
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 36049–36073
July 2-7, 2026 ©2026 Association for Computational Linguistics

METER: Evaluating Multi-Level Contextual Causal Reasoning in
Large Language Models

Pengfeng Li1,3 Chen Huang2* Chaoqun Hao1 Hongyao Chen1 Xiao-Yong Wei1
Wenqiang Lei1,3 See-Kiong Ng2

1 College of Computer Science, Sichuan University
2 Institute of Data Science, National University of Singapore

3 Engineering Research Center of Machine Learning and Industry Intelligence, Ministry of Education, China
lipengfeng109@gmail.com, huang_chen@nus.edu.sg

Abstract

Contextual causal reasoning is a critical yet
challenging capability for Large Language
Models (LLMs). Existing benchmarks, how-
ever, often evaluate this skill in fragmented set-
tings, failing to ensure context consistency or
cover the full causal hierarchy. To address this,
we pioneer METER to systematically bench-
mark LLMs across all three levels of the causal
ladder under a unified context setting. Our ex-
tensive evaluation of various LLMs reveals a
significant decline in proficiency as tasks as-
cend the causal hierarchy. To diagnose this
degradation, we conduct a deep mechanistic
analysis via both error pattern identification
and internal information flow tracing. Our anal-
ysis reveals two primary failure modes: (1)
LLMs are susceptible to distraction by causally
irrelevant but factually correct information at
lower level of causality; and (2) as tasks as-
cend the causal hierarchy, faithfulness to the
provided context degrades, leading to a re-
duced performance. We believe our work ad-
vances our understanding of the mechanisms
behind LLM contextual causal reasoning and
establishes a critical foundation for future re-
search. Our code and dataset are available at
https://github.com/SCUNLP/METER.

1 Introduction

Deriving causal conclusions by grounding reason-
ing in a specific natural language context, a process
we term Contextual Causal Reasoning, is con-
sidered a fundamental prerequisite for achieving
Artificial General Intelligence (Feder et al., 2022;
Yang et al., 2022; Wang, 2024; Joshi et al., 2024;
Saklad et al., 2025). This is particularly critical
in high-stakes domains such as medical diagno-
sis, which typically involve diverse causal inquiries
(Richens et al., 2020; Wu et al., 2024). For in-
stance, a clinical report analysis (Figure 1) requires
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diverse causal inquiries: discovering the causes of
ischemia, predicting the outcomes of interventions
(e.g., What if PCI is performed?), and simulating
counterfactual to review diagnostic errors.

With Large Language Models (LLMs) demon-
strating superior efficacy on numerous tasks, a
growing body of research has emerged to bench-
mark their proficiency in contextual causal reason-
ing (Bondarenko et al., 2022; Ho et al., 2023; Ro-
manou et al., 2023). However, existing benchmarks
remain fragmented investigation (Yang et al., 2024).
Specifically, 1) Incomplete Coverage of Assess-
ment Levels. Causal reasoning spans three es-
sential levels (Pearl and Mackenzie, 2018): causal
discovery (i.e., association), intervention, and coun-
terfactual. Yet existing benchmarks focus exclu-
sively on either causal discovery (Tan et al., 2023;
Su et al., 2025) or counterfactual reasoning (Yu
et al., 2023). This narrow focus neglects the ne-
cessity for cross-perspective consistency. Conse-
quently, they fail to reveal performance disparities
across the different levels of causal reasoning. 2)
Biased Evaluation due to Contextual Inconsis-
tency. Constructing a fair multi-level assessment
presents significant challenges, as it necessitates
generating questions across all three causal layers
derived from a single, unified context to ensure a
controlled comparison. Yet, existing benchmarks,
including those not explicitly designed for contex-
tual causal reasoning, typically employ disparate
contexts for different questions, preventing a reli-
able evaluation (Jin et al., 2023; Wang, 2024).

To this end, we introduce METER, a bench-
mark tailored for the Multi-lEvel assessmenT of
contExtual causal Reasoning in LLMs. METER
incorporates two primary contributions. First, in-
spired by the Ladder of Causation (Pearl and
Mackenzie, 2018), METER is structured around
the three levels: causal discovery, intervention, and
counterfactual. Each level is properly defined for
causal analysis in the textual domain (cf. Section
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Figure 1: Illustration of Contextual Causal Reasoning.

3.1), forming a structured framework for evaluating
context-based causal reasoning. Second, leverag-
ing this structure, we curate a benchmark dataset of
4,145 entries that enforces contextual consistency:
every entry features a unique context paired with
questions spanning all three causal levels. This
rigor mitigates confounding factors from context
variation, facilitating a reliable evaluation of LLMs’
across-level performance.

Our findings reveal a distinct performance hier-
archy: despite demonstrating strong proficiency in
causal discovery, LLM performance degrades sig-
nificantly as the complexity of the causal level in-
creases. Specifically, we observe substantial drops
in intervention (-15.78%) and counterfactual rea-
soning (-26.27%). Furthermore, our error analysis
indicates that failures in Discovery are predomi-
nantly driven by distractions from irrelevant back-
ground details, whereas higher-level tasks suffer
from a lack of faithfulness to the provided context.
To gain a deeper understanding of these tendencies,
we conduct a mechanistic investigation, analyzing
the dynamics of information flow across LLM lay-
ers through the saliency technique (Wang et al.,
2023). To sum up, we believe that METER stands
as a comprehensive resource to rigorously bench-
mark and decipher the causal reasoning mecha-
nisms of LLMs. To sum up, our main contributions
are as follows:

• We propose METER, a benchmark for the multi-
level assessment of contextual causal reasoning
in LLMs, which resolves the limitations of in-
complete coverage and evaluation bias.

• We contribute a dataset comprising 4,145 entries
that enforces contextual consistency, providing a
reliable evaluation foundation for future research.

• We evaluate the strengths and weaknesses of var-

ious LLMs, revealing their proficiency and error
patterns across varying causal levels.

• We pioneer the mechanistic investigation of
LLMs, revealing the internal information flow
dynamics that drive their reasoning behaviors.

2 Related Work

Contextual Causal Reasoning. Unlike common-
sense causal reasoning, which only leverages the
intrinsic world knowledge of LLMs to infer causal
conclusions (Miliani et al., 2025; Frohberg and
Binder, 2022; Lasheras and Pinheiro, 2025), or
formal causal reasoning, which is grounded in sym-
bolic logic and well-defined formal rules (Jin et al.,
2023; Wang, 2024), contextual causal reasoning is
evidence-driven1 (cf. Table 1). It necessitates the
extraction and synthesis of causal chains directly
from the provided narrative, requiring the model
to align its reasoning strictly with the situational
evidence rather than general priors (Dalal et al.,
2023; Kiciman et al., 2023). Given the critical role
of the contextual causal reasoning in building ro-
bust and human-like AI (Lake et al., 2017; Chen
et al., 2024; Ma, 2025), numerous studies have
sought to assess how well LLMs perform this task.
However, existing benchmarks restrict their scope
to a single aspect of the causal levels (Chi et al.,
2024; Cheng et al., 2025a). For instance, some
focus on causal discovery (Ho et al., 2023; Bon-
darenko et al., 2022; Tan et al., 2023; Romanou
et al., 2023), while others are limited to counter-
factual reasoning (Yu et al., 2023). This fragmen-
tation precludes evaluating LLMs across distinct
causal levels within a unified narrative, hindering
a comprehensive understanding of their contextual

1cf. illustration example in Appendix A for difference.
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Benchmark Reasoning
Paradigm

Causal
Discovery Intervention Counter-

factual
Unified
Context

Mechanistic
Analysis

ExpliCa (Miliani et al., 2025) Commonsense ✓ ✗ ✗ ✗ ✗
CRASS (Frohberg and Binder, 2022) Commonsense ✗ ✗ ✓ ✗ ✗
CalQuest (Lasheras and Pinheiro, 2025) Commonsense ✓ ✓ ✓ ✗ ✗

CLADDER (Jin et al., 2023) Formal ✓ ✓ ✓ ✗ ✗
CausalBench (Wang, 2024) Formal ✓ ✓ ✓ ✗ ✗

WIKIWHY (Ho et al., 2023) Contextual ✓ ✗ ✗ ✗ ✗
CausalQA (Bondarenko et al., 2022) Contextual ✓ ✗ ✗ ✗ ✗
RECESS (Tan et al., 2023) Contextual ✓ ✗ ✗ ✗ ✗
CRAB (Romanou et al., 2023) Contextual ✓ ✗ ✗ ✗ ✗
IfQA (Yu et al., 2023) Contextual ✗ ✗ ✓ ✗ ✗

METER (Ours) Contextual ✓ ✓ ✓ ✓ ✓

Table 1: Comparison of various benchmarks. Unified Context highlights the contextual inconsistency of current
benchmarks. Mechanistic Analysis reveals their failure to understand internal reasoning mechanisms of LLMs.

causal reasoning capabilities. We propose a bench-
mark for the multi-level assessment of contextual
causal reasoning in LLMs. It features a unified con-
text, paired with questions across all causal levels,
reducing contextual confounds and enabling fair
cross-level evaluation.

Mechanistic Interpretability. Mechanistic inter-
pretability aims to uncover the internal mechanisms
that drive the behaviors of LLMs by inspecting in-
dividual components and their interactions (Zhao
et al., 2024; Luo and Specia, 2024). Prominent
approaches in this domain include vocabulary lens
(Geva et al., 2022; Belrose et al., 2023; Ortu et al.,
2024), causal tracing (Meng et al., 2022), and cir-
cuit discovery (Wang et al., 2022a, 2023; Ferrando
and Voita, 2024). Notably, the saliency technique
has been effectively employed to capture the in-
teraction dynamics between tokens, revealing how
input tokens contribute to the model’s prediction
(Wang et al., 2023). In this work, we adopt this
method to investigate the LLMs’ working mecha-
nism driving contextual causal reasoning.

3 METER Benchmark

METER operates on a multi-level causal frame-
work spanning causal discovery, intervention, and
counterfactual reasoning. Based on this hierarchy,
we curate a dataset of 4,145 samples, where each
entry features a unified context paired with ques-
tions targeting all three causal levels. To ensure ro-
bust evaluation, questions are designed as multiple-
choice items with five options. We present the
dataset statistics in Table 2 and detail on the con-
struction pipeline below.

Level 1 Level 2 Level 3

# of Contexts 4,145 4,145 4,145
# of Questions 4,145 4,145 4,145
# of Options per Question 5 5 5

Avg. # Tokens per Context 228.91 228.91 228.91
Avg. # Tokens per Question 18.77 26.78 26.16
Avg. # Tokens per Option 17.62 20.28 20.69

Table 2: Data statistics across different causal levels.

3.1 Causal Reasoning Levels
Pearl’s Ladder of Causation (Pearl and Mackenzie,
2018) provides the theoretical foundation for multi-
level causal reasoning. However, it is formulated
for numerical and probabilistic domains. Natural
language reasoning, by contrast, necessitates a re-
liance on semantic inference. Inspired by Yang
et al. (2024), we transpose these causal levels into
the linguistic paradigm, defining them as follows.

• Level 1: Causal Discovery. This level entails
identifying causal relations expressed within the
text, disentangling causation from mere associ-
ation (Cheng et al., 2025b). LLMs must detect
relations signaled by explicit lexical cues (e.g.,
‘caused’, ‘because’) or implicit semantic con-
text. As illustrated in Figure 1, LLMs must lever-
age the explicit verb ‘causing’ to map the cause
(‘thrombotic occlusion’) to the effect (‘myocar-
dial ischemia’).

• Level 2: Intervention. This level involves
forecasting the consequences of introducing a
new action within a given context. LLMs must
leverage the text’s causal logic to infer how
a novel event alters the outcome. As illus-
trated in Figure 1, the intervention question
regarding Percutaneous Coronary Intervention
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(PCI) demands multi-step reasoning: performe
PCI→clear occlusion→blood flow restores. This
task tests a deeper capability than mere causal
discovery, requiring the LLM to dynamically ap-
ply causal rules established within the context to
predict the impact of external changes.

• Level 3: Counterfactual. This level entails rea-
soning about alternative outcomes by modifying
past events. LLMs must infer causal outcomes
under hypothetical conditions that differ from the
factual context. As illustrated in Figure 1, the
counterfactual question (e.g., L3) demands that
the LLM reverse the known condition and infer
that damage would be prevented. This differs
from Level 2, which predicts future outcomes
based on the existing reality, whereas Level 3 re-
quires the ability to simulate ‘what-if’ scenarios
that conflict with the provided contextual facts.

3.2 Benchmark Data Construction
We adopt a human-LLM collaboration approach
to construct the dataset. Finally, each data entry
features a unified context paired with questions tar-
geting all three causal levels. To ensure robust eval-
uation, questions are designed as multiple-choice
items with five options. More details on data con-
struction are provided in Appendix B.
Data Preparation. We source our initial data from
four established datasets: ESL (Caselli and Vossen,
2017), MAVEN-ERE (Wang et al., 2022b), MECI
(Lai et al., 2022), and WIKIWHY (Ho et al., 2023).
Each instance comprises a passage context accom-
panied by annotated cause-effect event pairs. No-
tably the first three datasets describe events using
only brief trigger words. These triggers often lack
the semantic completeness required to construct
natural and unambiguous causal questions. To ad-
dress this, we employ Gemini 2.5-Pro to expand
these triggers into full event descriptions, where a
three-stage quality control process is utilized to mit-
igate potential hallucinations or ambiguity. This
filters out over 90% of the initial pool, yielding
6372 high-quality, context-dependent cause-effect
pairs for subsequent data generation.

• Length-based Filtering. An automated filter dis-
cards descriptions shorter than three tokens.

• Data De-contamination. To avoid cases where
LLMs have memorized the cause-effect relation-
ships, we adopt a filtering strategy inspired by
Xiao et al. (2025). We prompt an ensemble of

advanced LLMs2 to evaluate the causal relation-
ship between pairs in the absence of context. We
retain only those pairs where all models unani-
mously agree that no inherent causal link exists.

• Human Verification. Three human annotators
manually review the remaining entries to remove
ambiguous, erroneous or semantically incom-
plete event descriptions, discarding any instance
rejected by at least one annotator. We measure
the inter-annotator agreement using Fleiss’s κ
(Landis and Koch, 1977), achieving a score of
0.78, which reflects a high level of consistency.

Data Generation. Inspired by Guo and Chen
(2024); Long et al. (2024), we adopt Gemini 2.5-
Pro for generation. For each cause-effect pair, we
generate three distinct multiple-choice causal ques-
tions (causal discovery, intervention, counterfac-
tual), along with their respective answer choices.

• Question Generation. We design multiple tem-
plates tailored for different levels to generate
causal questions3. Specifically, for causal dis-
covery, we instantiate templates directly with the
cause or effect event (e.g., Why does EVENT
happen). For intervention and counterfactual,
we prompt Gemini 2.5-Pro to propose diverse
hypothetical conditions based on the given
cause–effect pair, which are then applied to the
corresponding templates. Finally, all filled tem-
plates are paraphrased by Gemini 2.5-Pro to en-
sure natural and unambiguous phrasing.

• Answer Generation. For each question, we
generate the corresponding correct answer. For
causal discovery questions, the answer is taken
directly from the annotated cause or effect event.
For intervention and counterfactual questions, we
prompt Gemini 2.5-Pro to generate the expected
outcome, conditioned on the ground-truth cause-
effect pairs and specific reasoning guidelines.

• Distractor Generation. We design various dis-
tractors to systematically investigate different
weaknesses in causal reasoning. Specifically, we
define four categories of distractors, as shown
in the Table 3. Given a question and its correct
answer, Gemini 2.5-Pro is prompted to gener-
ate candidates from these categories under strict

2Gemini 2.5-Pro, GPT-5, Qwen3-235b-a22b-instruct-2507
3Detailed in Table 9 in Appendix B.2.
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Category Definition

Contradictory
Statement

Options conflicting with facts in the
context or premises in the question.

Unfounded
Statement

Options containing information that is
not stated in or cannot be inferred from
the context.

Causal
Reversal

Options inverting the cause-and-effect
direction established in the context.

Irrelevant
Fact

Options that are grounded in the con-
text with no causal link to the question.

Table 3: Definitions of the four distractor categories.

format constraints. This controlled generation en-
sures that distractors remain semantically coher-
ent with the passage while introducing specific
pitfalls that can mislead models.

Human Validation & Quality Control. To guar-
antee dataset reliability, we employ a human vali-
dation process, editing and filtering any instances
that deviate from our established quality bench-
marks. This yields a final curated dataset of 4145
high-quality samples.

• Manual Editing. We ask a group of NLP-
background annotators to edit and refine the gen-
erated samples. The revision targets: (1) Ques-
tions. Rewriting unclear or unnaturally phrased
questions to improve fluency. (2) Correct Op-
tions. Verifying that the correct answer is both
accurate and comprehensive, refining the text for
clarity. (3) Distractors. Ensuring each distractor
conforms to its assigned category and revising
any that are ambiguous or misaligned.

• Manual Filtering. To further enhance quality, an-
other group of annotators is required to eliminate
low-quality edited samples. Any sample failing
to meet the following standards is discarded: (1)
Question Alignment. The question must strictly
correspond to its designated level of causal rea-
soning. (2) Faithfulness. Both the question and
the correct answer must be fully grounded in
the provided context, avoiding any unsupported
external information. (3) Fluency. The text of
the question and options must be grammatically
correct, natural, and unambiguous. (4) Accu-
racy. The designated correct option must provide
an accurate and comprehensive answer derived
solely from the context. (5) Distractors Align-
ment. Each distractor must logically align with
its predefined error category.

To ensure the reliability and consistency of our an-
notations, each sample is independently reviewed

by three annotators during both the filtering and
editing stages, following Bender and Friedman
(2018). The final retained samples are determined
by a majority vote among the three annotations. We
measure inter-annotator agreement using Fleiss’s
κ and achieved a score of 0.71 for manual editing
and 0.75 for manual filtering, indicating substantial
agreement. Dataset samples and more details are
listed in Appendix E.1 and B.3, respectively.

4 Experiment

We guide our evaluation with three research ques-
tions: RQ1: How do LLMs perform across the
three levels of causal reasoning? RQ2: How do
LLMs’ error patterns vary across different causal
levels? RQ3: How can the observed error charac-
teristics be explained? Refer to Appendix D and
E.2 for more experiments and case studies.

4.1 Experiment Setup

Evaluated LLMs & Prompting Schemes. We
benchmark various LLMs encompassing both
closed-source and open-source models with vary-
ing specializations. For the closed-source LLMs,
we evaluate reasoning-optimized models (GPT-5
and Gemini3-Pro) alongside instruction-tuned mod-
els (GPT-4o and Gemini3-Flash). For the open-
source LLMs, we select leading instruction-tuned
models (Qwen3-Next-80B-A3B-Instruct and Llama-
3.3-70B-Instruct) and the reasoning-optimized
model (Qwen3-Next-80B-A3B-Thinking). To inves-
tigate scaling laws, we include the Qwen3 family of
different sizes. Additionally, we use four prompt-
ing paradigms: Zero-shot, Few-shot, Zero-shot
CoT, and Few-shot CoT. Specifically, instruction-
tuned models are tested under all four conditions,
whereas reasoning-optimized models are evaluated
in Zero-shot and Few-shot modes, given their intrin-
sic reasoning capabilities. See Table 21 for detailed
specifications.
Evaluation Metrics. Following (Chi et al., 2024),
we adopt Accuracy as the metric for evaluation.
Refer to Appendix C.2 for implementations.

4.2 Overall Performance (RQ1)

We report the performance of various LLMs across
the three causal levels in Table 4. All results re-
ported in the table are averaged over three indepen-
dent runs. Our detailed observations are as follows.
Model proficiency significantly diminishes
across ascending causal levels. Table 4 reveals
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Model
Causal Discovery Intervention Counterfactual

ZS CoT FS FS+C ZS CoT FS FS+C ZS CoT FS FS+C

GPT-4o 87.92 86.46 87.01 87.94 77.96 75.14 78.61 79.45 67.42 66.18 68.99 68.67
Gemini3-Flash 91.02 89.52 91.29 90.55 78.09 78.83 81.17 81.21 70.51 71.08 73.78 72.44
Qwen3-Next (Instruct) 89.56 85.83 85.98 88.46 75.13 76.40 74.20 78.68 64.47 66.29 66.32 68.62
Llama-3.3-70B-Instruct 87.24 85.15 88.40 86.76 78.17 79.33 80.87 77.79 62.08 67.36 70.78 69.55

GPT-5 92.96 – 92.93 – 82.17 – 83.80 – 72.14 – 73.99 –
Gemini3-Pro 93.50 – 93.28 – 81.92 – 84.69 – 73.05 – 77.49 –
Qwen3-Next (Thinking) 90.36 – 90.46 – 77.52 – 82.52 – 70.57 – 73.51 –

Qwen3-0.6B 64.46 59.41 51.81 55.18 31.27 24.84 28.64 25.69 25.88 20.99 23.78 21.23
Qwen3-4B 87.03 85.54 85.01 85.61 53.47 53.12 59.81 56.12 43.26 42.48 44.24 39.19
Qwen3-8B 86.27 82.64 86.40 86.42 64.48 64.34 66.25 67.15 51.40 53.08 51.32 53.27
Qwen3-14B 87.95 86.78 87.42 87.00 67.54 69.90 70.67 71.45 52.05 56.78 53.93 55.82
Qwen3-32B 87.26 86.53 87.05 86.58 71.54 74.39 73.46 74.50 61.12 62.79 62.67 61.07

Human 95.80 92.80 91.00

Table 4: Overall performance across three causal levels with different prompting strategies. ZS: Zero-shot, CoT:
Zero-shot CoT, FS: Few-shot, FS+C: Few-shot CoT. Bold denotes the best result across all models. Missing values
(–) indicate strategies not applicable to reasoning-optimized models.

that while LLMs are highly effective at causal dis-
covery (e.g., Gemini3-Pro reaches 93.50% accu-
racy), their proficiency falters on more complex
tasks. Specifically, Gemini3-Pro suffers significant
drops in intervention (81.92%) and counterfactual
(73.05%) scenarios. This discrepancy underscores
that while current LLMs excel at extracting explicit
causal patterns from text, they struggle with the
advanced reasoning required to simulate outcomes
under intervention or hypothetical negation.

Reasoning-optimized models exhibit superior
robustness in higher causal level. Comparative
analysis reveals that while instruction-tuned mod-
els (e.g., Qwen3-Next-Instruct) are competitive
with reasoning-optimized models (e.g., Qwen3-
Next-Thinking, Gemini3-Pro) on causal discov-
ery, they lack robustness on advanced tasks. The
performance divergence in the few-shot setting
is stark: Qwen3-Next-Thinking achieves 72.51%
accuracy on counterfactual, markedly outstrip-
ping Qwen3-Next-Instruct (66.32%) and GPT-4o
(68.99%). These results confirm that reasoning
optimization confers a significant capability for
dynamic causal inference, attenuating the steep per-
formance decay typically observed as tasks move
from association to counterfactual simulation.

The efficacy of prompting strategies varies.
According to Table 4, prompting efficacy can
be non-uniform, heavily influenced by both the
causal hierarchy and model architecture. For
higher-level tasks (intervention, counterfactual),
few-shot prompting emerges as a robust strategy,

consistently enhancing performance (e.g., +3.6%
for Gemini3-Pro). The role of CoT, however,
is architectural-dependent. It provides critical
scaffolding for Llama-3.3-70B-Instruct (62.08%
→ 67.36%), yet proves detrimental to GPT-4o
(77.96% → 75.14%). We hypothesize that while
Few-shot demonstrations provide necessary con-
textual grounding, explicit CoT steps can introduce
reasoning noise in models that have already inter-
nalized efficient solution paths.
Size Effect. As shown in Table 4, LLMs’ contex-
tual causal reasoning capabilities generally scale
with parameter count, yet the impact of model size
varies distinctively across different causal levels.
For causal discovery, performance stabilizes early;
the 4B model (87.03%) achieves accuracy compa-
rable to the 32B model (87.26%), indicating that
identifying causal relations expressed within the
text is achievable even with limited parameters. In
contrast, performance on Intervention and Coun-
terfactual tasks exhibits a continuous improvement
as model size increases. From 0.6B to 32B, we
observe substantial gains (e.g., +49.54% for inter-
vention and +41.80% for counterfactual). This sug-
gests that the capabilities needed for higher-level
tasks rely heavily on larger model scale.
Human performance. Human evaluators demon-
strated robust proficiency across the causal levels4,
achieving average accuracies of 95.8% on causal
discovery, 92.8% on intervention, and 91.0% on
counterfactual reasoning. These high scores con-

4cf. Appendix C.1 for details.
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Error Type
Gemini3-Flash (%) Qwen3-4B (%)

Discovery Intervention Counterfactual Discovery Intervention Counterfactual
(N=424) (N=953) (N=1395) (N=536) (N=2046) (N=2489)

Irrelevant Fact 45.56 21.40 16.49 55.41 26.87 24.15
Unfounded Statement 28.89 45.94 50.54 22.20 39.43 36.77
Contradictory Statement 12.00 18.05 26.28 5.69 20.96 33.87
Causal Reversal 13.56 14.60 6.69 16.70 12.74 5.22

Table 5: Error analysis (error percentage) across different causal levels under the zero-shot setting. The total
number of incorrect samples N is provided in parentheses. Refer to Appendix C.3 for more results.

firm that METER aligns closely with human causal
reasoning standards. Furthermore, it underscores
a performance gap between current LLMs and hu-
man capabilities in these tasks.

4.3 Error Analysis (RQ2)

This section conducts an in-depth analysis to char-
acterize the distinct error patterns across different
levels of the context-based causal reasoning.
Setup. Our analysis centers on Gemini3-Flash and
Qwen3-4B under the zero-shot protocol, as this
captures the models’ intrinsic reasoning tendencies
(Miao et al., 2024). To characterize failure modes,
we manually categorize every erroneous prediction
according to the predefined distractors in Table
3. We then calculate the proportion of each error
type to identify dominant failure patterns. Further
analyses of other LLMs and prompting schemes
are documented in Appendix C.3. Finally, Table 5
summarizes the results.
Errors in causal discovery stem primarily from
distraction by irrelevant contextual noise. As
shown in Table 5, causal discovery errors are
heavily concentrated in the Irrelevant Fact cate-
gory (55.41% for Qwen3-4B; 45.56% for Gemini3-
Flash). For example, when queried about the cause
of a car crash, LLMs bypass the actual cause
(‘brake failure’) in favor of explicit but non-causal
narrative details (‘the car was driving on Main
Street’). While the selected answers are true state-
ments within the context, they serve as mere irrele-
vant contextual noises rather than actual causes.
Errors in higher-level tasks stem primarily from
a diminishing faithfulness to the context, man-
ifesting as unfounded and contradictory state-
ments. Analysis of error distributions reveals a
shift to faithfulness failures at higher causal levels
(intervention and counterfactual). Errors are char-
acterized by a detachment from the source text and
a reliance on hallucinated information, evidenced
by the dominance of Unfounded Statements (peak-

ing at 50.54% for Gemini3-Flash). Furthermore, a
distinct divergence exists regarding the Contradic-
tory Statement category. Taking Qwen3-4B as an
example, Contradictory Statement errors escalate
from 20.96% in intervention to 33.87% in coun-
terfactual. This suggests that counterfactual tasks
impose a higher demand on logical consistency. In-
stead of deriving the correct consequence mandated
by the counterfactual assumption, LLMs frequently
select options that directly conflict with the valid
reasoning result. This reflects a deeper failure in
faithfulness: LLMs are unable to faithfully execute
the causal mechanisms described in the context to
generate logically consistent outcomes under hypo-
thetical premises.

4.4 Information Flow Analysis (RQ3)

To elucidate the findings from Section 4.3, this sec-
tion analyzes the internal information flow of the
LLMs utilizing Saliency Scores (Wang et al., 2023).
By this means, we quantify the contribution of spe-
cific input segments to the final output, revealing
the mechanistic drivers behind the divergent error
patterns at each causal level.
Background on Information Flow Analysis. As
established in Wang et al. (2023); Simonyan et al.
(2013), the saliency score Il(i, j) quantifies the
significance of the information flow from the j-
th token to the i-th token at layer l of an LLM.
Building on this, S(l)

X→Y represents the aggregate
significance of flow from a source segment X to
a destination segment Y , calculated as the mean
saliency across all token pairs connecting the two
segments. By utilizing S

(l)
X→Y , we can quantify the

dependency strength of a specific component Y on
a source component X within the prompt. Refer to
Appendix C.4.1 or Wang et al. (2023) for details.
Experimental Setup. We randomly sample 500
instances from our dataset and manually annotate
the evidence spans within the context that are es-
sential for answering the questions. For each input
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Figure 2: information flow significance at different layers.

prompt, our focus lies in five distinct components:
(i) Evidence (E), the annotated causal clues; (ii)
Non-evidence (N ), contextual spans irrelevant to
the question; (iii) Question (Q), the causal ques-
tion; (iv) Selected Option (O), the option chosen
by the corresponding LLM; and (v) Target (T ), the
final token position where the prediction is emit-
ted (e.g., the colon ":" in the prompt "Pick one
choice ... Answer:"). Based on these components,
we analyze the following information flow metrics:
SE→O, SN→O, SQ→O, SO→T , and Srest that
represents the mean significance among all remain-
ing token pairs, excluding influences represented
by the above metrics. Following Section 4.3, we
focus on Qwen3-4b in the zero-shot setting, with
more results detailed in Appendix C.4.2.

Mechanisms of Option Selection. We first in-
vestigate how models process the causal question
and options to reach a decision. Figure 2 reveals
that SN→O and Srest remain consistently low, in-
dicating minimal interference from irrelevant back-
ground information. However, we observe distinct
layer-wise dynamics: (1) Shallow Layers. Infor-
mation flow patterns diverge by causal level. For
causal discovery, both SE→O and SQ→O are high,
suggesting the model actively utilizes both evi-
dence and the question. In contrast, for interven-
tion and counterfactual, while SQ→O remains sig-
nificant, SE→O is notably suppressed. (2) Deep
Layers. SO→T becomes the dominant flow across
all levels. Based on these observations, we hy-
pothesize that in shallow layers, LLMs perform-
ing causal discovery integrate external evidence
(E) with the question (Q) to anchor their selec-
tion. Conversely, at intervention and counterfactual
levels, LLMs appear to rely primarily on the ques-
tion to guide reasoning, underutilizing the specific
evidence in favor of internal world knowledge. Sub-
sequently, across all tasks, deep layers function to

Metric Discovery Intervention Counterfactual

Cor. Err. Cor. Err. Cor. Err.

SE→O 0.1690 0.1247 0.1144 0.0936 0.1095 0.0988
SN→O 0.0945 0.1262 0.0858 0.0858 0.0805 0.0884
SQ→O 0.2508 0.2163 0.2657 0.2378 0.2666 0.2281
SO→T 0.4685 0.4941 0.5039 0.5457 0.5071 0.5452
Srest 0.0173 0.0387 0.0302 0.0371 0.0363 0.0395

Table 6: Layer-averaged significance scores for Correct
vs. Erroneous predictions across causal levels.

propagate information from the identified option
(O) to generate the final prediction (T ). We con-
ducted an additional check via attention masking
to verify these causal contribution of evidence, the
details of which are provided in Appendix C.4.3.

Error Analysis via Information Flow. We vali-
date our error analysis (i.e., Section 4.3) by com-
paring information flow dynamics in correct vs.
incorrect prediction settings. Specifically, Table 6
reports the layer-averaged values for the five sig-
nificance metrics (i.e., averaged SX→Y ). In causal
discovery, erroneous predictions are characterized
by a significant decrease in evidence utilization
(SE→O : 0.1690 → 0.1247) and a concurrent in-
crease in noise sensitivity (SN→O : 0.0945 →
0.1262). This provides empirical support for our
observations in Section 4.3. In contrast, interven-
tion and counterfactual tasks exhibit negligible re-
liance on either evidence or non-evidence (i.e., low
SE→O and SN→O), irrespective of prediction cor-
rectness. This context-agnostic behavior main ex-
plain the high incidence of hallucinated and con-
tradictory responses (i.e., Unfounded and Contra-
dictory Statements), as LLMs fail to ground their
reasoning in the provided context. Furthermore,
across all causal levels, incorrect predictions ex-
hibit a lower SQ→O compared to correct ones. It
implies that LLM errors may also be associated
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with an insufficient utilization of the causal ques-
tion to guide the reasoning process.

Discussion. Our experimental findings reveal that
LLMs appear to lack robust intrinsic capabilities
for contextual causal reasoning, even at the archi-
tectural level. While the results in Table 4 demon-
strate that advanced prompting schemes can yield
marginal performance gains, significant room for
improvement remains. The bottlenecks revealed by
our information flow analysis, specifically the de-
tachment from context and weak evidence ground-
ing, suggest that Supervised Fine-Tuning or Re-
inforcement Learning may be necessary avenues
for advancement. These training-based approaches
could effectively reshape the LLM’s internal infor-
mation flow, teaching it to prioritize contextual in-
formation, accurately localize evidence spans, and
perform rigorous reasoning. Considering the high
computational cost of model training, we devise a
lightweight experiment to validate this hypothesis.
By explicitly incorporating the evidence spans as
a distinct component within the input prompt, we
artificially enhance the significance of information
flow from the evidence segment. The results indi-
cate a consistent improvement in task performance
across all levels (+3% for causal discovery, +2.5%
for intervention, and +4.6% for counterfactual.),
preliminarily confirming that guiding the LLM to
attend more heavily to contextual evidence holds a
potential as a viable pathway for enhancing contex-
tual causal reasoning.

5 Conclusion

We present the first rigorous benchmark to sys-
tematically evaluate LLMs’ contextual causal rea-
soning capabilities under a unified context setting,
traversing the full hierarchy of the causal ladder.
Our study not only reveals significant limitations in
LLM proficiency but also provides a deep analysis
of these failures via error patterns and internal in-
formation flow. We highlight that LLMs appear to
lack robust intrinsic capabilities for context-based
causal reasoning. They exhibit high susceptibility
to irrelevant contextual noise in Discovery level
and a profound lack of faithfulness to the context
in higher-level reasoning. This points toward the
necessity of targeted training interventions to equip
LLMs with advanced causal reasoning capabilities.

Limitations

Generalization of Mechanistic Findings to
Black-box LLMs. Our mechanistic analysis of
information flow is conducted on two distinct open-
source architectures (Qwen and LLaMA). Further-
more, to assess the impact of scaling, we extend
our experiments across varying parameter sizes
within the Qwen family. However, due to the inac-
cessible nature of internal states in closed-source
models such as the Gemini and GPT series, we
are unable to perform equivalent information flow
tracing on these systems. Consequently, while our
findings are consistent across multiple open-weight
architectures, the extent to which these mechanis-
tic conclusions generalize to proprietary black-box
LLMs remains to be verified.
Risk of Data Contamination. Our benchmark is
derived from four open-source datasets. While this
construction methodology aligns with established
literature (Chi et al., 2024; Si et al., 2024), it intro-
duces the potential risk of data contamination, as
LLMs may have been pre-trained on these public
corpora. We explicitly address this concern dur-
ing data construction by implementing a rigorous
Data De-contamination protocol (detailed in Sec-
tion 3.2), which filters out samples that models can
solve without context. However, given the opacity
of pre-training data for LLMs, we cannot guarantee
the complete elimination of all contamination risks.
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A Comparison of Causal Reasoning
Paradigms

To clarify the definition of Contextual Causal Rea-
soning proposed in this paper, we delineate its dis-
tinctions from the two existing paradigms: Com-
monsense Causal Reasoning and Formal Causal
Reasoning. The core differences lie in the informa-
tion source required for inference and the reasoning
mechanism employed. Table 7 provides illustrative
examples for each category.
Contextual Causal Reasoning. This paradigm is
strictly evidence-driven. The causal conclusion is
contingent upon specific, often idiosyncratic, de-
tails provided within a long-context narrative. As
shown in Table 7, the model must comprehend
the specific event sequence (e.g., Godflesh missing

the concert due to "permit issues") to answer the
question. The reasoning process involves informa-
tion retrieval, cross-sentence synthesis, and logical
grounding within the provided document, rather
than relying on external priors.
Commonsense Causal Reasoning. This paradigm
is knowledge-driven. It relies on the LLM’s in-
trinsic parametric knowledge acquired during pre-
training to resolve causal ambiguities. In the exam-
ple, determining that "a blow to the head" causes
unconsciousness requires general world knowl-
edge about physiology and physical trauma, as this
causal mechanism is not explicitly defined in the
premise. The model acts as a knowledge base to
judge plausibility.
Formal Causal Reasoning. This paradigm is rule-
driven. It focuses on symbolic manipulation and
probabilistic calculus within a closed, hypothet-
ical system. The reasoning ignores real-world
semantics (e.g., the definitions of "husband" or
"alarm" are irrelevant) and strictly follows defined
causal graphs or mathematical rules (e.g., Pearl’s
do-calculus). As illustrated, the solution requires
executing precise arithmetic operations based on
conditional probabilities rather than interpreting
natural language semantics.

B Benchmark Construction Details

Code and full datasets are available at https://
github.com/SCUNLP/METER.

B.1 Data Preparation

We construct our initial data pool by sourcing from
four established datasets, categorized into trigger-
based and span-based types depending on their an-
notation granularity. Table 8 provides illustrative
examples. For the trigger-based category, we uti-
lize ESL (Caselli and Vossen, 2017), MAVEN-ERE
(Wang et al., 2022b), and MECI (Lai et al., 2022),
which primarily identify causality via specific event
keywords. Specifically, the Event StoryLine Cor-
pus (ESL) collects news articles regarding specific
real-world events (e.g., natural disasters) to capture
their narrative connections. To derive cause-effect
pairs, we treat the keyword labeled as rising ac-
tion as cause trigger and that labeled as falling
action as effect trigger. MAVEN-ERE constructs a
large-scale event relation dataset based on general-
domain Wikipedia documents. Its causal anno-
tation schema distinguishes between CAUSE (in-
evitable consequences) and PRECONDITION (nec-
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Paradigm Example Input Model Reasoning Process & Answer

Contextual
(Evidence-
driven)

Context: In 1991, Godflesh embarked on their
first North American tour. While most shows
were successful, the schedule faced early setbacks.
Specifically, Godflesh missed the first concert
due to permit issues, though they made it to the
second date in Brooklyn. Despite technical
failures with their drum machine later, the rest of
the tour concluded with positive reception.
Question: Why did the band Godflesh miss their

first concert?

Reasoning: I need to find the specific reason for
missing the first concert in the provided text.
Scanning the passage, I found the sentence:
“Godflesh missed the first concert due to permit
issues.” This explicitly states the cause.
Answer: The band Godflesh ran into permit

issues.

Commonsense
(Knowledge-
driven)

Premise: The man fell unconscious. What was
the cause of this?
Alternative 1: The assailant struck the man on

the head.
Alternative 2: The assailant took the man’s
wallet.

Reasoning: I need to identify which event
typically causes unconsciousness based on
common sense. Alternative 1 describes a physical
blow to the head, which causes trauma and is a
medically plausible cause of unconsciousness.
Alternative 2 describes a theft, which does not
directly cause one to lose consciousness.
Answer: Alternative 1.

Formal
(Rule-driven)

Premise: Imagine a self-contained, hypothetical
world with only the following conditions, and
without any unmentioned factors or causal
relationships: Husband has a direct effect on wife
and alarm clock. Wife has a direct effect on alarm
clock. The overall probability of alarm set by
husband is 77%. For husbands that don’t set the
alarm, the probability of ringing alarm is 26%.
For husbands that set the alarm, the probability of
ringing alarm is 76%.
Question: Is ringing alarm more likely than

silent alarm overall?

Reasoning:
1. Define Variables: X=Husband, Y =Alarm.
2. Identify structure: X → Y and
X → Wife → Y .
3. Apply Total Probability Theorem for
P (Y = 1):
P (Y ) = P (Y |X)P (X) + P (Y |¬X)P (¬X)

= 0.76(0.77) + 0.26(1− 0.77)
= 0.5852 + 0.0598 ≈ 0.645

4. Compare with random chance (0.5):
0.645 > 0.5, so ringing is more likely.
Answer: Yes.

Table 7: Comparison of causal reasoning paradigms.

essary conditions). We exclusively filter for rela-
tions labeled as CAUSE, mapping the head event to
the cause trigger and the tail event to the effect trig-
ger. MECI establishes a multilingual benchmark
based on Wikipedia articles covering five specific
domains (e.g., aviation accidents). We utilize its
English subset and derive cause-effect pairs by ad-
hering to its directional annotation schema, which
explicitly labels the source event as the CAUSE and
the target event as the EFFECT. For the span-based
category, we incorporate WIKIWHY (Ho et al.,
2023), which captures causal logic through text
segments spanning 11 diverse topics (e.g., Natural
Sciences, History). We derive our data instances by
aligning the annotated cause and effect spans based
on their unique sample identifiers. In addition, the
specific prompts utilized for event description ex-
pansion and the data de-contamination are provided
in Table 17 and Table 18, respectively.

B.2 Data Generation

In this section, we provide implementation details
for the data generation pipeline.

Question and Answer Generation. We employ a
unified pipeline to generate question-answer pairs,
ensuring consistency between the question and the
ground truth. This process utilizes specific tem-
plates for question formulation, as listed in Table 9.
And the specific prompts used are provided in Table
19. Finally, all generated questions are paraphrased
by Gemini-2.5-pro to ensure natural, unambiguous
phrasing.

For Causal Discovery, the templates consist of
two categories: those inquiring about causes and
those inquiring about effects. We instantiate these
templates directly using the annotated cause or ef-
fect events, and use the corresponding effect or
cause events as the answers. For each sample, we
select one type of question to instantiate, ensuring
a roughly equal distribution between cause-seeking
and effect-seeking questions.

For Intervention and Counterfactual, we prompt
Gemini-2.5-Pro to generate hypothetical conditions
to fill the templates. Regarding intervention, the
model generates specific, reasonable measures that
do not contradict the existing background context.
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Type: Trigger-based Dataset (e.g., MECI)

Context: The engine thrust reverser doors deployed, and the pilot decreased flaps from 40◦ to 15◦. The landing gear remained
locked in the down position. Six seconds before impact, when the aircraft was 4000 feet from the runway threshold, the
aircraft climbed, then banked steeply to the left from a height of 300 to 400 feet, and crashed to the left of the runway. The
aircraft was destroyed by impact and fire. The crash investigation was conducted by the Aviation Safety Investigation
Division of Transport Canada...

Cause Trigger: impact

Effect Trigger: destroyed

Type: Span-based Dataset (e.g., WIKIWHY)

Context: Even though most ornithocheiromorphs didn’t have a cranial crest like the closely related pteranodontids, there
were some exceptions, this included Caulkicephalus and Ludodactylus. Caulkicephalus had a rounded snout, very similar
to that of Ornithocheirus and Anhanguera, and therefore it is placed within either Anhangueridae or Ornithocheiridae,
depending on the author. Caulkicephalus was also a large pterosaur, with wingspan estimates of around 5 meters (16 ft).

Cause Span: Caulkicephalus has a rounded snout.

Effect Span: Caulkicephalus is placed within either Anhangueridae or Ornithocheiridae.

Table 8: Data examples from the source datasets.

Causal Level Question Template

Causal Discovery
Asking for Cause Asking for Effect
• Why does {EVENT} happen? • What is the result of {EVENT}?
• What causes {EVENT}? • What does {EVENT} lead to?
• What is the reason behind {EVENT}? • What is the effect of {EVENT}?
• What leads to {EVENT}? • What effect does {EVENT} have?

Intervention What will happen if {INTERVENTION}?
What change will occur when {INTERVENTION CONDITION}?
What will be the effect if {INTERVENTION CONDITION}?
What will be the consequences of {INTERVENTION CONDITION}?

Counterfactual What would happen if {COUNTERFACTUAL CONDITION}?
If {COUNTERFACTUAL CONDITION}, what change would occur?
Had {COUNTERFACTUAL CONDITION}, how would the situation be different?
Assuming {COUNTERFACTUAL CONDITION}, what would be affected?
What would be different if {COUNTERFACTUAL CONDITION}?

Table 9: Templates used for generating questions across three causal reasoning levels.

Regarding counterfactual, the model modifies key
attributes of the cause event (e.g., timing, partici-
pants or specific actions) to construct alternative
scenarios. The corresponding answers are subse-
quently generated by the model, conditioned on the
ground-truth causal events.
Distractor Generation. To construct effective dis-
tractors, we provide Gemini-2.5-Pro with specific
definitions and formatting constraints for each dis-
tractor category. During generation, we enforce
a rationale-augmented approach: the model is re-
quired to explicitly explain why a generated option
is incorrect and how it satisfies the criteria of the
assigned distractor type. This facilitates the genera-
tion of distractors that are unambiguously incorrect

and strictly adhere to the defined category con-
straints. The specific prompts used are provided in
Table 20.

B.3 Human Verification Agreement

Annotator Recruitment. To handle the complex-
ity of causal reasoning tasks, we recruited 9 under-
graduate students with a solid background in Nat-
ural Language Processing (NLP). All annotators
possess prior experience in linguistic analysis or
logical reasoning tasks. Before the annotation com-
menced, all annotators were provided with com-
prehensive guidelines and reference examples to
align their understanding of the inclusion criteria
and error categories.
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Model & Method
Causal Discovery (%) Intervention (%) Counterfactual (%)

Con Unf Ctr Rev Con Unf Ctr Rev Con Unf Ctr Rev

Gemini3-Flash
Zero-shot CoT 61.93 24.77 2.42 10.88 39.27 44.66 9.20 6.87 34.28 38.55 23.38 3.79
Few-shot 61.87 25.42 3.34 9.36 38.81 39.05 13.63 8.51 34.46 43.05 4.34 5.22
Few-shot CoT 61.45 27.11 2.71 8.73 43.41 39.02 8.16 9.41 38.15 40.00 17.73 4.12

Gemini3-Pro
Zero-shot 57.78 23.70 8.15 10.37 35.97 35.34 14.10 14.58 33.56 42.78 17.65 6.02
Few-shot 54.65 27.52 6.98 10.85 36.07 40.98 12.02 10.93 29.49 48.01 17.15 5.35

Qwen3-4B
Zero-shot CoT 49.64 24.72 5.70 19.94 24.77 38.08 20.89 14.52 20.78 40.30 28.53 7.52
Few-shot 50.75 26.03 7.12 16.10 26.51 38.08 20.89 14.52 21.96 37.31 33.21 7.52
Few-shot CoT 48.30 24.26 8.94 18.51 25.18 35.19 23.33 16.30 21.34 37.70 34.57 6.40

Table 10: Detailed error distribution analysis for Gemini3-Flash, Gemini3-Pro, and Qwen3-4B under various
prompting strategies. The values represent the percentage (%) of each error type within the incorrect predictions.
Con: Contextual (Irrelevant Fact), Unf: Unfounded, Ctr: Contradictory, Rev: Causal Reversal.

Quality Control. We implemented a multi-stage
validation process.
• Phase 1: Raw Data Verification. Three annota-

tors independently reviewed the extracted event
pairs. To ensure high precision, any instance re-
jected by at least one annotator due to ambiguity
or incompleteness was immediately discarded.

• Phase 2: Generated Data Validation. The vali-
dation of LLM-generated content involved two
distinct steps: Editing and Filtering.
1. Manual Editing. Given each instance, two

annotators are required to perform manual
editing of the generated question, answer, and
distractors, and to resolve any errors identified
by a third annotator. The final result is chosen
by voting from all three annotators.

2. Manual Filtering. We applied a strict qual-
ity control procedure by filtering each edited
instance. Three annotators independently in-
spected each entry against the verification
standards. Any sample failing to meet these
standards was discarded. The final decision to
retain or reject a sample was reached through
a majority vote among the three annotators.

C Experiment Details

C.1 Human Baseline

To establish a human performance reference, we
randomly sample 100 instances from our dataset.
We recruit five undergraduate students with NLP
backgrounds to independently answer these ques-
tions based strictly on the provided context.

C.2 Methods & Implementation Details

We evaluate closed-source models via their official
APIs. For open-source models, we deploy them
using the vLLM framework on a server equipped
with four NVIDIA A100 GPUs. To ensure con-
trollable results and minimize generation random-
ness, we set the decoding temperature to 0 for all
models, consistent with the configuration in Xiao
et al. (2025). Regarding the prompting schemes,
we implement specific protocols to standardize the
evaluation. For Zero-shot CoT, we append the stan-
dard trigger phrase “Let’s think step by step” to the
input prompt to elicit reasoning. For Few-shot CoT,
we utilize demonstrations where the reasoning pro-
cess is manually written by human annotators. we
employ a targeted prompt strategy in the Causal
Discovery task for Few-shot and Few-shot CoT set-
tings: we provide distinct sets of demonstrations
for questions inquiring about causes and those in-
quiring about effects, respectively. This ensures
that the few-shot examples align strictly with the
direction of the causal inquiry.

C.3 Error Analysis

In this section, we extend the failure mode analysis
presented in Section 4.3 to cover a broader spec-
trum of models and prompting strategies. Specifi-
cally, we report the error distribution for Gemini3-
Pro, Gemini3-Flash, and Qwen3-4B across four
prompt settings, as illustrated in Table 10. We
observe that while the exact error rates fluctuate
depending on the model architecture and prompt-
ing paradigm, the overall failure patterns remain
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Metric
Causal Discovery Intervention Counterfactual

Correct Error Correct Error Correct Error

Qwen3-8B

SE→O 0.1682 0.1058 0.1056 0.0853 0.1095 0.0845
SN→O 0.0856 0.1006 0.0785 0.0801 0.0798 0.0784
SQ→O 0.2048 0.2008 0.2548 0.2230 0.2448 0.2158
SO→T 0.5243 0.5564 0.5329 0.5723 0.5354 0.5801
Srest 0.0171 0.0364 0.0283 0.0393 0.0306 0.0412

Llama-3.2-3B

SE→O 0.1086 0.0679 0.0595 0.0493 0.0608 0.0477
SN→O 0.0592 0.0696 0.0504 0.0422 0.0527 0.0419
SQ→O 0.1471 0.1357 0.1660 0.1263 0.1537 0.1056
SO→T 0.6614 0.6966 0.6944 0.7376 0.6970 0.7285
Srest 0.0238 0.0302 0.0297 0.0446 0.0357 0.0494

Table 11: Comparison of layer-averaged significance scores between correct and incorrect predictions for Qwen3-8B
and Llama-3.2-3B.

largely consistent with the conclusions drawn in
Section 4.3.

C.4 Information Flow
In this section, we provide supplementary details
regarding the information flow analysis.

C.4.1 Saliency Scores
We adopt the methodology proposed by (Wang
et al., 2023), which leverages the saliency tech-
nique (Simonyan et al., 2013) to quantify token in-
teractions.Specifically, the saliency score for each
element of the attention matrix is computed as:

Il =
∑

h

∣∣∣∣A⊤
h,l

∂L(x)
∂Ah,l

∣∣∣∣ , (1)

where Ah,l is the attention matrix of the h-th head
in the l-th layer, and L(x) is the loss function given
the input x, which is the cross-entropy loss in our
task. Il(i, j) represents the significance of the in-
formation flow from the j-th token to the i-th token.
For more details, see (Wang et al., 2023).

To quantify the interactions between segments,
we define the mean significance of information flow
SX→Y from a source segment X to a destination
segment Y as:

SX→Y =

∑
(i,j)∈CX→Y

Il(i, j)

|CXY |
, (2)

where CXY = {(i, j) : i ∈ Y, j ∈ X} denotes the
set of token pairs representing the flow from X to
Y , and |CXY | is the cardinality of this set. Based

on this definition, we introduce five quantitative
metrics:
SE→O: mean significance from evidence to the
selected option.
SN→O: mean significance from non-evidence to
the selected option.
SQ→O: mean significance from question to the
selected option.
SO→T : mean significance from the selected option
to the target.
Srest: mean significance among all remaining to-
ken pairs, excluding influences represented by the
above metrics

Srest =

∑
(i,j)∈Crest Il(i, j)

|Crest|
, (3)

where Crest = {(i, j) : j < i} − (CEO ∪ CNO ∪
CQO ∪ COT ). where Crest = {(x, y) : x ≤ y} −
(CEO ∪CNO ∪CQO ∪COT ). Here, CXY denotes
the set of pairs in X × Y .

C.4.2 More Results

We further examine the information flow dynamics
of Llama-3.2-3B and Qwen3-8B, adhering to the
same experimental setup described in Section 4.4.
Specifically, we track the changes in information
flow across layers, comparing the information flow
differences between correct and incorrect predic-
tions. As illustrated in Figure 3 and Table 11, the
observed phenomena are highly consistent with the
findings reported in Section 4.4.
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(c) Qwen3-8B: Counterfactual
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(d) Llama-3.2-3B: Discovery
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(e) Llama-3.2-3B: Intervention
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(f) Llama-3.2-3B: Counterfactual

Figure 3: Layer-wise information flow dynamics for Qwen3-8B (Top Row) and Llama-3.2-3B (Bottom Row) across
three causal reasoning levels. The plots illustrate the aggregation trends of saliency scores, contrasting the patterns
between correct and incorrect predictions.

C.4.3 Causal Verification via Attention
Masking

To further verify the causal contribution of con-
textual evidence and validate the layer-wise aggre-
gation patterns observed in our information flow
analysis, we conducted an attention masking exper-
iment on Qwen3-4B.
Methodology. We block specific information flows
by manipulating the attention mechanism. To iso-
late the destination tokens from the source tokens,
we manipulate the attention matrix A. Specifically,
we set Al(p, i) = 0 (where i < p) in the attention
matrix of the l-th layer, where p represents the in-
dex of the destination tokens (e.g., Options) and i
represents the index of the preceding source tokens
(e.g., Evidence). Consequently, in the l-th layer,
the destination tokens cannot access information
from the source tokens.
Experimental Setup. Based on our observation
that evidence aggregation predominantly occurs in
shallow layers (stabilizing around Layer 24), we
designed two distinct masking settings to verify
this temporal dynamics:

• Shallow Masking: Blocking Evidence → Op-
tion (E → O) flow in Layers 1–24.

• Deep Masking: Blocking Evidence → Option

(E → O) flow in Layers 25–End.

Results. The results are illustrated in Figure 4.

• Shallow Layers (1–24): Masking the evidence
flow in shallow layers leads to a significant ac-
curacy drop in Causal Discovery (from 0.827 to
0.579). In contrast, the performance for Inter-
vention and Counterfactual tasks remains largely
unaffected (e.g., Intervention holds steady at
∼0.53). This causally confirms two findings:
(1) Causal Discovery heavily relies on evidence
aggregation in shallow layers; (2) Higher-level
tasks underutilize the provided context, relying
instead on internal priors.

• Deep Layers (25–End): Masking the evidence
flow in deep layers results in no performance
change across all three tasks (accuracy remains
identical to the baseline). This validates our hy-
pothesis that the aggregation of evidentiary infor-
mation is completed in the shallow layers, and
deep layers do not revisit the evidence tokens for
reasoning.

D Additional Experiment Results

In this section, we provide detailed results for
the hypothesis validation experiment discussed in
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(a) Shallow Layers (1–24): Blocking E → O (b) Deep Layers (25–End): Blocking E → O

Figure 4: Results of the Attention Masking experiment on Qwen3-4B. (a) Masking evidence-to-option attention in
shallow layers causes a significant drop in Causal Discovery accuracy, confirming reliance on evidence aggregation.
(b) Masking the same flow in deep layers results in no performance change, indicating evidence processing is
completed in early layers.

the Section 4.4. To verify whether strengthening
evidence grounding improves contextual causal
reasoning, we devised a lightweight intervention:
we explicitly appended the ground-truth evidence
spans to the input prompt, thereby artificially en-
hancing their visibility to the model.

D.1 Information Flow Analysis.

We computed the information flow metrics follow-
ing the setup described in Section 4.4. We com-
pared the saliency scores under the original setting
(No Evidence) versus the enhanced setting (Evi-
dence). As detailed in Table 12, the explicit inclu-
sion of evidence results in a consistent increase in
the information flow from the evidence segment
to the selected option (denoted as SE→O) across
various models and causal levels. For instance, in
the causal discovery task, Llama-3.2-3B exhibits
a rise in SE→O from 0.0999 to 0.1190. In the in-
tervention task, Qwen3-8B shows an increase from
0.0902 to 0.1006. Similarly, for counterfactual
reasoning, Qwen3-4B demonstrates a growth from
0.1003 to 0.1066. These variations indicate that
providing explicit evidence effectively amplifies
the propagation of information from the supporting
facts to the model’s final decision.

D.2 Performance Improvement.

We further evaluated the impact of this enhanced
information flow on reasoning accuracy. As shown
in Table 13, explicitly providing evidence yields
consistent performance gains. For instance, Qwen3-
8B achieves approximate improvements of +3.0%
in Causal Discovery, +3.3% in Intervention, and

+4.8% in Counterfactual. These empirical results
confirm that mitigating the bottleneck of weak con-
text utilization by reinforcing the information flow
from evidence is a viable pathway for enhancing
contextual causal reasoning.

D.3 Error Analysis

We further tracked the fluctuation in error counts
to quantify the impact of incorporating evidence.
As illustrated in Table 14, providing explicit evi-
dence leads to a reduction in Unfounded, Irrelevant
Fact, and Contradictory errors across most models.
Specifically, in the intervention task, Qwen3-4B
reduced Unfounded errors from 95 to 80. Similarly,
in the causal discovery task, Qwen3-8B saw a sig-
nificant drop in Irrelevant Fact errors from 44 to
29. These declines confirm that evidence acts as a
rigid constraint, effectively grounding the model’s
generation to the provided context and minimizing
hallucinations.

However, we observed a counter-intuitive side
effect: a consistent rise in Causal Reversal errors.
For instance, Qwen3-4B saw an increase in reversal
errors from 22 to 35 in the Intervention task, while
Llama-3.2-3B exhibited a similar trend in Causal
Discovery (rising from 37 to 46). We speculate that
this may occur because evidence spans reinforce
the model’s focus on specific keywords or events,
but not their logical order. Since Causal Reversal
options typically contain the same entities as the
evidence (just in the wrong direction), the model
might be biased towards these options due to high
text similarity.
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Metric
Causal Discovery Intervention Counterfactual

Evidence No Evidence Evidence No Evidence Evidence No Evidence

Qwen3-4B

SE→O 0.1481 0.1422 0.1080 0.0968 0.1066 0.1003
SN→O 0.1034 0.0957 0.0852 0.0863 0.0916 0.0872
SQ→O 0.2066 0.2312 0.2204 0.2425 0.2145 0.2336
SO→T 0.5132 0.5031 0.5558 0.5421 0.5494 0.5401
Srest 0.0288 0.0279 0.0307 0.0323 0.0379 0.0387

Llama-3.2-3B

SE→O 0.1190 0.0999 0.0639 0.0536 0.0641 0.0520
SN→O 0.0573 0.0592 0.0447 0.0457 0.0461 0.0468
SQ→O 0.1234 0.1444 0.1310 0.1433 0.1177 0.1328
SO→T 0.6754 0.6700 0.7287 0.7212 0.7282 0.7260
Srest 0.0249 0.0265 0.0317 0.0362 0.0439 0.0424

Qwen3-8B

SE→O 0.1587 0.1412 0.1006 0.0902 0.1030 0.0914
SN→O 0.0882 0.0878 0.0786 0.0802 0.0815 0.0788
SQ→O 0.1932 0.2031 0.2135 0.2310 0.2036 0.2233
SO→T 0.5374 0.5438 0.5780 0.5655 0.5754 0.5687
Srest 0.0225 0.0241 0.0293 0.0331 0.0365 0.0378

Table 12: Impact of explicitly incorporating evidence spans on information flow dynamics. Values represent the
saliency scores under two settings: with explicitly provided evidence (Evidence) and without it (No Evidence).

Model
Causal Discovery Intervention Counterfactual

Evidence No Evidence Evidence No Evidence Evidence No Evidence

Qwen3-4B 84.80 82.67 55.20 53.40 46.40 45.06
Qwen3-8B 88.00 85.40 65.85 63.71 56.40 53.80
Llama-3.2-3B 75.00 72.60 57.83 57.40 44.60 42.03

Table 13: Performance comparison (Accuracy) between the original setting (No Evidence) and the setting with
explicitly incorporated evidence spans (Evidence).

E Data Example and Case Studies

E.1 Data Example

Table 15 presents representative samples from our
dataset. Each entry consists of a context paragraph,
followed by three types of causal questions (causal
discovery, intervention, and counterfactual), along
with their corresponding candidate options and cor-
rect answers.

E.2 Case Studies

Table 16 presents a failure instance of Gemini3-
Flash (Few-shot) in the causal discovery task. The
model was prompted to identify the reason why a
referee stopped a boxing match based on a given
context. The correct answer is (A), which identifies

the root cause: the challenger’s inability to recover
after being knocked down. However, Gemini3-
Flash incorrectly selected the distractor (B). This
distractor, while factually present in the text, mis-
attributes the cause to the procedural step of the
referee giving a standing count, rather than the
underlying physical condition of the fighter. We
speculate this error stems from the model’s focus
on explicitly mentioned actions in the text. As indi-
cated in its reasoning, the model found Option B to
be more "precise about the immediate officiating
action." This suggests that the LLM might be pri-
oritizing surface-level textual cues and procedural
descriptions over inferring the deeper causal rela-
tionship, such as the fighter’s actual physical state
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Error Type
Qwen3-4B Qwen3-8B Llama-3.2-3B

Disc. Inter. Count. Disc. Inter. Count. Disc. Inter. Count.

Irrelevant Fact 48→35 69→67 91→87 44→29 76→72 57→56 46→36 27→25 47→36
Unfounded 26→25 95→80 75→73 24→23 61→52 77→66 34→28 88→76 107→95
Contradictory 7→5 47→42 98→95 5→4 31→25 89→85 20→15 72→73 95→97

Causal Reversal 6→11 22→35 11→23 0→4 13→22 8→11 37→46 26→37 41→49

Table 14: Shift in error distribution after incorporating evidence spans (format: No Evidence → With Evidence).
Blue values indicate a reduction in errors (improvement), while Red values indicate an increase (degradation).
Note the consistent reduction in Irrelevant and Unfounded errors versus the rise in Causal Reversal errors.

necessitated by the knockdown.

F Prompts

Detailed examples of the prompts used in both our
dataset construction and experiments are provided
in Tables 17 through 21.
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Context

Henry VI’s two envoys landed in Cyprus in April or May 1196. Aimery may have adopted the title of king around that
time, because Pope Celestin styled him as king already in a letter in December 1196. In the same month, the Pope set up a
Roman Catholic archdiocese in Nicosia with three suffragan bishops in Famagusta, Limassol and Paphos. The Greek
Orthodox bishops were not expelled, but their property and income was seized by the new Catholic prelates.

Level 1: Causal Discovery

Question: Why did Aimery of Cyprus adopt the title of king around April or May of 1196?
Options:
A. The confiscation of the Greek Orthodox bishops’ property and income by Aimery’s newly installed Catholic prelates
later in 1196.
B. He had recently married a Byzantine princess and needed a title that matched her royal rank.
C. Aimery’s assumption of the royal title led Pope Celestine to call him king in the December 1196 letter.
D. Pope Celestine expressly refused to address Aimery as king in his December 1196 letter.
E. Pope Celestine styled Aimery of Cyprus as king already in a letter in December 1196.
Correct Answer: E

Level 2: Intervention

Question: What will happen if the Pope decrees that the new Catholic prelates must share a portion of their new income
with the formerly dispossessed Greek Orthodox bishops?
Options:
A. The new Catholic prelates will use the mandated payments to pressure the Greek Orthodox bishops into publicly
accepting their authority.
B. Pope Celestin will issue another letter officially recognizing Aimery’s kingship over Cyprus.
C. The Greek Orthodox bishops’ successful appeal to King Aimery will cause the Pope to issue the decree for income
sharing.
D. The Greek Orthodox bishops will be expelled from Cyprus to resolve the ongoing dispute over church income.
E. The local Cypriot population will revolt in support of the Greek Orthodox bishops, demanding the full restoration of
their property.
Correct Answer: A

Level 3: Counterfactual

Question: What would have happened if Pope Celestine had addressed Aimery only as ’Lord of Cyprus’ in his December
letter?
Options:
A. Pope Celestine would not have established a Roman Catholic archdiocese in Nicosia.
B. Aimery’s failure to seize the property of the Greek Orthodox bishops would have caused the Pope to address him as
’Lord of Cyprus’.
C. Aimery would have immediately sought a royal title from the Holy Roman Emperor, Henry VI.
D. The establishment of the Roman Catholic archdiocese in Nicosia would have been postponed.
E. Aimery would have been forced to offer greater concessions to the new Catholic archdiocese to secure his royal
legitimacy.
Correct Answer: E

Table 15: Data samples from our dataset based on a single context.
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Case Study: Causal Discovery with Gemini3-Flash (Few-shot)

Context: Wladimir Klitschko stops Tony Thompson in 6th round to retain world heavy-
weight titles... The Ukrainian champion dropped Thompson again in the sixth, and
referee Sam Williams gave the challenger a standing count before stopping the fight...

Question: What caused referee Sam Williams to stop the fight?

Options:

A (Correct - Root Cause): The fight was stopped due to the challenger’s inability to recover after being knocked
down by the champion’s powerful punches in consecutive rounds.

B (Model’s Choice - Procedural Distractor): The fight was stopped because the referee’s decision to give a standing
count determined that the challenger was no longer fit to continue.

(Options C, D, and E are omitted for brevity)

Model Reasoning:

“The referee stopped the fight after Wladimir Klitschko knocked Tony Thompson down in the sixth round and
administered a standing count, indicating Thompson could no longer continue. Choice A is partially correct regarding
the knockdowns but less precise about the immediate officiating action. Choice B accurately identifies the referee’s
assessment and the standing count as the direct cause for the stoppage.”

Table 16: A failure case of Gemini3-Flash.

Event Description Expansion

You are an expert in causal event extraction. Given a paragraph P and two event triggers e1 and e2, your task is to
identify and summarize the complete events they represent. The event e1 is the cause of e2.

Definitions:

– Event Trigger: A specific word (typically a verb or action-related noun) that serves as the core or anchor of an event.

Guidelines:

For each trigger, locate it in the paragraph and summarize its corresponding event. Each summary must be:

– Accurate: only what the trigger states, no extra causes/effects.

– Concise: no extra background or causal details.

– Complete: forms a minimal grammatical event (subject-verb or subject-verb-object).

– One-to-one: each trigger corresponds to exactly one event.

Paragraph: <context>

e1: <trigger1> e2: <trigger2>

Answer:

Table 17: The prompt used to expand event triggers into complete event descriptions.

Data De-contamination

You are an expert in causal inference. Your task is to analyze Event A and Event B provided below and determine
whether there is a causal relationship between them. Respond with "Yes" if a causal relationship exists, and "No"
otherwise.

Event A: <event1> Event B: <event2>

Answer:

Table 18: The prompt used to filter out cause-effect pairs that LLMs might have memorized.
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Intervention Question and Answer Generation

You are an expert in causal inference, expert at crafting deep, multi-layered causal inquiries. You will be given:

Paragraph: a paragraph describing a causal scenario.

Cause and Effect Events: two events, which are causally connected.

Your task is to instantiate the template below to design a intervention question and give a correct answer based on the
given cause and effect events.

The intervention question explores the future causal consequences of introducing a new and specific action (the
“intervention”). Crucially, the intervention must be specific and explore a diverse state, not a vague or simple negation.
You cannot modify or negate the fixed history of the scenario. The question must be in the future tense grammatically.
The answer must be tightly grounded in the Paragraph, serving as a logical extension of the facts and dynamics provided.
Ensure the answer is concise, accurate.

Question Template: <question template>

Paragraph: <context>

Cause Event: <cause>

Effect Event: <effect>

Answer:

Counterfactual Question and Answer Generation

You are an expert in causal inference, expert at crafting deep, multi-layered causal inquiries. You will be given:

Paragraph: a paragraph describing a causal scenario.

Cause and Effect Events: two events, which are causally connected.

Your task is to instantiate the template below to design a counterfactual question and give a correct answer based on
the given cause and effect events.

The counterfactual question explores the causal consequences of a hypothetical change to a key condition or action
from the past event. Crucially, this change should be specific and imaginative, not just a simple negation of the event.
Consider altering the event’s timing, intensity, method, or substituting a key element. The answer should provide an
insightful inference. Focus on the most significant shift the counterfactual change would have caused. Ensure the
answer is concise, accurate and reasonably inferred from the paragraph.

Question Template: <question template>

Paragraph: <context>

Cause Event: <cause>

Effect Event: <effect>

Answer:

Table 19: Prompts used for generating Intervention and Counterfactual questions along with their answers.
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Distractor Generation

You are an expert in constructing multiple-choice causal reasoning questions. You will be given:

- Paragraph: a paragraph describing a causal scenario.

- Question: a <question_type>.

- Correct Option: the correct option.

Your task is to generate four distinct and misleading incorrect options (distractors), each corresponding to a different
fallacy type. For each generated distractor, you must also provide a brief rationale explaining why the option is incorrect
yet sufficiently plausible to be misleading.

Distractor Types:

- Contradictory Statement: An option contains information conflicting with a specific fact stated in the paragraph or
premises in the question.

- Unfounded Statement: An option contains information not stated in or inferred from the paragraph.

- Causal Reversal: An option inverts the cause-and-effect direction established in the paragraph.

- Irrelevant Fact: An option that is grounded in the paragraph but has no causal link to the question.

Important Rules:

- Avoid obviously absurd or trivial answers; all distractors should require careful reasoning to eliminate.

- Style and length of distractors should match the correct answer.

Output Format

• Only return a valid JSON object with the following structure:

{{

"contradictory": {{

"option_text": "<distractor_1>",

"reasoning": "<text>"

}},

"unfounded": {{

"option_text": "<distractor_2>",

"reasoning": "<text>"

}},

"reversal": {{

"option_text": "<distractor_3>",

"reasoning": "<text>"

}},

"irrelevant ": {{

"option_text": "<distractor_4>",

"reasoning": "<text>"

}}

}}

Paragraph: <context>

Question: <question>

Correct Option: <correct option>

Answer:

Table 20: Prompt used for generating distractors.
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Prompting Schemes

Zero-shot: Pick one choice given the context to answer the question.

Context: ⟨Context⟩ Question: ⟨Question⟩ Choices: A. ⟨Choice A⟩ B. ⟨Choice B⟩ C. ⟨Choice C⟩ D.

⟨Choice D⟩ E. ⟨Choice E⟩ Answer:

Few-shot: Pick one choice given the context to answer the question. Example:

Context: The city library, usually open late, closed two hours early last month. For several days beforehand, the lights

in the reading rooms kept flickering. In a council bulletin, officials explained that the building’s electrical system had

problems, though some residents blamed budget cuts. Question: Why did the library close earlier than usual last month?

Choices: A. The city held a council bulletin. B. The library’s electrical system was malfunctioning. C. Closing early

caused the lights to flicker. D. Budget cuts reduced funding for cultural programs. E. The library lights flickered in

the evenings. Answer: B

Context: ⟨Context⟩ Question: ⟨Question⟩ Choices: A. ⟨Choice A⟩ B. ⟨Choice B⟩ C. ⟨Choice C⟩ D. ⟨Choice

D⟩ E. ⟨Choice E⟩ Answer:

Zero-shot CoT: Pick one choice given the context to answer the question.

Context: ⟨Context⟩ Question: ⟨Question⟩ Choices: A. ⟨Choice A⟩ B. ⟨Choice B⟩ C. ⟨Choice C⟩ D.

⟨Choice D⟩ E. ⟨Choice E⟩ Let’s think step by step.

Few-shot CoT: Pick one choice given the context to answer the question. Example:

Context: The city library, usually open late, closed two hours early last month. For several days beforehand, the lights

in the reading rooms kept flickering. In a council bulletin, officials explained that the building’s electrical system had

problems, though some residents blamed budget cuts. Question: Why did the library close earlier than usual last month?

Choices: A. The city held a council bulletin. B. The library’s electrical system was malfunctioning. C. Closing early

caused the lights to flicker. D. Budget cuts reduced funding for cultural programs. E. The library lights flickered in

the evenings.

Answer: Officials stated the building’s electrical system had problems, which explains the early closure. A is irrelevant:

the council bulletin is merely where the explanation appears, not a cause. B is correct: it aligns perfectly with the

official explanation. C reverses causality: flickering happened beforehand and is due to electrical issues, not caused by

closing early. D is unsupported conjecture (residents’ blame) and is outweighed by the official explanation. E describes a

symptom/timing detail, not the reason for closing early. Correct answer: B

Context: ⟨Context⟩ Question: ⟨Question⟩ Choices: A. ⟨Choice A⟩ B. ⟨Choice B⟩ C. ⟨Choice C⟩ D.

⟨Choice D⟩ E. ⟨Choice E⟩ Answer:

Table 21: Prompting templates used in our experiments across four settings: Zero-shot, Few-shot, Zero-shot CoT,

and Few-shot CoT.

36073


