some previously stated one. Correctly incorporating new logic requires an
accurate internal representation of the steps required to solve the problem, as well the ability to
contradict and revise prior knowledge. Counterfactual assessments (González & Nori, 2024) sit at this
level of the hierarchy. Task performance metrics and counterfactual related metrics like the probability
of necessity (PN) and suf�ciency (PS) can be used in this level as in González & Nori (2024).
Next, we detail how to use the problems from benchmarks inLevel-1to create novel problems in
Level-2andLevel-3.

3 BENCHMARK SYNTHESIS PIPELINE

We present a uni�ed benchmark synthesis pipeline that automatically generates variations of existing
benchmarks, preserving the core logic of the task while demanding stronger reasoning abilities.

We illustrate the pipeline with a real example from the GSM8K benchmark, presented in the top
row of Figure 1. Starting with a sample from the existing dataset, we �rst convert the question into
executablesymbolic form, e.g. code, knowledge graph (1
 in Figure 1). In line with Toshniwal et al.
(2024), we represent the math question as a Python code snippet. Next, we apply a speci�c type of
mutation to the symbolic representation (2
 ). In this example, we overwrite the value of the variable
muf�n eggsin the code. To maintain the core logic of the task – a natural language-based math
question-answering (QA) problem – we translate the change in the symbolic representation back into
natural language (NL) and incorporate it into the original question (3
 ). Due to the executable nature
of the Python code, the ground-truth answer for the mutated question can be obtained by running the
modi�ed code snippet (4
 ).
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Note that although Figure 1 illustrates all the elements in the pipeline, not all of them will be necessary
for every benchmark of interest. A summary of the required steps for the benchmarks discussed in
this paper is provided in Table 2. Similarly, not all mutations are applicable to every problem, and
additional mutations beyond those listed in Figure 1 can also be considered.

3.1 NL-TO-SYMBOLIC ( 1
 ) & SYMBOLIC -TO-NL ( 3
 )

Steps 1
 and 3
 , corresponding to transformations from NL to Symbolic and Symbolic to NL
respectively, are non-trivial. Benchmarks that have original problems already in code form (e.g.
Loop and CRUXEval) do not require these steps. When they are required, they need some level of
adaptation to the nature of the benchmark. Details for these two steps are provided in Section 4.

3.2 SYMBOLIC MUTATIONS ( 2
 )

We showcase six code mutations spanning theLevel-2andLevel-3reasoning levels to create bench-
mark variations. To thoroughly de�ne the mutations in2
 , we �rst convert the symbolic representation
into a computational graph (leftmost column in the bottom row of Figure 1). Nodes represent variables
in the symbolic representation and edges capture their dependencies. The mutation applied to the
computational graph is then re�ected in the symbolic representation and translated into NL. The
remaining six columns in Figure 1 illustrate mutation variations.

Level-2 mutations

• SampleValuesassigns new values to all root nodes. When translating the mutation back to NL, only
the values in the question are replaced with the new ones, while the rest of the narration remains
unchanged. This mutation speci�cally aims to differentiate the model's reasoning ability from
memorization caused by data contamination.

• UselessInfoadds a new node dependent on a randomly selected node from the original graph, with
the change described in NL between the context and the question. This introduces additional context,
but does not alter original statements or impact the correct answer. This assesses the model's ability
to disregard irrelevant information.

Level-3 mutations

• AddDependencealso introduces a new node into the graph. However, unlikeUselessInfo, a randomly
selected node from the original graph is modi�ed to depend on the new node for its calculation. This
is likely to in�uence the correct answer to the question. A natural way to encode this mutation in NL
is to append a statement to the end of the original question, amending the original statement context,
making this aLevel-3mutation.

• InsertConditionaladds a new node that connects two non-adjacent nodes in the graph, with edges
linking the �rst node to the new node and the new node to the second node. In symbolic terms, this
mutation is represented as an if-else condition. Two variables are randomly chosen, and one variable's
value is set to 0 depending on the value of the other. Describing this in NL as a change to the previous
method of calculating the variable, it also becomes aLevel-3mutation.

• CounterFactualrandomly selects a node in the graph and overwrites its value. UnlikeSampleValues,
this mutation does not directly replace the number in the question. Instead, it presents the change as
an assumption statement appended to the original question. Thus, it modi�es an existing statement in
the context and adds an extra reasoning step to the original question — aLevel-3mutation.

• Bi-CounterFactualbuilds onCounterFactualto evaluate the model's ability to connect the presence
or absence of a cause with its effect, an essential reasoning skill from the perspective of causation
(Neuberg, 2003; Halpern & Pearl, 2005). Previous work (González & Nori, 2024; Ḧuyük et al., 2024)
quantitatively evaluates this throughnecessityandsuf�ciency inconsistency rates(N-IR andS-IR), but
relies on manually crafted questions and their counterfactuals. In contrast, our automated pipeline
unlocks large-scale analysis. InBi-CounterFactual, the computational graph is treated as a Structural
Causal Model (SCM), where the overwritten node acts as the cause and the �nal answer (leaf node)
serves as the effect. Speci�cally,Bi-CounterFactualrequires binary cause and effect nodes, with the
overwritten value ensuring a change in the cause statement's presence or absence.
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Figure 2: GSM8K results summary: model accuracy on numerical answer predictions across test set
variations in different reasoning levels (see Section 3.2 and Figure 1).2

In the next two sections, we apply our benchmark synthesis pipeline to the math reasoning benchmarks
GSM8K and CLadder (Section 4) and the code benchmarks CRUXEval and Loop (Section 5).

4 MATH BENCHMARKS: GSM8K AND CLADDER

This section �rst details the benchmark transformation process for GSM8K and evaluates its quality
(Section 4.1). We then analyze model accuracy on numerical math questions using the �rst �ve muta-
tions outlined in Section 3.2, excludingBi-CounterFactual(Section 4.2). SinceBi-CounterFactual
involves binary questions and is primarily assessed with causation metrics, it is discussed separately
in Section 4.3. Section 4.4 demonstrates that the �ndings from GSM8K extend to CLadder, another
math reasoning benchmark focused on probabilities and causality.

4.1 TRANSFORMATION PIPELINE

Question to Symbolic Representation1
 Toshniwal et al. (2024) introduced OpenMathInstruct,
whose validation set contains 970 GSM8K QA examples paired with Python solutions generated
by Mixtral-8x7B (Jiang et al., 2024). We construct our test set by �ltering out examples where the
Python solution execution does not match the ground-truth answers. To ensure high-quality mutations,
we further �lter the data to keep only those where all constant variables in the code (root nodes in the
computational graph) align with the numbers in the question and vice versa.3

Symbolic Representation to Mutation 2
 We incorporate all six types of mutation described in
Section 3.2. Since most GSM8K questions are framed within a story context, we ensure that newly
sampled values for existing variables align with the original value's type (�oat/integer) and sign to
preserve the story's coherence. Within this constraint, integers are sampled from a discrete uniform
distribution, while �oats are drawn from a uniform distribution centered around the original value.
We also ensure that the �nal answer maintains the same type and sign as the original.

Mutated Symbolic to NL 3
 In the SampleValuesmutation, only the values in the questions
are replaced with newly sampled ones, while the rest of the narrative stays the same, so no new
NL descriptions are required. For the other mutation types, we provide the original math question,
its Python solution, and the code modi�cations to a LLM (GPT-4o), leveraging its text generation
capabilities to describe the code changes in natural language. To guarantee the symbolic-to-NL
translation is correct, we prompt GPT-4o a second time to back-translate the mutated math problem
into Python by modifying the original question's Python solution. The generated code must produce
an execution result that matches the ground truth answer of the mutated question. (Detailed prompts
are shown in Figure 14 and Figure 13 in Appendix B.)

2Due to potential noise from the automatic mutation process, we performed a human evaluation on the
mutated test set. We added the percentage of invalid examples in each mutation category to the top of each
accuracy bar as hashed blocks, assuming that if these QA pairs were correct, the models would answer them
correctly. This provides an upper bound on the model's performance. We also present a box plot (see Figure 7 in
Appendix B) to illustrate the statistical accuracy across 10 sets of samples.

3We account for commonsense numerical facts, such as one year = 12 months, and one hour = 60 minutes.
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To verify the accuracy of the mutated QA pairs, we manually reviewed 50 randomly selected examples
from each mutation type. Valid examples are the ones that contain a clearly de�ned question and
a correct ground-truth answer. The percentage of invalid QA pairs inSampleValues, UselessInfo,
CounterFactual, AddDependence, andInsertConditionalwere 3.33%, 0.00%, 6.67%, 5.00%, and
5.00%, respectively.

4.2 REASONING ONNUMERICAL MATH QA

In line with previous studies, during testing, all models are provided with 8 in-context examples
with Chain-of-Thought (CoT) to help them understand the task (prompt shown in Figure 15 in
Appendix B).4 We evaluate models from three popular families—Phi, Llama, andGPT (see Table 3
in Appendix A for details).

The answer accuracies are presented in Figure 2, with the percentage of invalid mutated examples in
each mutation category displayed as a hashed block above each bar. By assuming that models would
correctly answer these questions if the QA pairs were valid, this estimation serves as an upper bound
on the model performance.

Key �ndings are: (1) With 8-shot in-context examples, most of the models achieve high accuracy
(� 95%) on the Level-1 raw test set. (2) AmongLevel-2mutations,UselessInfois less challeng-
ing—especially for larger models—indicating their ability to ignore irrelevant details. However,
nearly all models experience around 10% accuracy drop onSampleValues, despite unchanged rea-
soning paths and only altered values. (3)Level-3mutations pose a greater challenge, with models
showing signi�cantly lower upper-bound performance than onLevel-1and2 test sets.

We also conduct ablation experiments to study the impact of in-context examples (Appendix B.2) and
examine performance on test set variations containing multiple mutations (Appendix B.3). We found
that most models perform signi�cantly better on the generated test set variations when provided with
both original and mutated examples, compared to using only original GSM8K examples or only
mutated examples as in-context examples. Composing mutations increases performance gap between
the mutated sets and the original set.

4.3 REASONING EVALUATION WITH BINARY COUNTERFACTUALS

Bi-CounterFactualas described in Section 3.2 creates two auxiliary nodes in the computation graph
with binary versions of a condition and an outcome. The reason for considering this problem transfor-
mation is that it allow us to compute metrics that are relevant to evaluate reasoning beyond accuracy.
As shown in Gonźalez & Nori (2024); Ḧuyük et al. (2024), this scenario enables the computation of
the probabilities of necessity (PN) and suf�ciency (PS) from the counterfactual literature (Pearl et al.,
2000). Intuitively, these measures capture the probability of activating/deactivating a binary outcome
in the presence/absence of a binary input. Although this restricts our analysis to the simpli�ed
(binarized) version of the GSM8k introduced by theBinary Counterfactualmutations, we compute
these metrics due to their intrinsic value. The ground truthPN andPSvary across problems and
nodes. To give a benchmark-level measure of how well different models approximate them, we
use the necessity and suf�ciency inconsistency rates (N-IR, S-IR) introduced in Ḧuyük et al. (2024),
which account for the errors in the approximation of these measures in a normalized way (an optimal
reasoning LLMs is one withN-IR = 0 andS-IR= 0 ).5

Figure 3 shows the averageS-IRandN-IR for all models across 50 random examples. Consistent
with the numerical accuracy evaluation, GPT-o1 remains the best-performing model, while Llama 8B
models, GPT-3.5, and GPT-4 are at the other end of the spectrum. However, GPT-4o and Llama 70B
outperform phi3-small and phi3-mini in the causal reasoning evaluation.

4We follow this blog post to strengthen our prompt.
5Because obtainingN-IRandS-IRis computationally expensive, we used 50 questions from the validation

set of the benchmark, where the condition node was randomly sampled across the available leaf nodes. To obtain
these results, we follow the same experimental setup as in Hüyük et al. (2024).
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