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Abstract
Counterfactual reasoning is widely recognized as one of the
most challenging and intricate aspects of causality in artificial
intelligence. In this paper, we evaluate the performance of
large language models (LLMs) in counterfactual reasoning.
In contrast to previous studies that primarily focus on com-
monsense causal reasoning, where LLMs often rely on prior
knowledge for inference, we specifically assess their abil-
ity to perform counterfactual inference using a set of formal
rules. To support this evaluation, we introduce a new bench-
mark dataset, CounterBench, comprising 1.2K counterfac-
tual reasoning questions. The dataset is designed with vary-
ing levels of difficulty, diverse causal graph structures, dis-
tinct types of counterfactual questions, and multiple nonsen-
sical name variants. Our experiments demonstrate that coun-
terfactual reasoning poses a significant challenge for LLMs,
with most models performing at levels comparable to ran-
dom guessing. To enhance LLM’s counterfactual reasoning
ability, we propose a novel reasoning paradigm, CoIn, which
guides LLMs through iterative reasoning and backtracking to
systematically explore counterfactual solutions. Experimen-
tal results show that our method significantly improves LLM
performance on counterfactual reasoning tasks and consis-
tently enhances performance across different LLMs.

Introduction
Counterfactual reasoning, residing at the pinnacle of Pearl’s
Causal Hierarchy (Pearl and Mackenzie 2018), underpins
the “what if” inquiries essential to human cognition and
decision-making across critical fields such as healthcare,
business, public administration, and science (Gvozdenović
et al. 2021; Kyrimi et al. 2025; Kasirzadeh and Smart 2021;
Koonce, Nelson, and Shakespeare 2011; Gow, Larcker, and
Reiss 2016; Loi and Rodrigues 2012). For example, a con-
sumer who declined an extended warranty may later won-
der, “What if I had purchased it, could I have avoided the
repair costs?” This illustrates how counterfactual reasoning
guides decision-making by evaluating missed opportunities
and alternative outcomes (Krishnamurthy and Sivaraman
2002). While traditional causal inference methods (Sharma
and Kiciman 2020; Chen et al. 2020; Feder et al. 2022) have
enhanced the predictive accuracy, robustness, and explain-
ability of NLP models, recent progress in LLMs has further
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Figure 1: Comparison of accuracy scores on the Counter-
Bench dataset across different strategies: our proposed CoIn
paradigm versus baseline approaches (Standard, CausalCoT
(Jin et al. 2023), and Solver (Hua et al. 2024)), evaluated
using Gemini-1.5-flash. Our CounterBench dataset includes
five kinds types. Basic focuses on exploring how a sin-
gle change in a causal variable. Joint involves simultane-
ous changes in multiple causes, Nested involves stepwise
hypothetical assumptions about multiple variables. Condi-
tional evaluates counterfactuals under observed conditions.
And Backdoor involves counterfactual reasoning in the pres-
ence of backdoor paths that create confounding between the
treatment variable and the outcome.

enriched our ability to capture nuanced causal dependen-
cies (Liu et al. 2024a; Petroni et al. 2019; Liang et al. 2024;
Tarassow 2023; Ma 2024; Liu et al. 2024b). These advance-
ments not only demonstrate sophisticated reasoning in tasks
ranging from writing to programming but also pave the way
toward emulating human-like intelligence and achieving ar-
tificial general intelligence (Li and Li 2024; Alwin 2023;
Sahota 2023; Bubeck et al. 2023).

Despite recent advancements, progress in counterfactual
reasoning using LLMs remains constrained by two primary
challenges. First, there is currently no dedicated benchmark
dataset for rigorously evaluating LLMs’ performance on
counterfactual tasks, making it difficult to measure the mod-
els’ capacity to capture nuanced causal relationships. Sec-
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ond, even with advanced prompting techniques, Causal CoT
(Jin et al. 2023) and other iterative methods, LLMs often
struggle to produce logically consistent, contextually appro-
priate counterfactuals (Ma 2024; Jin et al. 2023; Kıcıman
et al. 2023; Zečević et al. 2023). In response, this paper fo-
cuses on two key questions:

How well do LLMs handle counterfactual reasoning?
The absence of a standardized benchmark dataset has im-
peded rigorous empirical evaluation of LLMs’ capabili-
ties in capturing intricate causal relationships within com-
plex counterfactual reasoning tasks. To address this, we
present CounterBench, a comprehensive evaluation frame-
work designed to assess counterfactual reasoning through
1.2K questions encompassing various domains and reason-
ing types. By systematically evaluating five key dimensions,
it demands genuine reasoning beyond pattern recognition or
memorized responses. Our experiments expose notable per-
formance limitations in LLMs, even those equipped with
advanced inference techniques. Most models like GPT-4o
and Deepseek-V3 achieve accuracy of approximately 50%,
equivalent to random guessing. Furthermore, our evaluation
of state-of-the-art inference strategies shows only marginal
improvements over baseline performance for most models.
The models consistently struggle with maintaining logical
coherence during multi-step reasoning processes and accu-
rately handling causal relationships in complex scenarios.

How to improve LLMs’ counterfactual reasoning abil-
ities? To advance large language models’ counterfactual rea-
soning capabilities, this paper presents CoIn (Counterfactual
Inference), a novel approach that explicitly tackles the crit-
ical challenges of multi-step inference, which remain unre-
solved by previous methods. CoIn embeds a tailored search
algorithm into the reasoning process, guiding LLMs through
abduction, action, iterative prediction, and backtracking val-
idation to systematically formalize and explore counterfac-
tual paths. This structured mechanism dynamically assesses
the promise of each inference step, enabling reversion to
more promising points and ensuring logical consistency, par-
ticularly in long-chain causal dependencies. This system-
atic process substantially improves the accuracy of counter-
factual analysis. Experiments on CounterBench demonstrate
that CoIn achieves an accuracy of 89.9%, delivering a nearly
20% improvement over Gemini-1.5-flash compared to alter-
native strategies (see Figure 1). The framework of this work
is illustrated in Figure 2. The contributions of this work are
summarized as follows:

• We build a comprehensive dataset, CounterBench. The
dataset contains over 1200 long-chain complex counter-
factual reasoning questions. The dataset spans multiple
difficulty levels, diverse causal graph structures, various
types of counterfactual questions, and a wide range of
nonsensical variant name combinations.

• We benchmark LLMs with various inference strategies
on CounterBench, and results reveal that most existing
models (e.g., GPT-4o and Deepseek-V3) exhibit limited
capabilities in performing counterfactual inference tasks.

• We propose a novel reasoning paradigm CoIn guides
LLMs through abduction, action, iterative prediction, and

backtracking validation to systematically formalize and
explore counterfactual reasoning paths. It achieves nearly
90% accuracy on several state-of-the-art LLMs evaluated
on CounterBench, representing a 20% improvement over
the previous best baseline.

CounterBench
To evaluate the counterfactual reasoning capabilities of
LLMs, we introduce a comprehensive benchmarking dataset
specifically designed to measure their ability to handle com-
plex causal reasoning tasks. This section details the structure
of the dataset, the methodology for query generation, and the
benchmarking results analysis.

Dataset Structure
The dataset consists of two main components: a set of
counterfactual queries and corresponding binary answers.
Formally, the dataset is defined as D := {(qi, ai)|i =
1, 2, ..., N}, where each qi is a counterfactual query, and
ai ∈ {yes, no} represents the correct answer. Each query
is derived from a deterministic Structural Causal Model
(SCM) M = ⟨U, V, f⟩, where U is the set of exogenous vari-
ables with assignments u, V is the set of endogenous vari-
ables, and f is the set of structural equations (Pearl 2009).
For each Vi ∈ V , we have Vi = fi(Pa(Vi), Ui), where
Pa(Vi) ⊆ V denotes the parents of Vi, and Ui refers to the
subset of exogenous variables from U that directly influence
the value of Vi. Intervening on a set of variables X ⊆ V and
setting them to x modifies the model to Mx, which deter-
ministically defines the values of intervened variables given
u. The dataset includes five types of counterfactual queries:

Basic Counterfactual. The basic counterfactual type ad-
dresses simple “what-if” scenarios. In this scenario, it is for-
malized as Yx(u), which serves as a potential outcome ex-
pression. In causal reasoning, potential outcomes refer to the
hypothetical results observed when a variable is set to a par-
ticular value (Holland 1986). In Yx(u) expression, Y is the
outcome variable,x is the value considered in the hypothet-
ical scenario, and u denotes the context. To illustrate, con-
sider a lawn irrigation system that only activates when the
weather is sunny and the soil is dry. In this example, Yx(u)
describes the system’s potential behavior when the weather
condition x is imposed while the soil condition (context u)
remains unchanged. Consequently, when asking whether the
system would activate if the weather changed to cloudy, the
relevant counterfactual outcome is Ycloudy(u).

Joint Counterfactual. This type involves a counterfactual
scenario in which multiple variables are set simultaneously.
Formally, it is expressed as Yx,z(u), representing the out-
come Y after setting X = x and Z = z. For instance, a lawn
irrigation system will activate if the weather is sunny, but it
also requires dry soil as a trigger. Suppose Z represents the
weather condition and X represents the soil moisture con-
dition. The query asks if the irrigation system will activate
when the weather changes to cloudy and the sensor detects
that the soil is moist meanwhile. The relevant counterfac-
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Figure 2: Illustration of the framework. We create CounterBench, a dataset featuring five types of counterfactual questions
(basic, joint, conditional, nested, and backdoor). Based on this dataset, we benchmark state-of-the-art LLMs using various
inference strategies, conduct comprehensive error analysis, and propose our CoIn reasoning framework featuring systematic
inference with validation mechanisms.

Type Query Template Example Causal graph

Basic We know that X causes V1, V1 causes V2, V2 causes V3, and V3 causes V4,
V4 causes V5, V5 causes Y. Would Y occur if not X instead of X?

V5V4V3X V1 YV2

Joint
We know that X causes V1, V1 causes V2, V2 and V1 together cause V3,
V3 causes V4, V4 and X together cause V5, and V5 causes Y.
Would Y occur if not X and not V3?

V5V4V3X V1 YV2

Nested

We know that X causes V1, V1 causes V2, V2 and V1 together cause V3,
V3 causes V4, V4 and V2 together cause V5, and V5 causes Y.
Assume not X, and based on this assumption, further suppose not V4.
Would Y occur?

V5V4V3X V1 YV2

Conditional
We know that X and V1 together cause V2, V2 causes V3, V3 causes V4,
V4 causes V5, V5 causes Y. We observed V1. Would Y occur if not X
instead of X?

V5V4V3

X

V1

YV2

Backdoor We know that V1 causes X, X and V1 together cause V2, V2 causes V3,
V3 and X together cause V4, V4 causes V5, and V5 causes Y.

V5V4V3

X

V1

YV2

Table 1: Illustrative Counterfactual Query Types

Standard CausalCoT
Models Basic Cond. Joint Nested Back. Avg. Basic Cond. Joint Nested Back. Avg.
GPT-3 (Davinci-002) 56.8 50.2 48.8 51.6 52.5 51.9 51.2 41.9 51.2 51.6 50.5 49.3
GPT-3 (Babbage-002) 50.0† 50.0† 50.0† 50.0† 47.5 49.6 3.6* 7.6* 1.2* 19.6* 18.5* 9.8*
GPT-3.5 49.6 51.2 50.4 50.0 52.0 50.6 43.6 50.4 53.6 50.0 47.5 49.1
GPT-4o mini 50.0† 50.0† 50.0† 50.0† 52.5 50.4 57.2 66.4 60.0 63.2 50.0 59.8
GPT-4o 50.4 54.4 50.4 54.8 54.0 52.8 80.4 72.4 80.8 81.6 60.5 75.8
Claude-3 (Sonnet) 50.4 48.8 50.0 50.8 59.5 51.6 59.2 52.0 64.4 60.0 65.5 59.0
Claude-3.5 (Haiku) 28.4 24.0 43.6 54.0 51.0 39.8 60.4 65.6 67.2 66.0 61.0 64.2
Gemini-1.5-flash 75.2 65.6 67.2 76.0 53.0 68.0 72.4 70.8 72.4 78.4 58.5 71.0
Gemini-1.5-flash-8b 50.0† 50.0† 50.0† 50.0† 52.5 50.4 66.8 67.2 65.2 65.2 58.5 64.8
Deepseek-V3 50.4 50.4 50.0 50.0 60.5 51.9 80.8 70.4 76.4 77.6 63.5 74.2

Table 2: Model accuracy of standard method and CausalCoT across different reasoning categories. Note: * The average accuracy
is only 9.8% because most of responses are not “Yes” or “No” but “incomprehensible”, which means LLM cannot follow
instruction of CausalCoT instruction well to infer. More details will be explained in the Appendix H. † indicates that the LLM
predicts all questions as either “Yes” or “No”, leading to a 50% accuracy.

tual outcome is Ycloudy,moist(u). This scenario examines the
combined effect of both actions happening simultaneously.

Nested Counterfactual. Nested counterfactual involves
sequential dependencies between variables. This is repre-
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sented as YZx(u), where an intervention on X affects Z,
which in turn impacts Y . For example, if the weather had
been cloudy, which is a counterfactual weather state, and
under this scenario, the sensor detected moist soil instead of
dry soil, would the irrigation system activate? In this frame-
work, Z represents the weather condition, X is the soil mois-
ture reading. Z depends on the counterfactual value of X
through the system’s structural causal relationships.

Conditional Counterfactual. This type introduces ob-
served conditions into the counterfactual world (Pearl 2009).
Formally, it is written as Yx(u) | Zx(u) = z, asking how Y
would change if X was set to x while Z = z being observed
as a condition. For example, a lawn irrigation system will
activate if the weather is sunny, but it also requires dry soil
as a trigger. Now the weather is observed as sunny, the query
evaluates whether the lawn irrigation system still activate or
not if the sensor detects moist soil instead of dryness. Here,
Z = z represents the weather is observed as sunny, which is
a given condition for reasoning.

Backdoor Counterfactual. This type involves counter-
factual reasoning in the presence of backdoor paths that
create confounding between the treatment variable and the
outcome (Pearl 2009). Formally, it addresses queries of the
form Yx(u) when there exist backdoor paths from X to Y
through confounders. In such scenarios, the causal effect
cannot be directly identified without controlling for the con-
founding variables along the backdoor paths. For example,
a manager considers evaluating whether a new marketing
campaign would increase sales if it is implemented. How-
ever, both the decision to launch the campaign and the sales
outcome might be influenced by seasonal demand patterns.
Here, the backdoor path runs from the marketing campaign
through seasonal demand to sales, creating a spurious as-
sociation. The counterfactual query “Would sales increase
if we launched the campaign?” requires accounting for this
confounding by either controlling for seasonal effects or us-
ing other identification strategies. In our dataset, backdoor
counterfactuals test whether LLMs can distinguish between
genuine causal effects and spurious correlations when rea-
soning about alternative scenarios.

Query Generation and Quality Assessment
Each query consists of background information and a spe-
cific question. Table 1 illustrates how samples are gener-
ated using various deterministic counterfactual query types.
The background is constructed with causal graphs and story
templates, and variable names are replaced by nonsensical,
artificially generated words (e.g., “Kelp,” “Ziklo”) to pre-
vent models from relying on memorized knowledge. In this
way, we force LLMs to engage in causal reasoning rather
than using prior knowledge in pretraining data. The dataset
also features balanced distributions in multiple dimensions,
with binary responses evenly split between 50% “Yes” and
50% “No.” This balance extends across different question
types and difficulty levels, ensuring a uniform response dis-
tribution within each category. The dataset consists of 1,200
questions, categorized into five distinct types, with each type
containing 200 or 250 questions. Within each type, there

is an equal distribution of answers, comprising 100 “Yes”
responses and 100 “No” responses or 125 “Yes” and 125
“No”. Additionally, the dataset is stratified based on five lev-
els of difficulty, determined by the number of events present
in each question, ranging from 5 to 9. Each difficulty level
includes 240 questions, maintaining a balanced distribution
of answers with 120 “Yes” and 120 “No”. We also conduct a
human evaluation on these queries, with further details pro-
vided in Appendix B.

Benchmarking LLMs on CounterBench
We conducted comprehensive experiments to systematically
evaluate the performance of current LLMs on counterfactual
reasoning tasks, demonstrating their capabilities using state-
of-the-art reasoning techniques.
Models. The tested LLM models include GPT-3.5 turbo,
GPT-4o, GPT-4o mini, Davinci-002, Babbage-002 (Ope-
nAI 2024), Claude 3.5 Haiku, Claude 3 Sonnet (Anthropic
2024), Deepseek-V3 (DeepSeek 2024) and Gemini-1.5-
Flash and Gemini-1.5-Flash-8B (Google 2024).
Reasoning Strategies. In our baseline evaluations, we em-
ployed two distinct reasoning strategies to assess these mod-
els. The first relied on standard prompting methods with-
out specialized instructions. The second used the advanced
CausalCoT approach (Jin et al. 2023), an extension of the
Chain-of-Thought prompting paradigm (Wei et al. 2022). By
integrating a systematic derivation process, including causal
graph extraction, query type classification, data collection,
and formalization, CausalCoT ensures robust logical consis-
tency and high reasoning accuracy.
Evaluation Settings. Within our evaluation framework, re-
sponses are classified into three distinct categories, “Yes”,
“No”, and “Incomprehensible”. The latter encompassing re-
sponses that are either ambiguous or lack clear meaning,
typically manifesting when no answer is detected, such as
NULL returns or mere query echoes. During inference, we
set the temperature at 0. We employ inference accuracy as
our primary performance metric.

Experimental Results
As shown in Table 2, the results indicate that without spe-
cific instructions, most LLMs struggle with counterfactual
reasoning, performing no better than random guessing in
terms of accuracy. Specifically, for model GPT-4o mini, we
observed consistent predictions of either “Yes” or “No,” re-
sulting in a 50.0% accuracy in the first four kinds of ques-
tions. Among all tested models, Gemini-1.5-flash achieved
the highest baseline performance with an accuracy of 68.0%.
Although the CausalCoT approach is designed to enhance
the causal reasoning capabilities of LLMs, our empirical
findings suggest that it does not significantly improve their
performance in counterfactual reasoning tasks. Most mod-
els showed minimal or no improvement, as exemplified by
GPT-3.5 Turbo. The best performance model in the Causal-
CoT is GPT-4o, achieved an accuracy of only 75.8%.
Error Analysis. To systematically analyze the limitations of
existing approaches, we conducted an error analysis on re-
sponses generated by CausalCoT. Our analysis focuses on
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three key components: causal data collection, inference pro-
cess, and conclusion derivation. Through careful examina-
tion of each component, we identified three primary cate-
gories of errors: Wrong causal relationships: This error oc-
curs when LLMs cannot construct accurate causal graphs or
extract known values from background information. Wrong
inference process: This happens when LLMs, despite cor-
rectly identifying causal relationships, make incorrect pre-
dictions of the target event Y . Wrong conclusion: This
type of error arises when LLMs reach contradictory final
answers, even after correctly computing the value of Y .
The distribution of these error categories is illustrated in
Figure 3. Notably, 86% of errors occur in the inference
process, revealing that even with well-constructed causal
graphs, LLMs struggle significantly with deriving accurate
predictions through reasoning.

86%

12%
2%

Wrong Inference
Wrong Relations
Wrong Conclusion

Figure 3: Error Analysis of CausalCoT.

Proposed Reasoning Strategy
As discussed in previous section, the primary challenge
for large language models is to minimize incorrect infer-
ences, which are a major source of errors. To address this
challenge, we propose CoIn (Counterfactual Inference), a
systematic reasoning framework that guides large language
models through structured problem-solving instead of rely-
ing on intuitive shortcuts or memorized patterns. Our ap-
proach transforms counterfactual queries into a five-phase
algorithmic process, mirroring how humans naturally ap-
proach “what if” questions (Sel et al. 2023): first understand-
ing what actually happened, then imagining the alternative
scenario, systematically working through the consequences,
and finally double-checking the logic. This structured ap-
proach significantly reduces reasoning errors by breaking
down complex problems into manageable steps with built-
in validation. An example of proposed paradigm is provided
in Appendix A.

The CoIn framework consists of five key phases: Extrac-

tion: Extract Counterfactual Information from the given
natural language facts. Abduction: Infer the underlying
conditions from observed facts; Intervention Action: Ap-
ply the hypothetical changes specified in the query; For-
ward Inference: Systematically trace through the causal
consequences; Back-tracking Validation: Verify the log-
ical consistency of the entire reasoning chain. Each phase
serves a specific purpose in ensuring accurate counterfac-
tual reasoning, and they provide a robust methodology for
handling complex causal dependencies together. Below, we
describe each phase in detail, explaining its role and how it
contributes to the overall process.

Extraction
In the first phase, we focus on systematically gathering all
relevant information explicitly stated in the scenario. The
process begins with constructing the causal graph by iden-
tifying relationships between events and representing them
in a clear “event 1 → event 2” format, which eliminates
potential ambiguities. Next, we collect the given values for
each variable from both background information and ques-
tions, where these values indicate whether specific events
occur or not. Crucially, this phase maintains strict adherence
to explicitly stated information, avoiding any unsupported
inferences or assumptions in favor of a rigorous and unbi-
ased data collection process.

Abduction
This phase focuses on inferring the posterior constraints over
the exogenous noise variables, equivalently, constraints over
parent assignments that make the observed factual world
consistent with the structural equations. For each observed
variable V with value vobs, we invert its structural equation
V := fV (Parents(V ), UV ) to obtain either a unique solu-
tion for UV or a feasible set over UV given the parents. In
deterministic logical models, this is often conveniently car-
ried out by deducing parent assignments that must hold for
vobs to be true. The resulting values are stored as the factual
world knowledge base and will be held fixed in subsequent
Intervention Action and Forward Inference, ensuring coun-
terfactuals are evaluated in the same world.

Intervention Action
In this phase, the framework applies the counterfactual in-
terventions described in the query. This involves modifying
the original set of causal rules by replacing the equations for
the intervened variables with constant values, resulting in an
updated set of rules. The interventions are incorporated into
the knowledge base, effectively making a precise alteration
to the causal graph. This phase captures the core “what if”
element of the query, allowing the framework to simulate hy-
pothetical worlds in a controlled way. It focuses on specific
changes, which streamlines the exploration by limiting the
search to paths directly affected by the intervention, similar
to how efficient searches eliminate unnecessary branches.

Forward Inference
During this iterative phase, the framework predicts values
for unobserved variables by selecting nodes in the causal
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graph whose parent variables are already known in the
knowledge base and evaluating their updated equations. Be-
ginning with the intervened variables and the inferred noise
terms, it gradually computes the effects on downstream vari-
ables until it reaches the target variable Y . If a node’s
value cannot be calculated due to missing information about
its parents, the framework chooses another suitable node
and continues the process until Y is determined. This for-
ward progression mimics a depth-first exploration of causal
chains, enabling the framework to dynamically construct
and assess potential outcomes. By focusing on nodes that
can be computed immediately, it navigates the dependency
graph efficiently, steering clear of unproductive paths and
promoting a methodical advancement toward the solution.
The details of this phase is in the Appendix G.

Back-tracking Validation
To confirm that the predicted values are logically consistent,
this final phase retraces the steps through the knowledge
base and re-evaluates the equation for each non-noise vari-
able using the predicted values. For every such variable V , it
recalculates the expected value based on the updated equa-
tion and checks if it matches the previously stored value.
If any mismatch occurs, the framework signals an error,
highlighting a potential issue in the earlier reasoning that
may need reevaluation. This validation serves as a protec-
tive measure against errors that could accumulate during the
process, akin to retracing a path to confirm its validity.

Experiments
Experiment Setup
We adopted the same LLMs as mentioned in Section 3 for
our experiments. To establish baselines, we implemented
both CausalCoT (Jin et al. 2023) and standard solver strate-
gies. The latter integrates external tools into the chain-of-
thought process, as described in (Hua et al. 2024). Specifi-
cally, this approach combines LLMs with Structural Causal
Model (SCM) tools (Pearl 2009) for causal inference. The
study introduces CausalTool, a suite of 10 inference tools
designed for various causal tasks. It leverages LLMs to clas-
sify causal questions, extract causal graphs and formalized
data, and route them to the appropriate tools for inference,
with the final answer generated by the LLM. 1 During infer-
ence, the temperature is set to zero.

Main Result
The comprehensive performance comparison across all
models is presented in Table 3. Our approach demonstrates
notable improvements over existing methods across the
model spectrum, with particularly noteworthy performance
gains achieved by smaller language models, including GPT-
4o mini, Claude-3.5 Haiku, and Gemini-1.5-flash-8b. For in-
stance, our method enables GPT-4o mini to achieve an accu-
racy of 79.9%, surpassing the performance of several larger

1Since the source code for CausalTool is not publicly available,
we re-implemented its counterfactual inference procedure based on
descriptions in the original paper.

Model Standard CausalCoT SolverOurs
GPT-3 (Davinci-002) 51.9 49.3 50.1 49.6
GPT-3 (Babbage-002) 49.6 9.8 47.9 45.8
GPT-4o mini 50.4 59.8 47.2 79.9
GPT-4o 52.8 75.8 51.4 89.4
GPT-3.5 turbo 50.6 49.1 49.6 58.9
Claude-3 (Sonnet) 51.6 59.0 51.8 89.8
Claude-3.5 (Haiku) 39.8 64.2 48.3 79.1
Gemini-1.5-flash 68.0 71.0 52.8 89.9
Gemini-1.5-flash-8b 50.4 64.8 50.3 83.9
Deepseek-V3 51.9 74.2 49.3 91.8

Table 3: Model accuracy on CounterBench. We report the
average accuracy for four inference strategies: Standard,
CausalCoT, Solver, and CoIn.

Methods Basic Cond. Joint Nested Back. Avg.
Standard 50.0 50.0 50.0 50.0 52.5 50.4
CausalCoT 57.2 66.4 60.0 63.2 50.0 59.8
Solver 35.2 54.4 50.4 50.0 45.5 47.2
Ours 82.8 79.2 80.0 80.4 76.5 79.9

Table 4: Accuracy of GPT-4o mini across five query types in
the CounterBench.

models without CoIn enhancement. As detailed in Table 4,
taking GPT-4o mini as an example, CoIn achieves superior
performance across all five types of counterfactual ques-
tions, with particularly better results on basic questions com-
pared to more complex variants. Additionally, state-of-the-
art LLMs such as GPT-4o, Gemini-1.5-flash, and Deepseek-
V3 achieve remarkable accuracy approaching or exceeding
90% when augmented with our method. Taken GPT-4o as
example, Our strategy improves the accuracy of the model
from 75.8% to 89.4%, demonstrating CoIn’s effectiveness
in guiding LLMs through algorithm to explore paths step-
by-step. The results indicate that contemporary LLMs, when
equipped with our strategy, can effectively resolve most for-
mal complex counterfactual problems. The details of all per-
formance of our results are presented in Appendix C. More-
over, in Appendix D, we conducted error analysis. The anal-
ysis reveals a substantial reduction in errors of inference
process. Moreover, we also examine the impact of complex
causal relationships on outcomes. We found that accuracy
decreases as the number of variants increases for CausalCoT
and CoIn. The details are shown in the next section.

Validating Generalization Ability
In this section, we evaluate the generalization capability of
CoIn using the CLADDER dataset (Jin et al. 2023). CLAD-
DER is a dataset focus on the causal reasoning questions. We
utilize the CLADDER dataset to determine if the proposed
method can be extended beyond the CounterBench dataset.
Unlike our dataset, which focuses on formal rules, CLAD-
DER includes examples that utilize common sense knowl-
edge rather than causal inference abilities to answer queries.
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Specifically, it encompasses both commonsense and anti-
commonsense scenarios, allowing us to explore whether
CoIn remains effective under the influence of pretraining
knowledge in LLMs. We conduct experiments on the coun-
terfactual subset of CLADDER. We applied the Gemini-1.5
and Gemini-1.5-8b models to both commonsense and anti-
commonsense queries, with the results displayed in Figure 4
and detailed examples in Appendix E. These results demon-
strate that performance is consistently stable across different
reasoning paradigms, suggesting that pretraining knowledge
has a limited impact on the CoIn counterfactual reasoning
capabilities. Furthermore, our method achieves an accuracy
of 78.98%, outperforming both CausalCoT at 64.77% and
the Standard method at 64.20%. This performance under-
scores CoIn’s generalizability and its potential for broader
application in various counterfactual reasoning tasks.
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Figure 4: Accuracy comparison between Standard, CoIn,
and CausalCoT method in Anti-commonsense and Com-
monsense Dataset.

Related Work
Counterfactual Reasoning. Counterfactual reasoning ex-
plores how outcomes change when certain variables are al-
tered from their historical states. In Structural Causal Mod-
els (SCMs), Pearl’s (Pearl 2009) “surgery” and do-calculus
provide systematic ways to infer intervention outcomes,
highlighting deep causal knowledge required for accurate in-
ference. Counterfactuals can be deterministic or probabilis-
tic: deterministic settings yield predictable outcomes from
given conditions, while probabilistic models incorporate in-
herent uncertainties. These methods have gained traction in
domains like social sciences, where they assess alternative
policy outcomes and study causal mechanisms in observa-
tional data (Morgan 2015), and in medicine, where they en-
able personalized treatment and decision support (Johans-
son, Shalit, and Sontag 2016; Shalit, Johansson, and Sontag
2017; Louizos et al. 2017; Yoon, Jordon, and Van Der Schaar
2018). In artificial intelligence, counterfactual reasoning is
crucial for interpretability and fairness, enabling models to

generate alternative scenarios and assess decision-making
robustness. Although recent efforts extend counterfactual
reasoning to LLMs (Jin et al. 2023), significant challenges
persist, particularly regarding complex variable relation-
ships in high-dimensional text data. Consequently, bridging
the gap between textual complexity and robust causal infer-
ence remains a focal point for future research.

LLMs in Counterfactual Learning. With the rapid evo-
lution of LLMs, the research community has increasingly
focused on their ability to perform causal inference (Zhang
et al. 2023; Ashwani et al. 2024). A prominent example is
Causal Agent, an agent-based LLM framework that merges
an LLM with causal tools for complex tasks (Han et al.
2024). While it excels at identifying causal associations and
conducting interventions, it largely omits counterfactual rea-
soning, limiting its applicability to more advanced scenar-
ios. Current efforts to integrate counterfactual reasoning into
LLMs typically follow two paths. First, commonsense-based
approaches leverage background knowledge to imagine sce-
narios that defy established facts (Ning et al. 2024; Chatzi
et al. 2024; Musi and Palmieri 2024; Vicuna 2023), such
as positing alternative historical outcomes. Second, graph-
based methods employ formal causal graphs and external
Python packages for computations, as seen in CausalTool
(Hua et al. 2024). Although these methods effectively incor-
porate structured causal information, they often offload key
calculations outside the LLM.

Conclusion
In this work, we develop and extend CounterBench, a coun-
terfactual reasoning dataset with five problem types for LLM
evaluation. Our findings reveal that most LLMs perform
near-randomly, with state-of-the-art methods showing mini-
mal improvement. To address these challenges, we propose
CoIn, a reasoning paradigm inspired by formal causal infer-
ence principles and planning strategies. CoIn guides LLMs
through iterative thinking and backtracking to explore rea-
soning paths more effectively. Our approach significantly
enhances counterfactual reasoning capabilities of LLMs.
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