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Abstract

Understanding contextual causality is critical
for large language models (LLMs), as it enables
them to accurately identify causal relations in
specific situations and support more reliable
decision-making. Despite its significance, a
systematic exploration of contextual causality
with LLMs is still lacking. To fill this gap, we
present a comprehensive survey on this topic.
In this survey, we first propose a taxonomy of
contextual causality, consisting of semantic, in-
tervention, and counterfactual causality, and
characterize each category by its core causal
question, required model capabilities, represen-
tative tasks, and practical uses in causality anal-
ysis. We then analyze existing studies and dis-
cuss their key limitations. Finally, we examine
the gaps between current benchmarks and real-
world needs and outline promising directions
for future research. Our goal is to clarify the
research landscape of contextual causality with
LLMs, emphasize its importance, and highlight
promising future directions.

1 Introduction
Human knowledge and human power
meet in one; for where the cause is
not known the effect cannot be pro-
duced. — Francis Bacon

Causality, an important aspect of intelligence, can
be broadly divided into non-contextual and con-
textual forms (Lake et al., 2017; Halpern, 2016).
Non-contextual causality refers to general causal
relations between variables, such as smoking in-
creasing the risk of lung cancer. In contrast, contex-
tual causality concerns particular causal relations
grounded in concrete situations, such as whether
a specific patient’s lung cancer is caused by long-
term smoking. In natural language settings, con-
textual causality is grounded in a given natural
language situation, involving causal relations either
among events or between actions and outcomes.

Understanding such causality is essential for
large language models (LLMs), as it enables them
to accurately identify causal relations and better es-
timate the outcomes of actions, thereby supporting
more reliable decision-making (Drury et al., 2022;
Wang, 2024; Yang et al., 2022; Halpern, 2016; Lake
et al., 2017). This is especially important in high-
stakes domains (Richens et al., 2020; Wu et al.,
2024). For example, in personalized medical diag-
nosis, LLMs need to identify the causal relations
underlying a patient’s symptoms, medical history,
and clinical records to identify factors driving the
current condition, anticipate the effects of different
treatments, and support more reliable decisions.

Despite its importance, a systematic overview of
contextual causality with LLMs remains lacking.
Although several surveys have recently discussed
the role of LLMs in causality, most of them pri-
marily focus on non-contextual causality, includ-
ing causal discovery and causal inference with
LLMs (Wan et al., 2024; Liu et al., 2025; Ma,
2025; Yu et al., 2025; Zhou et al., 2025; Bazgir
et al., 2025; Li et al., 2025b). There are also task-
specific surveys on problems related to contextual
causality, such as counterfactual generation (CG)
with LLMs and event causality identification (ECI)
(Wang et al., 2024b; Cheng et al., 2025). How-
ever, these surveys cover only a limited portion
of the broader landscape of contextual causality.
In particular, the ECI survey reviews the develop-
ment of ECI and includes only limited coverage
of recent studies on ECI with LLMs. In addition,
some surveys discuss broader thematic topics such
as commonsense causality, causal uncertainty, and
benchmark analysis (Cui et al., 2024, 2025; Yang
et al., 2024b). Therefore, despite its importance, a
systematic overview of contextual causality with
LLMs remains lacking. To fill this gap, we conduct
a comprehensive survey on this topic.

In this survey, we first introduce a taxonomy of
contextual causality, motivated by causal analysis
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Survey Contextual Causality Non-Contextual Causality

Semantic Intervention Counterfactual Causal Discovery Causal Inference

(Wan et al., 2024) ✗ ✗ ✗ ✓ ✗
(Liu et al., 2025) ✗ ✗ ✗ ✓ ✓
(Ma, 2025) ✗ ✗ ✗ ✗ ✓
(Yu et al., 2025) ✗ ✗ ✗ ✓ ✓
(Zhou et al., 2025) ✗ ✗
(Bazgir et al., 2025) ✗ ✗ ✗ ✓ ✓
(Li et al., 2025b) ✗ ✗ ✗
(Wang et al., 2024b) ✗ ✗ ✓CG ✗ ✗
(Cheng et al., 2025) ✗ ✗ ✗ ✗
Ours ✓ ✓ ✓CR ✗ ✗

Table 1: Comparison with methodology-oriented causality surveys. ✓ indicates systematic coverage, indicates
coverage of only a few relevant studies, and ✗ indicates no systematic coverage. (Wang et al., 2024b) mainly covers
counterfactual generation (CG), whereas ours covers broader counterfactual reasoning (CR).

needs, and organize it into semantic, intervention,
and counterfactual causality. For each category, the
taxonomy characterizes the core causal question, re-
quired model capabilities, representative tasks, and
practical uses in causality analysis (§ 2). We then
analyze existing studies, covering both evaluation-
oriented and method-oriented research, and dis-
cuss their limitations (§ 3). Furthermore, unlike
existing surveys that examine whether these bench-
marks can truly assess LLMs’ contextual causal-
ity abilities or merely test their ability to retrieve
knowledge (Yang et al., 2024b), we focus on the
gap between them and real-world demands (§ 4).
Lastly, we suggest promising directions, including
real-world-oriented benchmark construction, more
comprehensive and fine-grained evaluation, post-
training data construction, and greater attention to
intervention and counterfactual causality (§ 5). The
comparison with existing surveys is summarized
in Table 1. The resulting taxonomy of contextual
causality is provided in Table 2.

2 Taxonomy of Contextual Causality

In this section, we introduce our taxonomy of con-
textual causality, which consists of three categories:
semantic, intervention, and counterfactual causality.
These categories can be viewed as a progression
from causal understanding to causal prediction and
further to alternative-world causal reasoning. able
2 provides a detailed overview of the taxonomy.
Prompt examples for representative tasks are pro-
vided in Appendix A.
Semantic Causality This category concerns
causal relations that are already expressed or im-
plied in a given natural language context, focusing
on what can be seen from the given text (Drury

et al., 2022). In this form of causality, causal rela-
tions are conveyed through explicit lexical markers
or implicit semantic relations in the text, and can be
identified from the given context alone. To under-
stand semantic causality, LLMs need three major
capabilities, including causal identification, causal
explanation, and causal strength estimation.

Causal identification refers to the ability of
LLMs to understand the complex causal structures
expressed or implied in text. Tasks under this ca-
pability mainly include ECI (Mirza et al., 2014),
causal judgment (CJ) (Du et al., 2022), causal attri-
bution (CA) (Ho et al., 2022), and causal detection
and span extraction (CDS) (Ding et al., 2025). ECI
aims to determine whether there is a causal rela-
tionship between two events, thereby supporting
causal graph construction in practice. CJ focuses
on selecting the most plausible cause or effect of
a target event from candidate options, supporting
causal link refinement. That is, when multiple pos-
sible causal links are available, LLMs must deter-
mine which link is most likely to represent a valid
causal relation. CA seeks to identify which event
or factor is responsible for an observed outcome,
corresponding to responsibility assignment in prac-
tical causality analysis. CDS focuses on detecting
whether a text expresses causal meaning and, when
applicable, extracting the textual spans correspond-
ing to the cause and effect. In practice, it is mainly
used to filter out texts lacking causal information
and to provide cause-and-effect spans as textual
evidence for the detected causal relation.

Causal explanation and causal strength estima-
tion further extend semantic causality beyond the
identification of causal structures. Causal expla-
nation requires LLMs to explain the mechanism,



Core Causal Question Capability Task Practical Use

Semantic Causality

What causal information
is expressed or implied
in context?

Identification

Event Causality Identification Causal Graph Construction
Causal Judgment Causal Link Refinement
Causal Attribution Responsibility Assignment

Causal Detection and Span Extraction Causal Filtering and
Evidence Grounding

Explanation Causal Explanation Generation Causal Mechanism Explanation

Strength Estimation Causal Strength Assessment Quantifying Causal Influence

Intervention Causality
What outcome would occur
under a given intervention
in context?

Effect Estimation Effect Prediction Decision Support

Counterfactual Causality
What would have happened
if conditions had been
different in context?

Imagination Counterfactual Reasoning Retrospective Analysis

Table 2: A taxonomy-driven overview of contextual causality with LLMs. The “Core Question” column specifies
the causal question addressed by each category. The “Capability” column summarizes the causal ability required
of LLMs for each category. The “Tasks” column lists representative tasks corresponding to each capability. The
“Practical Use” column describes how each task can be employed in practical causality analysis.

process or logic through which a cause leads to its
effect. The representative task under this capability
is causal explanation generation (CEG) (Ho et al.,
2022), which aims to explain why a causal relation
holds. In practice, CEG is mainly used to explain
causal mechanisms, making causal relations more
interpretable and useful for human analysis. Causal
strength estimation requires LLMs to assess the
degree to which one event causally influences or
contributes to another. The representative task for
this capability is causal strength assessment (CSA)
(Romanou et al., 2023), which goes beyond binary
causal judgments by estimating the strength of the
causal contribution between events. In practice,
CSA is mainly used for quantifying causal influ-
ence, such as ranking causal factors or assigning
strength scores to causal relations.
Intervention Causality This category concerns
the causal relationship between an introduced ac-
tion and the outcome it produces in a given context.
Here, “intervention” is used in a textual sense and
differs from the classical causal inference notion of
manipulating the underlying data-generating pro-
cess. Unlike semantic causality, which focuses
on understanding causal information already ex-
pressed or implied in the context, intervention
causality asks what outcome would occur when
an intervention is introduced into the given context,
corresponding to the question “What if I do...?” Un-
derstanding intervention causality requires LLMs

to perform effect estimation, i.e., estimating the
likely outcomes of different actions in the given
context. The representative task in this category is
effect prediction (EP) (Li et al., 2026), which con-
cerns inferring the effect that a given action would
have in a given contextual setting. In practice, EP
supports decision-making by helping compare pos-
sible actions based on their expected consequences.
Counterfactual Causality This category con-
cerns whether and how the outcome would differ if
a different action, event, or condition had occurred
in a given context. Unlike intervention causality,
counterfactual causality asks whether an observed
outcome would have been different if a different
action had been taken in the past, corresponding
to the question “What if I had done...?” Under-
standing counterfactual causality requires LLMs
to perform imagination, i.e., constructing an al-
ternative scenario that differs from the observed
facts and reasoning about how the outcome would
change. The representative task under this category
is counterfactual reasoning (CR) (Yu et al., 2023),
which aims to infer what would have happened
under such hypothetical changes. In practice, CR
supports retrospective analysis, such as reviewing
clinical decisions, analyzing system failures, and
examining whether an outcome could have been
different under alternative conditions. Since CG
has already been systematically surveyed in (Wang
et al., 2024b), we do not discuss it further here.



3 Contextual Causality with LLMs

In this section, we review existing work in this
area. We organize them into evaluation-oriented
studies, including performance evaluation and
benchmark construction for evaluating LLMs, and
method-oriented studies, including training-free
and training-based approaches. When a category
lacks relevant studies, we omit that type.

3.1 Performance Evaluation

Performance evaluation is essential for revealing
the limitations of LLMs and identifying directions
for future improvement.
Semantic Causality Gao et al. (Gao et al., 2023)
conduct the first systematic evaluation of various
GPT-series models (Brown et al., 2020; Achiam
et al., 2023) on ECI, CJ, and CEG. Their results
show that these models suffer from severe causal
hallucination in both ECI and CJ, tending to over-
attribute causal relations even when no true causal-
ity exists. One possible explanation is that natural
language contains a bias, as causal relations are of-
ten expressed with explicit cue words such as “lead
to” and “therefore”, while non-causal event pairs
are rarely explicitly described. As a result, models
trained on natural language may be more sensitive
to causal relations. Nevertheless, GPT-series mod-
els remain relatively strong at explaining causal
relations, as their generated explanations tend to be
more complete and detailed. Zhao and Yan (Zhao
and Yan, 2026) show that causal hallucination can
be more severe in smaller LLMs (≤1.5B parame-
ters) on ECI. Their analysis of model responses sug-
gests that these smaller models may mainly learn
superficial answer templates. They further con-
duct a robustness analysis by introducing incorrect
information as distracting evidence and find that
model performance drops significantly, indicating
sensitivity to misleading information. Meanwhile,
Takayanagi et al. (Takayanagi et al., 2024) find that
causal hallucination also exists in CDS.

Beyond causal hallucination, recent work (Zhao
et al., 2026) shows that different LLMs may ex-
hibit distinct causal behaviors in ECI. For exam-
ple, Qwen-series models (Bai et al., 2023) exhibit
causal neglect, where they often refuse to infer a
causal relation by claiming insufficient information,
even when the provided context contains sufficient
causal evidence. This behavior may be related to
post-training data, such as instruction tuning, which
can lead to more conservative responses.

Moreover, Yu et al. (Yu et al., 2025) show that
current LLMs, including DeepSeek, GPT, Claude,
and others (Team et al., 2024; Grattafiori et al.,
2024; Liu et al., 2024; Guo et al., 2025), still have
limited ability to handle contextual causality when
the causal structure is complex, and the task goes
beyond binary causal judgment. Although these
models achieve high accuracy on short-context CJ,
where the context usually contains only a few sen-
tences and the causal structure is relatively simple,
their performance drops sharply on CSA in CRAB.
This performance drop suggests that current LLMs
are strong on simple, short-context binary causal
judgment, but still limited in complex causal anal-
ysis, such as cases where an event has multiple
causes with different causal strengths under long
contexts.
Counterfactual Causality Kıcıman et al. (Kici-
man et al., 2023) evaluate GPT-series models on
CR and find that they can achieve strong perfor-
mance, outperforming prior methods. Yu et al. (Yu
et al., 2025) further evaluate a broad range of LLMs
on CR. Their results show that advanced LLMs
already perform very well on CR. However, the
CRASS benchmark (Frohberg and Binder, 2022)
used in these evaluations has a relatively simple
structure, in which each example typically presents
a single premise and asks what would have hap-
pened if that premise had not occurred. Therefore,
strong performance on CRASS does not imply that
LLMs have robust counterfactual reasoning abili-
ties applicable to complex scenarios, as such scenar-
ios often involve long contexts, multiple interacting
events, and even unobserved factors.
Limitations Existing performance evaluations of
LLMs on contextual causality still provide an in-
complete picture of models’ causal abilities. First,
current evaluations are highly imbalanced across
different categories of contextual causality, mainly
because benchmarks for intervention and counter-
factual causality remain relatively scarce. Second,
many studies evaluate only GPT-series models or
a small set of LLMs, making their conclusions
difficult to generalize across model families, es-
pecially since different models may exhibit dis-
tinct failure modes such as causal hallucination
and neglect. Moreover, failure-mode analysis re-
mains limited, even though different models may
exhibit distinct failures such as causal hallucina-
tion and neglect. Third, existing evaluations of-
ten rely on final-answer accuracy, partly because
fine-grained evaluation of intermediate reasoning



processes is difficult to automate. This assessment
makes it difficult to identify the true reasons behind
LLMs’ failures in contextual causality. Fourth, ro-
bustness analysis remains insufficient, with rela-
tively few studies examining model behavior under
misleading information. Finally, many existing
benchmarks formulate contextual causal tasks as
multiple-choice questions, which may allow mod-
els to rely on superficial shortcuts rather than gen-
uinely understanding the underlying causal rela-
tions. Finally, many benchmarks remain simplified,
so strong performance on them does not necessarily
indicate that models have a deep understanding of
contextual causality. Future evaluations should in-
clude more complex situations, such as long causal
chains and events caused by multiple factors with
various causal strengths.

3.2 Benchmark Construction for LLMs
Benchmark construction is essential for evaluating
the contextual causal understanding of LLMs.
Semantic Causality Since existing QA datasets
mostly focus on fact-seeking questions such as
“who”, “what”, “when”, and “where”, Ho et al.
(Ho et al., 2022) propose WikiWhy to support why-
question answering. WikiWhy mainly covers CA
and CEG. Similarly, although many benchmarks
have been developed to evaluate LLMs’ mathemati-
cal, coding, and general reasoning abilities, unified
benchmarks for event relation extraction remain
limited. To address this gap, Gong et al. (Gong
et al., 2025) propose EventRelBench, a large-scale
benchmark for evaluating LLMs on event relation
extraction, where causal relation extraction, i.e.,
ECI, is included as one of the core tasks.

Motivated by the fact that human causal judg-
ments are often graded rather than binary, Ro-
manou et al. (Romanou et al., 2023) propose
CRAB, which can be used to evaluate whether
LLMs can estimate the strength of causal relations.
In addition, to better evaluate whether LLMs can
distinguish temporal relations from causal relations,
Miliani et al. (Miliani et al., 2025) propose ExpliCa,
a CJ benchmark. ExpliCITA (Bondielli et al., 2025)
further extends ExpliCa to Italian. Considering
data contamination, Chi et al. (Chi et al., 2024)
propose CausalProbe-2024, a CJ benchmark.

However, the above benchmarks are mainly
constructed from news, Wikipedia, or human-
constructed world-knowledge questions, which
may still leave a gap relative to emerging real-world
applications such as medical diagnostic records

and legal case analysis. As LLM-based agents
(Zhou et al., 2023; Yang et al., 2024a; Boiko et al.,
2023) are increasingly used to assist humans in
solving practical tasks, recent benchmarks have
begun evaluating the causal attribution of LLMs
across the execution trajectories of agentic sys-
tems. Zhang et al. (Zhang et al., 2025b) pro-
pose Who&When, which aims to identify which
agent and which step cause task failures in LLM-
based multi-agent systems. Similarly, Cemri et
al. (Cemri et al., 2025) construct MAST-Data to
analyze failure modes of these systems. How-
ever, these datasets still rely on human annota-
tion, which is costly and time-consuming. To re-
duce this annotation burden, Zhang et al. (Zhang
et al., 2025a) propose AgenTracer, which automat-
ically constructs failure-attribution data via coun-
terfactual replay and program-fault injection. Re-
cently, MP-Bench (In et al., 2026) has also been
proposed to rethink failure attribution in these sys-
tems. These benchmarks bring causal attribution
closer to practical agent settings, but their data are
still mainly generated from simple tasks, whereas
real-world tasks, such as software iteration, involve
multi-file changes and error-log diagnosis.
Intervention Causality Due to the lack of Por-
tuguese causal benchmarks for evaluating LLMs,
Lasheras and Pinheiro (Lasheras and Pinheiro,
2025) propose CaLQuest. The benchmark includes
EP as a core component, but its examples are still
mainly based on commonsense causal questions.
Counterfactual Causality Since counterfactual
reasoning is important for LLMs, Yu et al. (Yu
et al., 2023) propose IfQA, a benchmark for open-
domain question answering under counterfactual
presuppositions. The benchmark is still mainly
constructed from Wikipedia-based knowledge.
Multi-level Contextual Causality Although
benchmarks have been proposed for different cat-
egories of contextual causality, they are often de-
signed for isolated tasks and evaluated under sep-
arate contexts. This makes it difficult to assess
whether LLMs can perform different types of con-
textual causality within the same scenario. To ad-
dress this gap, Li et al. (Li et al., 2026) propose
METER, a multi-level contextual causality bench-
mark that evaluates ECI, EP, and CR under a unified
context. However, METER is mainly built by re-
organizing existing benchmarks, so its underlying
data sources still largely come from Wikipedia and
news rather than real-world scenarios.
Limitations Although recent studies have ex-



panded benchmarks for evaluating LLMs on con-
textual causality, most benchmarks are not con-
structed from practical application scenarios such
as clinical diagnosis records or legal case docu-
ments. As a result, these benchmarks cannot fully
evaluate LLMs’ ability to handle contextual causal-
ity in practical applications. Moreover, recent
benchmarks based on the execution trajectories of
agentic systems bring evaluation closer to practical
scenarios, but their data are still mainly generated
by simple tasks rather than long-horizon tasks that
may take humans days or even months to complete,
such as software iteration or scientific research.
This may be because long-horizon benchmarks for
agentic systems have recently emerged.

3.3 Training-free
Training-free methods are an important class of
approaches for improving LLMs’ performance, as
they do not require substantial resources (Wei et al.,
2022; Wang et al., 2022b; Du et al., 2023).
Semantic Causality Since LLMs may lack suf-
ficient causal knowledge to directly identify event
causality, Cai et al. (Cai et al., 2025) propose
Dr.ECI, a decomposed reasoning framework that
incorporates causal structures into ECI. It decom-
poses ECI into multiple sub-tasks and uses multi-
agent collaboration among a Causal Explorer, a
Mediator Detector, and Direct and Indirect Rea-
soners. This framework enables LLMs to better
identify both explicit and implicit causal relations.
Similarly, Zou et al. (Zou et al., 2025) propose MR-
Balance, which improves ECI through multi-agent
debate with role assignment. Zeng et al. (Zeng
et al., 2026) propose an ECI framework based on
fuzzy aggregation of multisource evidence. How-
ever, these multi-agent approaches often incur sub-
stantial computational and time overhead. Zhao et
al. (Zhao et al., 2026) propose a framework based
on potential outcomes and actual causality the-
ory that effectively mitigates causal bias in LLMs.
However, these methods rely on the LLMs’ ability
to solve the decomposed sub-tasks. Recent work
(Zhao and Yan, 2026) suggests that such frame-
works may not generalize well to smaller models,
and they require multiple calls to LLMs, leading to
higher computational costs.

Beyond multi-agent collaboration, several works
enhance LLMs’ causal knowledge through exter-
nal knowledge sources. Su et al. (Su et al., 2025)
propose LKCER, which constructs a concept-level
heterogeneous event graph and uses LLMs to en-

rich causal knowledge beyond the original event
mentions. KnowQA (Wang et al., 2024c) refor-
mulates document-level ECI as a binary question
answering task. It leverages document-level event
structures and designs single- and multi-turn causal
QA strategies to identify causal relations. Wang
et al. (Wang et al., 2024a) introduce a synthetic
control method that uses retrieved similar event
contexts to construct counterfactual controls for
ECI. In addition, some studies also focus on other
tasks. For example, Ashwani et al. (Ashwani
et al., 2024) propose CARE-CA, a context-aware
reasoning framework with counterfactual analy-
sis. Chi et al. (Chi et al., 2024) propose G2-
Reasoner, which incorporates general knowledge
and goal-oriented prompts into LLMs’ causal rea-
soning process. Perak et al. (Perak et al., 2024)
further explore whether retrieval-augmented gen-
eration (RAG) can help LLMs perform CJ more
effectively. However, these methods depend on
the coverage of external knowledge sources, which
may limit their generalization to new scenarios, as
each new scenario requires corresponding causal
knowledge that is time-consuming to collect and
difficult to make complete.
Counterfactual Causality Since pretraining cor-
pora of Code-LLMs contain many conditional
structures, such as if, which naturally encode
causal structures, Liu et al. (Liu et al., 2023) ex-
plore whether Code-LLMs can exhibit stronger
causal abilities than text-only LLMs. Their results
show that Code-LLMs outperform text-only LLMs
on CR. This suggests that exposure to training data
with more explicit causal structures may help mod-
els acquire stronger causal reasoning abilities.
Limitations Multi-agent-based methods may
only be effective for specific models and often re-
quire multiple calls to LLMs, leading to higher
computational cost. Methods based on external
knowledge sources also rely heavily on the cover-
age of the provided knowledge. To generalize to
different real-world scenarios, they would require
a nearly complete causal knowledge base for each
scenario, whose completeness is difficult to guar-
antee. These requirements make existing methods
costly to apply and difficult to generalize.

3.4 Training-based
Training remains the most effective way to inject
knowledge into LLMs and improve their perfor-
mance (Achiam et al., 2023; Guo et al., 2025).
Semantic Causality To mitigate causal halluci-



nation in smaller models on ECI, Zhao and Yan
(Zhao and Yan, 2026) empirically analyze the crite-
ria for high-quality CoT traces. Based on these cri-
teria, they design a pipeline to generate high-quality
CoT traces and use them to fine-tune smaller mod-
els. Their results show that this method can effec-
tively mitigate causal hallucination. In addition,
Zhang et al. (Zhang et al., 2025a) not only con-
struct TracerTraj-2.5K to evaluate LLMs’ causal
attribution ability, but also train LLMs based on
this dataset. Their results show that the trained
LLMs achieve stronger causal attribution perfor-
mance in execution trajectories of agentic systems.
However, these methods are still task-specific.
Limitations Current fine-tuning datasets for con-
textual causality remain limited, with only a few
available for training LLMs on specific tasks.
These datasets are insufficient for comprehensively
improving LLMs’ contextual causal abilities. A
unified dataset for improving LLMs on contextual
causality is still lacking. One possible reason is
that prior work has lacked a unified perspective
on organizing contextual causality and has not suf-
ficiently analyzed its role in addressing key chal-
lenges in current AI development, such as helping
to build agents that can better solve real-world tasks
through improved causal attribution. This may also
limit exploration of reinforcement learning with
verifiable rewards (RLVR), even though many con-
textual causality tasks are easily verifiable.

4 Benchmark Analysis

In this section, we analyze existing benchmarks.
Representative benchmarks are summarized in Ta-
ble 3. Existing discussions (Yang et al., 2024b)
have examined whether these benchmarks can
truly assess LLMs’ contextual causality abilities
or merely test their ability to retrieve knowledge.
Our analysis focuses on the gap between current
benchmarks and real-world demands.

From Table 3, we can observe that they are
mostly constructed from news, Wikipedia, stories,
papers, social media, and human-written common-
sense questions. However, strong performance on
them may not indicate whether LLMs can perform
contextual causal reasoning in real-world scenarios,
where causal evidence is distributed across multi-
ple lengthy, dynamic, and domain-specific sources,
and causal analysis often requires reasoning be-
yond binary judgments over many-to-many causal
relations with varying strengths. For example, in

Benchmark Source Focus

Semantic Causality
Event Causal Identification
MAVEN-ERE (Wang et al., 2022a) Wiki Intrinsic
MECI (Lai et al., 2022) Wiki Intrinsic
ESL (Caselli and Vossen, 2017) News Intrinsic
CTB (Mirza et al., 2014) News Intrinsic
BECauSE (Dunietz et al., 2017) News Intrinsic
CaTeRS (Mostafazadeh et al., 2016) Stories Intrinsic
METER (Li et al., 2026) W&N Intrinsic
EventRelBench (Gong et al., 2025) W&N Intrinsic
Causal Strength Assessment
CRAB (Romanou et al., 2023) News Intrinsic
Causal judgment
COPA (Roemmele et al., 2011) Human Intrinsic
XCOPA (Ponti et al., 2020) Human Intrinsic
e-CARE (Du et al., 2022) Human Intrinsic
ExpliCa (Miliani et al., 2025) Human Intrinsic
ExpliCITA (Bondielli et al., 2025) Human Intrinsic
MOCA (Nie et al., 2023) Papers Intrinsic
CausalProbe-2024 (Chi et al., 2024) News Intrinsic
Causal Attribution
WikiWhy (Ho et al., 2022) Wiki Intrinsic
TellMeWhy (Lal et al., 2021) Stories Intrinsic
Who&When (Zhang et al., 2025b) Agents Intrinsic
TracerTraj-2.5K (Zhang et al., 2025a) Agents Intrinsic
MP-Bench (In et al., 2026) Agents Intrinsic
MAST-Data (Cemri et al., 2025) Agents Intrinsic
Causal Explanation Generation
e-CARE (Du et al., 2022) Human Intrinsic
WikiWhy (Ho et al., 2022) Wiki Intrinsic
ART (Bhagavatula et al., 2019) Stories Intrinsic
Causal Detection and Span Extraction
FinCausal2020 (Mariko et al., 2020) News Intrinsic
UniCausal (Tan et al., 2023) News Intrinsic
CausalTalk (Ding et al., 2025) Reddit Intrinsic

Intervention Causality
Effect Prediction
METER (Li et al., 2026) W&N Intrinsic
CaLQuest (Lasheras and Pinheiro, 2025) Human Intrinsic

Counterfactual Causality
Counterfactual Reasoning
CRASS (Frohberg and Binder, 2022) Human Intrinsic
IfQA (Yu et al., 2023) Wiki Intrinsic
TimeTravel (Qin et al., 2019) Stories Intrinsic
METER (Li et al., 2026) W&N Intrinsic

Table 3: Representative benchmarks for contextual
causality. “Focus” indicates whether a benchmark mea-
sures causality ability or how much the causality ability
of current LLMs improves decision-making for real-
world needs. “Intrinsic” denotes the former, while “Ex-
trinsic” denotes the latter. “Wiki”, “W&N”, “Human”,
and “Agents” denote Wikipedia-derived data, mixed
Wikipedia and news sources, human-constructed based
on world or commonsense knowledge, and agent-system
traces or execution logs, respectively.

construction, practitioners need to analyze design
documents, construction logs, and progress updates
to identify the causes of delays and cost overruns,
assess their relative impacts, and determine the
main contributing factors.

In addition, recent benchmarks derived from



agent-system traces or execution logs are closer
to practical needs, as they can be used to evaluate
LLMs’ performance in identifying failure causes in
agentic systems. However, these benchmarks are
still built on simple tasks. In real-world applica-
tions, many tasks are long-horizon, often requiring
days or even months of iterative work by humans,
such as software development, where progress de-
pends on requirements analysis, code modification,
debugging, testing, and repeated revision, or scien-
tific research, where hypotheses, experiments, and
analyses evolve over multiple stages.

Table 3 shows that existing benchmarks primar-
ily evaluate specific contextual causal abilities of
LLMs, such as causal judgment or causal attribu-
tion. In other words, most benchmarks adopt an
intrinsic evaluation setting, where the goal is to test
whether an LLM can identify or explain causal re-
lations in a given context. However, there remains
a lack of extrinsic evaluation measuring how much
the contextual causal ability of current LLMs can
improve the decision-making quality of AI systems
or humans. However, there remains a lack of extrin-
sic evaluation measuring how much the contextual
causal ability of current LLMs can improve the
decision-making quality of AI systems or humans.
This is important because the goal of evaluating
and improving contextual causal reasoning is not
merely to obtain higher performance on intrinsic
benchmarks, but to enable AI systems or humans
to make more reliable decisions.

5 Future Directions

Real-world-oriented Benchmark Construction
Future benchmarks for contextual causality should
be designed to better align with real-world needs.
First, future benchmarks should draw more from
practical domains such as construction and health-
care, rather than relying on news and Wikipedia. In
addition, future benchmarks could be constructed
from agent-system execution trajectories in long-
horizon tasks (Xiong et al., 2026; Thai et al., 2025;
Chen et al., 2025), where even humans may need
days or months of iterative work to complete them.
However, constructing such benchmarks first re-
quires well-defined long-horizon benchmarks for
agents, so that meaningful execution trajectories
can be collected for causal attribution evaluation.
Second, future benchmarks should include extrin-
sic settings that assess whether LLMs can lever-
age contextual causality to improve the decision-

making of AI systems or humans, for example, by
evaluating whether LLM-generated causal graphs
improve the decision quality of agents.
More Comprehensive and Fine-grained Perfor-
mance Evaluation Future evaluations should
provide a more complete picture of LLMs’ con-
textual causal abilities. First, they should cover
a broader range of tasks, especially intervention
and counterfactual causality, which remain less ex-
plored due to limited benchmarks. Second, they
should include more diverse model families, since
different LLMs may exhibit different causal fail-
ure modes, such as causal hallucination or ne-
glect. Third, future evaluations should move be-
yond final-answer accuracy toward fine-grained
evaluation (Zheng et al., 2025; Li et al., 2025a;
Chern et al., 2023; Min et al., 2023). Recent work
on process reward models (PRMs) provides useful
methodological guidance for evaluating interme-
diate reasoning steps through step-level supervi-
sion and learned verifiers or reward models (Zheng
et al., 2025). Fine-grained evaluation methods such
as FActScore and FacTool further illustrate how
model outputs can be decomposed into smaller
units and verified individually (Chern et al., 2023;
Min et al., 2023). For contextual causality, merely
judging the final answer is insufficient, as mod-
els may obtain correct answers through memo-
rized knowledge or task-specific shortcuts rather
than genuine understanding of contextual causality.
Therefore, future work should develop automated
methods for evaluating the intermediate processes
underlying LLM responses.
Post-training Data Construction Since prior
studies have suggested that LLMs’ causal hallu-
cination and neglect may be related to limitations
in training data, and existing data mainly focus on
individual settings, such as ECI or CA in agentic
systems, future work should construct more com-
prehensive post-training data for contextual causal-
ity (Xu et al., 2025a,b). A promising direction is to
build unified datasets covering representative tasks
across semantic, intervention, and counterfactual
causality. For each sample in the dataset, the re-
sponse should also include sufficiently detailed in-
termediate steps (Ye et al., 2025; Chen et al., 2026;
Li et al., 2025d), rather than only the final answer,
so that LLMs can learn the underlying causal rea-
soning process and comprehensively improve their
contextual causal abilities. In addition, when con-
structing fine-tuning data, future work should also
consider effective data mixture (Li et al., 2025c),



quality filtering (Zhang et al., 2026), and reduc-
ing the distribution gap between the CoT data and
target models (Zhao and Yan, 2026).
Causal Hallucination Attribution Causal hallu-
cination is an important manifestation of the lim-
ited contextual causal abilities of current LLMs,
yet its causes remain insufficiently studied. Future
work should systematically investigate causal hal-
lucination, drawing on broader studies of LLM hal-
lucination (Dziri et al., 2022; Ji et al., 2023; Kalai
et al., 2025). Such attribution can help identify
when and why LLMs produce incorrect causal rela-
tions and provide guidance for developing targeted
mitigation methods.
Need for More Attention to Intervention and
Counterfactual Causality Previous research has
mainly focused on semantic causality, partly be-
cause the community has been concerned with im-
proving LLMs’ language understanding, knowl-
edge use, and basic reasoning abilities. However,
as LLMs are increasingly used to autonomously
solve real-world tasks (Wei et al., 2026; Gupta et al.,
2025), decision-making becomes more central. In-
tervention and counterfactual causality are closely
tied to this goal, because they help LLMs estimate
the effects of possible actions and reflect on how
past decisions could be improved. Therefore, fu-
ture research should place more emphasis on in-
tervention and counterfactual causality, including
benchmark construction, performance evaluation,
and method development.

6 Conclusion

In this survey, we present an overview of contex-
tual causality with LLMs. We first propose a taxon-
omy of contextual causality motivated by the needs
of causal analysis. This taxonomy organizes con-
textual causality into semantic, intervention, and
counterfactual causality, and further characterizes
each category by its core causal question, required
capability, representative tasks, and practical role
in causality analysis. We then summarize and ana-
lyze existing studies and benchmarks. Our analysis
reveals several key limitations in current research,
including limited, coarse-grained performance eval-
uation, insufficient post-training data, limited atten-
tion to interventions and counterfactual causality,
and a gap between current benchmarks and real-
world needs. Lastly, we discuss several promising
directions for future research. We hope this survey
can provide a roadmap for this field, highlight its

importance, and promote future research toward
solving real-world problems.

Limitations

This survey focuses on contextual causality in text-
only scenarios. However, the proposed taxonomy
can also be extended to multimodal settings. For ex-
ample, in an embodied scenario, foundation models
need to identify causal relations from visual obser-
vations, language instructions, and action histories,
predict the effects of possible interventions, reason
about counterfactual outcomes under alternative
actions, and finally make reliable decisions in the
environment. This suggests that contextual causal-
ity is also important for multimodal foundation
models, where contextual causality may involve
images, videos, and sensor observations in addi-
tion to text. In future work, we plan to extend
this survey from LLMs to multimodal foundation
models, including vision-language models (VLMs),
vision-language-action models (VLAs), and vision-
language-navigation models (VLNs). In addition,
our taxonomy is grounded in classical causal the-
ory and primarily serves as a unified framework for
analyzing contextual causality in LLMs rather than
extending causal theory itself. Strengthening the
theoretical foundation of the taxonomy remains an
important direction for future work.
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A Prompt Examples for Contextual
Causality Tasks

Examples of prompts for representative contextual
causality tasks are shown below. We use ESL
(Caselli and Vossen, 2017) for ECI, CRAB (Ro-
manou et al., 2023) for causal strength assessment,
e-CARE (Du et al., 2022) for causal judgment and
causal explanation generation, Who&When (Zhang
et al., 2025b) for causal attribution, FinCausal2020
(Mariko et al., 2020) for causal detection and span
extraction, and METER (Li et al., 2026) for effect
prediction and counterfactual reasoning.

Task: Event Causal Identification
Prompt example from ESL (Caselli and Vossen,
2017):
Jenkin, who was “arrested” at Millom Pier at around
9.35am, is also facing a charge of “causing” unnec-
essary suffering to an animal in relation to the dog’s
death.
Is there a causal relationship between “causing” and

“arrested”?

Task: Causal Strength Assessment
Prompt example from CRAB (Romanou et al., 2023):
Article A: From Mexico in the north to Chile in the south,
the region’s constantly see-sawing political map once
again resembles that of the early 2000s, when a so-called

“pink tide” of left-leaning governments washed over it.
But analysts say this time is different: the trend is driven
by pragmatism rather than ideology.
Article B: In the 2000s, a wave of left-wing electoral
success swept Latin America, with a varied and complex
turn to more progressive economic or social policies. In
the 2010s, a right-wing political and conservative trend
countered this tide, in clear reaction to the advances of
progressives, and the right has dominated politics in the
region for the past decade.
Event 1: A “pink tide” of left-leaning governments swept
Latin America in the early 2000s. Event 2: In the 2010s,
a right-wing political and conservative trend countered
this tide.
What is the causality score between Event 1 and Event
2 from 0 to 100? Score above 80: Event 1 is definitely
responsible for Event 2. Score between 50–80: Event 1
might have been responsible for Event 2. Score lower
than 50: Events are somehow related but definitely not
causally related.

Task: Causal Judgment
Prompt example from e-CARE (Du et al., 2022):
Input Event: The man fell unconscious. Question: Please
select the cause of the input event from the following
options. Option 1: The assailant struck the man in the
head. Option 2: The assailant took the man’s wallet.
Which option is the cause of the input event?

Task: Causal Attribution
Prompt example from Who&When (Zhang et al.,
2025b):
Context: The following is a failed multi-agent task-
solving process. The system consists of three agents:
Excel_Expert, BusinessLogic_Expert, and DataVerifica-
tion_Expert.
Original task: This spreadsheet contains a list of clients
for a retractable awning company. Each client has or-
dered a new awning for the back of their house within
the last 90 days. The company makes different designs
depending on whether the awning is made to block
sunrises or sunsets. In this region, houses with odd-
numbered street addresses face east, and houses with
even-numbered street addresses face west. How many of
these clients will be receiving the sunset awning design?
Agent system prompts:
Excel_Expert: Your role Excel_Expert: Expert in ana-
lyzing and processing data from Excel files. Task and
skill instructions – Task Description: You will be respon-
sible for scrutinizing, interpreting, and managing data
from Excel files. The role requires a deep understand-
ing of various Excel functions, including but not limited
to pivot tables, data visualization, data cleaning, and
advanced formulas. Skill Description: You possess ex-
ceptional skills in Excel, enabling you to manipulate,



analyze, and derive meaningful insights from complex
datasets. You have the ability to automate repetitive tasks
using VBA (Visual Basic for Applications) and generate
comprehensive reports. Your expertise includes profi-
ciency in handling large datasets, performing statistical
analysis, and utilizing Excel’s extensive array of tools to
streamline data processing.
DataVerification_Expert: Your role DataVerifica-
tion_Expert specializes in employing Bing Search API
for powerful online search capabilities. With an adept
skill set in navigating, parsing, and analyzing search re-
sults, this expert seamlessly extracts precise information
from an array of text content. A critical part of their role
involves vigilantly verifying the accuracy of this infor-
mation, ensuring the use of reliable, trustworthy data.
Task and skill instructions – You will utilize the Bing
Search API to execute specialized search queries, comb-
ing through the vast data available on the internet. Your
skill in parsing and analyzing search results will be cru-
cial in distilling the vast array of information to the most
relevant details. When it comes to extracting specific
information from text content, your ability to pinpoint
and retrieve exact data points is paramount. An essen-
tial component of your work is verifying the accuracy of
information, which requires a keen eye for detail and a
robust methodology for cross-checking facts. With your
combination of technical prowess using the Bing Search
API and a meticulous approach to data verification, your
role as the DataVerification_Expert is essential for any
operation that demands high accuracy and reliability
in information gathering. Useful instructions for task-
solving – Follow the instructions provided by the user.
Solve the task step by step if you need to. If a plan is not
provided, explain your plan first. If the error cannot be
fixed or the task is not solved even after the code executes
successfully, analyze the problem, revisit your assump-
tions, collect any additional information you need, and
consider a different approach. When you find an answer,
verify the answer carefully. Include verifiable evidence
in your response if possible. How to use code? Suggest
Python code in a Python coding block or shell script in
a sh coding block for the Computer_terminal to execute.
When using code, you must indicate the script type in
the code block. Do not suggest incomplete code that
requires users to modify it. The last results will not be
cached, so you need to provide all necessary information
in a single code block. Do not use a code block if it is
not intended to be executed by the Computer_terminal.
The Computer_terminal cannot provide any other feed-
back or perform any other action beyond executing the
code you suggest. The Computer_terminal cannot mod-
ify your code. Use the print function for the output when
relevant. Check the execution result returned by the user.
Do not ask users to copy and paste the result. If the result
indicates an error, fix it and output the code again. If you
want the Computer_terminal to save the code in a file
before executing it, put # filename: <filename> inside
the code block as the first line.
BusinessLogic_Expert: Your role BusinessLogic_Expert
is an expert in understanding and applying business rules
to data. This role involves understanding complex busi-
ness requirements and translating them into actionable
data logic aligned with organizational goals. Task and
skill instructions – Your task involves analyzing business
requirements and interpreting them into specific business
rules that can be implemented within a data framework.
You must possess a deep understanding of business pro-
cesses and their relationship to data management and

manipulation. The ability to apply these rules accurately
to data sets is crucial for ensuring the integrity and effi-
ciency of business operations. Key skills include critical
thinking, attention to detail, problem-solving, and profi-
ciency with various data tools and platforms. You should
be adept at both written and verbal communication to ef-
fectively convey business logic to stakeholders and team
members. Additional knowledge in SQL, database de-
sign, and data analysis techniques will further enhance
your capability in this role. By leveraging your expertise,
you will contribute significantly to optimizing business
operations through precise and effective data logic ap-
plication.
Execution trace:
Step 0 – Excel_Expert: The Excel_Expert re-
ceives the general task and the manager’s plan. It
loads the Excel file from ../2023/validation/
4d51c4bf-4b0e-4f3d-897b-3f6687a7d9f2.xlsx,
identifies the Street Address column, extracts
the first numeric substring from each address using
str.extract with a digit-matching regular expression,
converts it to an integer, filters even-numbered street
addresses, and prints the number of such clients.
Step 1 – Computer_terminal: The code executes success-
fully. The terminal outputs the spreadsheet columns: ID,
First Name, Last Name, Street Address, City, Zip,
Phone, Email, and Carrier Pigeon. The terminal then
outputs 4.
Step 2 – BusinessLogic_Expert: The Business-
Logic_Expert verifies that the column name is Street
Address. It repeats the same reasoning: load the file,
extract street numbers from Street Address, identify
even-numbered addresses, and count the clients with
even-numbered addresses. It provides essentially the
same Python code and asks the terminal to run it again.
Step 3 – Computer_terminal: The code executes success-
fully again and outputs 4.
Step 4 – DataVerification_Expert: The DataVerifica-
tion_Expert accepts the executed result. It states that
the street-address column was correctly identified, the
street numbers were accurately extracted, clients with
even-numbered addresses were identified, and the final
count of clients receiving the sunset awning design is 4.
Step 5 – DataVerification_Expert: TERMINATE.
The above multi-agent system produced an incorrect
final answer. Which agent caused the task failure, and
at which step did the decisive error occur?

Task: Causal Explanation Generation
Prompt example from e-CARE (Romanou et al.,
2023):
Cause: The assailant struck the man in the head. Effect:
The man fell unconscious.
Why can the cause lead to the effect?

Task: Causal Detection and Span Extraction
Prompt example from FinCausal2020 (Mariko et al.,
2020):
Text: Things got worse when the Wall came down. GDP
fell 20% between 1988 and 1993. There were suddenly
hundreds of thousands of unemployed in a country that,
under Communism, had had full employment.
Does the text express a causal relation? If yes, extract
the cause span and the effect span.

Task: Effect Prediction
Prompt example from METER (Li et al., 2026):
On January 12, 2025, patient Robert Chen (Male, 58)
was admitted to the Cardiac Care Unit at City General
Hospital. Coronary angiography confirmed a throm-



botic occlusion in the proximal Left Anterior Descending
(LAD) artery, causing the acute myocardial ischemia
observed on the ECG. Regarding treatment options, clin-
ical protocols define Percutaneous Coronary Interven-
tion (PCI) as the standard procedure for mechanically
recanalizing occluded vessels to re-establish blood flow.
Furthermore, pathology reports indicate significant my-
ocardial necrosis, which is time-dependent and devel-
oped progressively over the four-hour duration following
his initial presentation at 09:00, during which the occlu-
sion remained untreated.
Question: If Percutaneous Coronary Intervention is
performed, what is the expected outcome for the pa-
tient?

Task: Counterfactual Reasoning
Prompt example from METER (Li et al., 2026):
On January 12, 2025, patient Robert Chen (Male, 58)
was admitted to the Cardiac Care Unit at City General
Hospital. Coronary angiography confirmed a throm-
botic occlusion in the proximal Left Anterior Descending
(LAD) artery, causing the acute myocardial ischemia
observed on the ECG. Regarding treatment options, clin-
ical protocols define Percutaneous Coronary Interven-
tion (PCI) as the standard procedure for mechanically
recanalizing occluded vessels to re-establish blood flow.
Furthermore, pathology reports indicate significant my-
ocardial necrosis, which is time-dependent and devel-
oped progressively over the four-hour duration following
his initial presentation at 09:00, during which the occlu-
sion remained untreated.
Would the extent of myocardial necrosis have been
reduced if the occlusion had been detected during the
initial screening?

B Literature Collection Scope

We collected literature according to the role of each
study in this survey. For comparison surveys, we
considered works from major NLP venues such as
EMNLP and NAACL, broader AI and data mining
venues such as KDD, AI-related journals such as
IEEE Transactions on Artificial Intelligence and
ACM Computing Surveys, as well as highly rele-
vant preprints that have not yet been formally pub-
lished. For method-oriented studies, we primarily
considered papers from major NLP venues, includ-
ing ACL, EMNLP, NAACL, EACL, and COLING,
while also including highly relevant studies from
broader AI venues. For datasets and benchmarks,
we mainly included representative and widely used
resources relevant to the contextual causality tasks
discussed in this survey.
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