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Abstract

Performing causal reasoning akin to humans is
fundamental to achieving strong artificial intel-
ligence. However, existing studies on causal
reasoning and large language models (LLMs)
often underestimate the role of human causal
cognition. Human causal reasoning is far more
than recognizing causes and effects. Humans
often factor in many other considerations when
establishing a causal link between two events,
such as norm violations, intentionality, moral-
ity, counterfactual scenarios, etc. To simulate
such reasoning, it is intuitive to identify cause-
effect pairs using token causality formalisms
while modeling the factors that influence hu-
man causal judgment using findings from cog-
nitive science experiments. To support the eval-
uation and modeling of human-like causal rea-
soning in LLMs, we introduce HCR-BENCH,
a challenging benchmark with 1,093 instances
and detailed human causal reasoning step an-
notations, and HCR-REASONER, an approach
that systematically integrates theories of token
causality and cognitive science into LLMs for
human-like causal reasoning. Results suggest
that HCR-REASONER consistently improves
LLMs’ causal alignment with humans, and that
theory-guided reasoning is highly effective.

1 Introduction

Against the backdrop of the rapid development of
LLMs, causal reasoning is increasingly regarded
as a core capability for achieving general artificial
intelligence, essential for prediction and decision-
making. However, although current models have
demonstrated strong performance on causal bench-
marks (Roemmele et al., 2011; Du et al., 2022;
Ashwani et al., 2024), they continue to face chal-
lenges in achieving cognitive alignment with hu-
mans. Research has shown that models often rely
heavily on shallow causal knowledge encoded in
their parameters at inference time (/evel-1 reason-
ing), rather than developing a deep understanding

of causal mechanisms (Zecevi¢ et al., 2023). Chi
et al. (2024) have found that there is a fundamental
discrepancy between LLMs’ reasoning processes
and human causal cognition (level-2 reasoning).

In everyday scenarios, humans more frequently
deal with specific causal relations between events,
e.g., “Did David’s 30 years of smoking habit cause
him to get lung cancer last year?” To answer this,
they typically draw on general causal knowledge,
e.g., smoking causes cancer, by understanding the
causal chain of events. However, such knowledge
is insufficient to determine the final judgment, since
humans are also influenced by cognitive modula-
tory factors such as morality, normality, and intent
while making judgments in the concrete context
(Lagnado et al., 2013; Sloman and Lagnado, 2015).
Humans’ causal judgment process corresponds to
two complementary research areas: 1) foken causal-
ity, which aims to formalize and axiomatize the
intuitive form of causal reasoning used by humans
(Halpern, 2016); and 2) causal judgment, a branch
of cognitive science that investigates how cognitive
modulatory factors influence humans’ judgment of
causes (Sloman and Lagnado, 2015).

However, existing text-based causal reasoning
benchmarks largely focus on general causal mecha-
nisms and are insufficient for evaluating the specific
causal relations that humans typically reason about
(Jin et al., 2023, 2024; Liu et al., 2024; Roemmele
et al., 2011; Du et al., 2022; Bondarenko et al.,
2022). Even among the few benchmarks that ad-
dress human causal reasoning, their labels are not
sufficiently validated by humans (Chi et al., 2024),
or they lack complete annotations of human reason-
ing processes (Srivastava et al., 2023; Suzgun et al.,
2023). Such a lack of consensus and transparency
makes it difficult to determine whether model rea-
soning steps are genuinely aligned with human cog-
nition. Furthermore, existing LLM-based causal
reasoning methods have not systematically inte-
grated token causality with cognitive science, and
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Janet is an employee in a factory. Since she works in the maintenance department, she knows how to grease and oil all of
the machines in the factory. 1) It is her responsibility to put oil into the machines. Kate is also an employee at the factory.While

she works in the Human Resources department, she knows how to grease and oil all of the machines in the factory. 2) If Janet does not put oil
in the machines, it is not Kate’s responsibility to do so.3) One day, Janet forgets to put oil in an important machine. 4) Kate noticed that Janet

did not put oil in the machine, and Kate also did not put oil in the machine. The machine broke down a few days later.
Did Kate not putting oil in the machine cause the machine to break down?

Yes

3)‘ Causal Setting Establishment

{
“causal_events”: {
“Janet does not put oil in the machine”: {
“occur”: True,
“order”: 0,
“focal”: False

{

“causal_events”: {

9 Factor Value Inference

Algorithmic Reasoning

Kate does not put oil in the machine
is an insufficient actual cause.

“Janet does not put oil in the machine”: {
“token_cause”: True,

Algorithm | Line I5

} “necessary_cause”: True, ‘;
,

“Kate does not put oil in the machine”: {
“occur”: True,
“order”: 1,
“focal”: True

3

} “Kate does not put oil in the machine”: {

“sufficient_cause”: False,
“norm_violated”: True,
“behavior_intended: False

Kate does not put oil in the machine
is an intended behavior of an agent.

Algorithm | Line 16

} “token_cause”: True, ‘I’,
3

“

outcome_event”:
“The machine breaks down”: {
“occur”: True,
“order”: 2 }
}
}
}
}

“necessary_cause”: True, Yes
“sufficient_cause”: False,
“norm_violated”: False,
“behavior_intended”: True

Based on Line 16 of Algorithm |,
Kate does not put oil in the machine is a cause
of the machine breaks down, since it is a token
cause and an intended behavior of an agent.

Figure 1: An example in HCR-BENCH. To simulate human causal reasoning, one needs to consider both causal and

cognitive factors.

most continue to focus on reasoning about general
causal mechanisms (Jin et al., 2023; Jiang et al.,
2024; Lu et al., 2023). Although Chi et al. (2024)
have begun to consider specific causal relations,
their methodological designs remain largely at the
level of general reasoning.

Therefore, we introduce HCR-BENCH, a novel
human-like reasoning benchmark containing 1,093
carefully annotated instances with detailed human
reasoning step annotations, enabling fine-grained
evaluation. HCR-BENCH is built upon the causal
judgment subset of Big-Bench Hard (Suzgun et al.,
2023), which provides human consensus labels de-
rived from rigorous human experiments but is too
small and lacks human reasoning step annotations.
To support human-like reasoning in LLMs, we fur-
ther introduce HCR-REASONER, a novel frame-
work that integrates token causality and cognitive
science for human-like causal reasoning. It identi-
fies candidate causes and outcomes, infers the val-
ues of token causality and causal judgment factors
for candidate causes, and utilizes these inferred fac-
tor values to algorithmically derive the final causal
judgment and provide an explanation.

Our contributions are threefold: 1) We intro-
duce HCR-BENCH, the first human-like causal rea-

soning benchmark with detailed human reasoning
step annotations. 2) We propose HCR-REASONER,
the first method that integrates LLMs with token
causality and cognitive science theories for human-
like causal reasoning. 3) Results suggest that HCR-
BENCH is challenging, and that HCR-REASONER
consistently improves performance via the integra-
tion of theories into LLMs.

2 Preliminaries

2.1 Type Causality vs. Token Causality

Type causality focuses on inferring causal rela-
tions between variables, such as causal effect es-
timation (Peters et al., 2017). In contrast, foken
causality concerns the extent to which particular
events bring about other specific events (Halpern,
2016; Hausman, 2005). For example, the question
“Does smoking cause lung cancer?” pertains to type
causality. Researchers have traditionally focused
more on type causality questions, as they help de-
velop theories and make predictions. In contrast,
the question “Was Fred’s smoking habit responsi-
ble for his lung cancer?” pertains to token causality.
Its conclusion does not need to generalize to other
settings, but is crucial for specific situations.

3514



2.2 Token Causality

Token causality aims to formalize and axiomatize
the intuitive form of causal reasoning used by hu-
mans (Halpern, 2016). The Halpern-Pearl (HP)
definition of causality is one of the formal defini-
tions of a “token cause” in specific causal scenarios
(Halpern, 2016). Here, we first introduce several
key concepts and then present the HP definition.

Causal Model. A causal model M is defined as
a pair (S, F), where S = (U, V, R) is a signature
consisting of a set of exogenous variables U, a
set of endogenous variables V, and the ranges of
endogenous variables. JF contains the structural
equations that determine the values of endogenous
variables. Each variable V' € V takes values from
R(V). R(V) = {0, 1} for binary variables.

Primitive Event. A primitive event have the form
X = z for an endogenous variable X and some
possible value x of X.

Causal Formula. A causal formula 1 is written
as [Y « ylp (Y C V), meaning that ¢ would
hold if an intervention set the variables in Y to y.

Causal Setting. A causal setting is a pair (M, u),
where M is the causal model and w is the context
(i.e., an assignment to U{). If a formula v holds in
the causal setting (M, u), we write (M, u) = 1.
Definition 1 (Token Cause). X = x is a token
cause of  in the causal setting (M, ) if the fol-
lowing three conditions hold:

ACL. (M,u) = (X =) and (M, u) = ¢.

AC2. There exists a set W of variables in V and
a setting ' of variables in X such that if
(M,u) E (W = w*), then (M,u)
[X 2/, W «— w*]-p.

AC3. X is minimal; there is no strict subset X'
of X such that X' = x' satisfies conditions
ACI and AC2, where x' is the restriction of
x to the variables in X.

In Def. 1, token causes must be conjunctions
of primitive events (i.e., X = ), whereas effects
can be any boolean combination of primitive events.
The core clause is AC2, which establishes the coun-
terfactual dependence of the effect ¢ on a candidate
cause X = x by fixing certain variables (in W)
at their actual values. This definition extends the
standard but-for test (Def. 2), allowing it to handle
complex real-world scenarios such as preemption
(see §A.3).

2.3 Causal Judgment

Causal judgment investigates how cognitive mod-
ulatory factors influence humans’ judgment of
causes (Sloman and Lagnado, 2015). Nie et al.
(2023) have studied and summarized these factors.

Causal Structure. Causal structures can be con-
Jjunctive or disjunctive. A conjunctive causal struc-
ture implies that the outcome occurs only if all con-
tributing events jointly occur, while a disjunctive
structure indicates that any single event is sufficient
to bring about the outcome. This factor plays a crit-
ical role in causal judgment (Wells and Gavanski,
1989; Mandel, 2003; Sloman and Lagnado, 2015).

Normality. Norms can be descriptive or prescrip-
tive (Halpern, 2016). Descriptive norms are statis-
tical typicals, such as the mode, mean, or values
close to them. Prescriptive norms are moral stan-
dards, laws, institutional policies, or even proper
functioning in machines or organisms (Halpern,
2016). Humans tend to ascribe more causality to
abnormal events than to normal ones (Knobe and
Fraser, 2008; Hitchcock and Knobe, 2009).

Intentionality. The intent of an agent is consid-
ered part of their epistemic state, which typically
concerns the agent’s awareness when performing
specific actions. An agent who is aware of the
potential consequences of their action and deliber-
ately performs an action that leads to a foreseeable
bad outcome is judged more harshly than one who
lacks the relevant knowledge (Samland et al., 2016;
Kominsky and Phillips, 2019).

Action or Omission. People tend to identify ac-
tions, rather than omissions, as causes. This phe-
nomenon is known as “omission bias” (Ritov and
Baron, 1992; Baron and Ritov, 2004). In scenarios
whether one agent acts while another does not, the
one who acts is more likely to be judged as a cause
(Henne et al., 2017; Clarke et al., 2015; DeScioli
et al., 2011; Gerstenberg and Stephan, 2021).

Temporal Effect. Causal judgment is influenced
by the temporal order of events (Gerstenberg and
Lagnado, 2012). When multiple events unfold over
time and lead to an outcome, people tend to identify
later events as the cause (Reuter et al., 2014). How-
ever, this preference depends on how the events
causally relate to one another (Hilton et al., 2010;
Spellman, 1997). When earlier events determine
the course of subsequent actions, they are more
likely to be selected as causes (Henne et al., 2021).
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3 Related Work

Commonsense Causal Reasoning. Early causal
reasoning studies in the natural language pro-
cessing domain mainly focused on commonsense
causal knowledge (Roemmele et al., 2011; Sap
et al., 2019; Zheng et al., 2023; Zhang et al.,
2022). However, they often treat language models
as “knowledge bases”, resulting in shallow causal
reasoning (Jiang et al., 2020; Petroni et al., 2019).

Formal Causal Reasoning. Recent studies have
begun to focus on formal causal reasoning, requir-
ing systems to make decisions based on formal
causal frameworks such as structural causal models
(Jin et al., 2023, 2024; Liu et al., 2024). For exam-
ple, CLadder (Jin et al., 2023) evaluates whether
LLMs can perform causal inference according to
a set of well-defined causal rules; Corr2Cause (Jin
et al., 2024) requires LLMs to determine causal
relations between variables based on a set of corre-
lational statements; and QRData (Liu et al., 2024)
evaluates LLMs’ causal reasoning abilities when
processing real-world data. Also, CausalCoT (Jin
et al., 2023) provides a chain-of-thought (CoT)
baseline for step-by-step formal causal reasoning.
However, these studies overlook non-formal causal
judgment factors that influence humans’ judgment
of causes (Sloman and Lagnado, 2015).

Human-like Causal Reasoning. No prior work
has systematically combined token causality and
cognitive science for human-like causal reasoning.
On the data side, type causality benchmarks strug-
gle to model human judgments of complex causal
links between events in concrete situations (Jin
et al., 2023, 2024; Liu et al., 2024; Roemmele et al.,
2011; Du et al., 2022; Bondarenko et al., 2022).
Recently, Chi et al. (2024) proposed the task of
human-like causal reasoning and introduced the
CausalProbe-2024 benchmark. However, its la-
bels are fully generated by LLMs, and it does not
provide human reasoning step annotations. Other
studies leverage findings from human experiments
to derive human consensus labels (Srivastava et al.,
2023; Suzgun et al., 2023; Nie et al., 2023), but
they do not provide complete reasoning step an-
notations. On the methodological side, Chi et al.
(2024) proposed G2-Reasoner, which incorporates
general knowledge and goal-oriented prompts into
LLMs’ causal reasoning processes. However, this
method still focuses on type causality and does not
integrate human causal cognition.

4 The HCR-BENCH Benchmark

We construct HCR-BENCH to address the lack
of consensus and transparency in existing bench-
marks by reusing human consensus labels validated
through rigorous human experiments and providing
fine-grained annotations of human causal reason-
ing processes. As shown in Fig. 1, HCR-BENCH
is defined as D := {t;,¢q;,a;,7;}Y,, where each
sample comprises a causal story ¢;, a causal query
gi» a binary answer a; € {Yes, No}, and the rea-
soning process 7;. The goal of HCR-BENCH is to
evaluate whether an LLM can correctly map ¢ to a
and produce a correct reasoning process 7.

Table 1: Comparison of causal reasoning benchmarks.
Type: type vs. token causality? Valid. Labels: labels
human-validated? Caus.: causal structures annotated?
Cogn.: cognitive factors annotated?

Dataset Type IY::S'S Caus. Cogn.
COPA (Roemmele et al., 2011) Type X X
e-CARE (Du et al., 2022) Type X X
CLadder (Jin et al., 2023) Type X X
Corr2Cause (Jin et al., 2024) Type X X
QRData (Liu et al., 2024) Type X X
Big-Bench (Srivastava et al., 2023) Token X X
Big-Bench Hard (Suzgun et al., 2023)  Token X X
MoCa (Nie et al., 2023) Token X
CausalProbe-2024 (Chi et al., 2024) Token X X X

HCR-BENCH (Ours) Token

4.1 Dataset Construction

This section introduces the construction process of
HCR-BENCH, including data cleaning, data anno-
tation, data augmentation, and quality control.

Data Source. The causal judgment task of Big-
Bench (Srivastava et al., 2023) tests whether LLMs
can read a short story with multiple cause-effect
events and answer causal queries in the same man-
ner as humans would. It contains 190 stories from
30 papers, each of which conducted rigorous hu-
man experiments to derive human consensus la-
bels. Big-Bench Hard (Suzgun et al., 2023) selects
23 challenging tasks from Big-Bench, with causal
judgment being one of them. Its causal judgment
subset contains 187 stories, including 141 causa-
tion queries (e.g., “Did the red wire cause the ma-
chine to short circuit?”’) and 46 intention queries
(e.g., “Did the man shoot the dear intentionally?”).
HCR-BENCH derives from this subset.

Data Cleaning. Before annotation, we manually
remove 54 samples that are duplicate, lack critical
background information, or focus on intention, and
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correct 2 partially flawed samples. This process re-
duces noise and preserves only samples of interest,
resulting in a curated set of 133 samples.

Data Annotation. We manually annotate the rea-
soning steps for the 133 samples. Each annotation
is a unified JSON combining the two JSONs shown
in Fig. 1. Specifically, for all events, we annotate
the occurrences foccur and temporal orders fo,der,
with fo,der being an integer-valued factor indicat-
ing an event’s relative sequential position starting
from 0. These factors model action or omission and
temporal effects. For causal events, we additionally
annotate three types of binary factors: 1) auxiliary
factor: fiocal, Which records whether the event is
queried; 2) causal factors: token cause fi. (Def. 1),
necessary cause f. (Def. 2), and sufficient cause
fsc (Def. 3), which represents whether the event is
a token cause, necessary cause, or sufficient cause
of the outcome; and 3) cognitive factors: normal-
ity fu and intentionality f;, where f,, determines
whether the event involves norm violations, and f;
determines whether the event is an agent’s action,
whether the agent is aware of its potential outcomes,
and whether the agent knowingly performs an ac-
tion that leads to a foreseeable bad outcome.

Data Augmentation. We expand the dataset with
a two-stage augmentation process to reach a reason-
able evaluation scale. First, we manually create 30
new samples from existing stories by altering the
query to focus on causal events that are not queried,
i.e., “Did X’ cause Y'?” In such cases, only fiocal
and a need to be updated. Second, we employ
GPT-40 (OpenAl et al., 2024a) to synthesize more
samples by rewriting the stories of the existing 163
samples (seed samples). This is a three-stage pro-
cess. Based on a seed sample, it first rewrites the
story into a completely new real-world scenario
while preserving the reasoning logic. That is, only
the descriptions of events change, while their factor
values remain unchanged. Then, based on the new
events, it generates a new query. The gold answer
remains unchanged. Finally, it adds or removes
details from the new story and reorganizes its struc-
ture to make it more distinctive while preserving
the reasoning logic. We generate 6 samples for 155
seed samples, obtaining 930 generated samples.
Together with the 163 seed samples, the dataset has
1,093 samples. Generated samples are generally
more challenging since they contain more spurious
correlations and fewer explicit causal cues (§D.2),
e.g., “When FE; and F» occur, O will occur.” Spu-

rious correlations are common in real-world sce-
narios, and humans often identify causal relations
without explicitly stating such cues (Matute et al.,
2015; Vasilyeva and Lombrozo, 2015).

Quality Control. We apply automated and man-
ual methods to verify the quality of HCR-BENCH.
For seed samples, we manually review each sample
and iteratively refine our annotations before gener-
ation, based on the metadata and annotations pro-
vided by Suzgun et al. (2023) and Nie et al. (2023),
as well as LLM-generated pseudo-reasoning steps.
For generated samples, we implement code to auto-
matically check whether the reasoning logic of each
generated sample is consistent with that of its seed
sample. Fewer than 1% of samples are found to
be inconsistent (mostly involving incorrect values
for fi), and these are manually corrected. We also
verify whether the reasoning logic of each gener-
ated sample corresponds to the correct gold answer
using Alg. 1; all samples pass this automatic check.
In addition, we randomly sample 310 generated
samples and evaluate whether 1) the story contains
sufficient information to answer the query, 2) the
reasoning logic is consistent with the story, and 3)
the gold answer is correct. Only 2 samples (0.6%)
lack essential reasoning information; we regenerate
and verify them.

4.2 Dataset Statistics

HCR-BENCH contains 1,093 samples, with a rel-
atively balanced proportion of positive and nega-
tive samples. Most queries concern a single causal
event, while a small number involve multiple causal
events.

Table 2: HCR-BENCH statistics.

Category Statistic Total
SIZE # Samples 1,093
STORY # Sentences (per sample) 8.49
# Words (per sample) 162.70
QUERY # Queried causal events (per sample) 1.02
REASONING # Events (per sample) 3.39
# Causal events (per sample) 2.39
# Outcome events (per sample) 1
ANSWER Positive class 53.8%
Negative class 46.2%

5 The HCR-REASONER Framework

We propose HCR-REASONER to integrate token
causality and cognitive science theories into LLMs
for step-by-step, explainable human-like causal rea-

3517



F N
{ )
\_ﬁo_ca_lx

4 2\ 4 2\ 4 2\
Step | \ Step 2 \ Step 3
Causal Setting Establishment | L Factor Value Inference ) | Theory-guided Reasoning
5 (BN || L lay {a; Algorithmic Reasoni
Km Story k‘& Query) { [5] Underlying : . “/"?A"I - gorithmic Reasoning
\ Causal Structure o0

9 Factor Value Inference

Cl, C2, and their factor values

True

@ CCI an token cause? )(True)

@

@ (CI a necessary cause! )(True)

@

@ (CI a sufficient cause? )(False) Yes

>([E] Explanation

@ (CI violates a norm? )(True)

e

\

4
: Cl is a cause of O, since Cl is a token cause of O |
|

(focar) (Troe)
Events g o

@ (CI an intended action? )(False) N i

and it violates a norm.

- J -

J - J

Figure 2: The overview of HCR-REASONER.

soning. As shown in Fig. 2, it operates in three
stages, ending with an answer and explanation.

5.1 Causal Setting Establishment

HCR-REASONER first sets up the causal setting,
including the causal model M and the context u.

Causal Model. In HCR-REASONER, V is par-
titioned into a causal event set C and an outcome
event set O, with R(V) = {0,1}. To set up the
causal model M, HCR-REASONER extracts the
events from the story ¢ and query g, and combines
the outcome events into a unified outcome event
O!. Tt also records fiocal for each causal event.

Context. The context u represents the values of
exogenous variables, which in turn determine the
values of endogenous variables via the structural
equations F. In practice, HCR-REASONER ex-
tracts the values of endogenous variables, i.e., the
values of foccur, as a proxy. It also records the
temporal order f,.qe; for each event. The stage of
causal setting establishment is formalized as:

<C) 07 ffocala foccur7 forder> — (I)(t, q, In’n Ic)a

where ® is an LLM. I,,, and I, are instructions for
® to extract M and w, respectively.
5.2 Factor Value Inference

HCR-REASONER then infers the values of causal
and cognitive factors for each causal event. The
stage of factor value inference is formalized as:

<ft67 fnm fsm fny fl) = ‘I’(t, Ifac7 07 foccur)7

!The instruction states and generally ensures that causal
events are minimal and do not overlap (Def. 1, AC3).

where I; is the instruction for ® to infer factor
values. foccur 18 used for counterfactual reasoning
to determine the values of the causal factors.

5.3 Theory-guided Reasoning

Algorithm 1: Theory-guided Reasoning

Input: Causal event set C and their values of factors
fffocal 5 foccury fordcr, ftc, fnc, fSCy fn, and fi-
Qutput: A binary answer and an explanation.
1 foreach £ € C do
if = fZ_,, then CONTINUE;

2
3 if 2 A fE then return “Yes”;
4 else if = fE A fE then
5 Co{B' eC|~f AN
6 if len(set({ 7., | Es € Cs})) # 1 then
7 if foErder = max{foErfier | ES € Cé}
then return “Yes”;
else
9 for each Fs € C; do
rlgssp — <I)( 1?57fiE5) )
10 if fE., + max{fZ:, | Es € C.}
then return “Yes”;
1 else if fZ A —fZ then
12 if fZ v fF then A.append(“Yes”);
13 else
14 Co {E €C| fild N=FE};
15 for each £, € C, do
retp = P(forder):
16 ifVE, € Co \ {E}, fE., > fZa,
then return “Yes”;

17| else CONTINUE;

18 return “No”

Based on the extracted causal knowledge, Alg.
1 conducts theory-guided human-like causal rea-
soning for binary queries such as “Did X cause
Y ?”. For each queried causal event F, the algo-
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rithm first partitions the reasoning process using
fE, fE, and fE (see §B.1.1). Then, for each parti-
tion, it determines whether F is a judged cause of
O (see §B.1.2). Finally, it outputs a binary answer
and provides an explanation (see §B.2). In Alg. 1,
we further introduce a responsibility factor fresp to
measure relative responsibility. ffgsp is defined as
the relative causal contribution of F to O compared
with those of other contributing causes (Kiciman
et al., 2024).

Specifically, 1) If F is a sufficient token cause, it
is a cause of O since it is complete. 2) If £ is not a
token cause, it is not a cause of O since it is not in
the causal chain. 3) If E is one among multiple dis-
junctive contributing causes, Alg. 1 first examines
their relative temporal orders to assess preemption
(see §A.3). If they occur simultaneously, their fresp
values based on f, and f; are compared to deter-
mine the cause: F is a cause of O only if it takes
the largest responsibility. Otherwise, if E occurs
the earliest, it is a cause of O; otherwise, it is not.
4) If F is part of the conjunctive set of contributing
causes, Alg. 1 first evaluates whether f, or f; en-
hances E’s causal strength. If so, F' is a cause of O.
Otherwise, their fresp values based on forder are
compared to determine the cause: E is a cause of
O only if it takes the unique largest responsibility.
Finally, Alg. 1 provides an explanation for each
answer.

6 Experiments

6.1 Setups and Baselines

Setups. We implement HCR-REASONER and
the baselines on recent LLMs for comparison, in-
cluding Qwen2.5-32B/72B-Instruct (Qwen et al.,
2025), DeepSeek-V3 (DeepSeek-Al et al., 2025),
Gemini-2.0-Flash (Google, 2024), Claude-3.5-
Sonnet (Anthropic, 2024), GPT-40-2024-11-20
(OpenAl et al., 2024a), and GPT-4-0613 (OpenAl
et al., 2024b). HCR-REASONER is also tested on
reasoning models including DeepSeek-R1 (Guo
et al., 2025) and QwQ-32B (Qwen Team, 2025).
Temperature is set to 0 for reproducibility. We re-
port averaged accuracy over 10 runs for the pilot
study and a single run for the main results due to
high API costs.

Baselines. We compare HCR-REASONER with
three baselines: 1) vanilla, which directly prompts
an LLM to output a Yes/No answer given the story
and query; 2) zero-shot CoT, which appends the
instruction “Let’s think step by step.” to the vanilla

Table 3: Results of the pilot study. Human average is
directly cited from Suzgun et al. (2023). See §D.1 for
complete results and significance testing results.

Methods Acc. (C.) Acc. (1) Acc.
Human Average - - 69.60%
Qwen2.5-32B-Instruct  65.25% 80.43%  68.98%
+ HCR-REASONER 70.14% 80.43% 72.67%
Qwen2.5-72B-Instruct  65.89%  77.83% 68.82%
+ HCR-REASONER 71.63%  79.13% 73.48%
DeepSeek-V3 66.45%  77.61% 69.20%
+ HCR-REASONER 69.93% 78.48%  72.03%
Claude-3.5-Sonnet 67.23%  73.04% 68.66%
+ HCR-REASONER 72.62% 75.43%  73.32%
GPT-40-2024-11-20 54.89% 85.22%  62.35%
+ HCR-REASONER 70.50% 85.22% 74.12%
GPT-4-0613 62.48% 80.22%  66.84%
+ HCR-REASONER 74.61%  78.26% 75.51%

prompt; and 3) manual CoT (Chen et al., 2024),
which replaces “Let’s think step by step.” with
three in-context demonstrations containing manu-
ally written reasoning steps. GPT-4 + manual CoT
(Chen et al., 2024) is the previous state-of-the-art
on Big-Bench Hard causal judgment.

6.2 Pilot Study

We preliminarily evaluate HCR-REASONER on
Big-Bench Hard causal judgment to assess its effec-
tiveness (Fig. 3). We report both overall accuracy
and fine-grained accuracies for two query types:
causation (C.) and intention (L.).

Overall Findings. 1) HCR-REASONER consis-
tently and significantly improves the performance
of all tested LLMs. GPT-4 + HCR-REASONER
achieves an overall accuracy of 75.51%, followed
by GPT-40 at 74.12%. This shows that integrating
theory into LLMs is promising. 2) Closed-source
LLMs benefit more from HCR-REASONER. We at-
tribute this to the stronger capacity of these LLMs
to handle complex, multi-step CoT instructions.

Comparison with Humans. Comparing with hu-
mans is crucial, as it benchmarks the performance
of LLMs against the established human consensus
on causal judgments. In Big-Bench Hard causal
judgment, the Yes/No labels are derived from rig-
orous human experiments, providing a reliable and
externally valid testbed (Suzgun et al., 2023). Al-
though the average human score appears relatively
low (69.60%), this is largely an artifact of the eval-
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uation procedure: the original proportional human
responses computed from individual votes are bina-
rized, such that both a 100%-0% split and a 51%-
49% split are collapsed into a single binary label.
As aresult, it is nearly impossible for an individual
to achieve consistently high accuracy, particularly
on instances with near-even splits, even though the
best-performing human still reaches 100% accu-
racy (Suzgun et al., 2023). Critically, after apply-
ing HCR-REASONER, all LLMs exceed the human
average, demonstrating that HCR-REASONER can
effectively and efficiently enable LLMs to replicate
human consensus in causal judgments without re-
lying on domain experts or crowd annotators.

6.3 Main Results

Main results are presented in Tab. 4. We find that
integrating explicit theories into LLMs is effective.

Main Findings. 1) HCR-REASONER drives con-
sistent improvement, with greater gains in stronger
models. This finding is consistent with our pilot
study, highlighting the framework’s capacity to ef-
fectively utilize the advanced reasoning abilities
of state-of-the-art models. 2) Zero-shot and man-
ual CoT are insufficient for the task. Neither zero-
shot CoT nor manual CoT yields consistent per-
formance improvements, highlighting the inherent
difficulty of the task. This finding is consistent with
prior work (Chen et al., 2024). 3) Theory-grounded
reasoning delivers substantial improvements. The
consistent boost in accuracy across diverse LLMs
confirms the core benefit of our approach: ground-
ing reasoning in explicit theories.

Human Evaluation. Due to the high cognitive
load of the task, we randomly selected 100 samples
from HCR-BENCH and conducted a human eval-
uation. Four participants are involved, achieving
accuracies of 60%, 66%, 68%, and 69%, with an
average accuracy of 65.75%. This average accu-
racy is lower than that of Big-Bench Hard causal
judgment, consistent with our findings in §D.2 that
HCR-BENCH is more challenging than Big-Bench
Hard causal judgment.

6.4 Fine-Grained Analysis

Fine-Grained Accuracies. To better understand
the internal mechanism of HCR-REASONER, we
report fine-grained accuracies in Tab. 4 and Fig. 3.
We find that overall performance is driven by factor
value inference, since all LLMs demonstrate high
accuracy in the initial stage of identifying events.

Table 4: The results of different LLMs on HCR-BENCH.
CEV and OEV are the proportions of correctly identi-
fied causal and outcome events, respectively.

Methods Accuracy CEV OEv
Open-source LLMs
Qwen2.5-32B-Instruct  62.67% - -

+ zero-shot CoT 61.94% - -

+ manual CoT 62.85% - -

+ HCR-REASONER 64.78% 9591% 93.96%
Qwen2.5-72B-Instruct  64.87% - -

+ zero-shot CoT 62.03% - -

+ manual CoT 62.31% - -

+ HCR-REASONER 67.52% 94.53% 91.95%
DeepSeek-V3 63.49% - -

+ zero-shot CoT 64.68% - -

+ manual CoT 63.95% - -

+ HCR-REASONER 67.61% 96.06% 91.40%
Closed-source LLMs
Gemini-2.0-Flash 60.20% - -

+ zero-shot CoT 58.65% - -

+ manual CoT 58.55% - -

+ HCR-REASONER 64.96%  96.63% 95.61%
Claude-3.5-Sonnet 63.68% - -

+ zero-shot CoT 65.42% - -

+ manual CoT 62.67% - -

+ HCR-REASONER 70.54% 95.52% 91.67%
GPT-40-2024-11-20 58.65% - -

+ zero-shot CoT 59.38% - -

+ manual CoT 60.66% - -

+ HCR-REASONER 68.07% 94.45%  92.04%
GPT-4-0613 63.77% - -

+ zero-shot CoT 62.49% - -

+ manual CoT 66.51% - -

+ HCR-REASONER 71.82%  94.26% 96.07 %

However, we observe no clear correlation between
these fine-grained accuracies and overall accuracy.

Causal Analysis. To examine the extent to which
different factors influence overall accuracy, we per-
form a causal analysis. In Fig. 4, we plot the aver-
aged average treatment effect (ATE) of each factor
on overall accuracy across two estimation methods:
ordinary least squares (OLS) (Angrist and Pischke,
2009) and propensity score matching (Matching)
(Rosenbaum and Rubin, 1983), marking factors
with p > 0.05 with cross marks. Results suggest
that only Qwen2.5-72B-Instruct and Claude-3.5-
Sonnet exhibit faithful reasoning, while GPT-4 ap-
pears to utilize shortcuts. lIdeally, all factors ex-
cept fnc, which is primarily used for partitioning
the reasoning process and does not contribute to
determining causes, should causally contribute to
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Figure 4: Results of the causal analysis.

overall accuracy. However, only two models align
well with this expectation. GPT-4 appears to rely
heavily on f,. while underutilizing f., suggesting
that it may be exploiting shortcuts rather than gen-
uinely understanding the task. More broadly, the
limited number of LLMs recognizing the impor-
tance of fi. underscores a common deficiency in
current LLMs’ grasp of token causality.

6.5 Ablation Study

We conduct an ablation study to quantify the contri-
bution of each stage and report performance across
the following settings: 1) vanilla; 2) FO (the first
one stage only); 3) FT (the first two stages only);
and 4) HCR-REASONER.

Non-Reasoning LLMs. 1) The first stage alone
typically degrades performance. This is observed
across non-reasoning LL.Ms, with the exception of
DeepSeek-V3. While these models can effectively
identify events, as shown in Tab. 4, the instruction
of the first stage may lead them to extract superflu-
ous or irrelevant causal events, thereby hindering
accurate decision-making. 2) Combining the first
two stages typically improves performance. En-
couraging non-reasoning LL.Ms to infer and con-
sider distinct causal and cognitive factors promotes
a clearer representation of the underlying causal
mechanisms, leading to more informed and consis-
tent reasoning. 3) Theory-guided reasoning yields
the most substantial gains. This observation di-

Table 5: Ablation results on HCR-BENCH. Green and
red highlights denote performance rise/drop compared
with Vanilla.

Model Vanilla — FO — FT — HCR-REASONER

Open-source LLMs

Qwen2.5-32B 62.67% — 61.67% — —
Qwen2.5-72B 64.87% — 64.41% — —
DeepSeek-V3 63.49% — — —

Closed-source LLMs

Gemini-2.0 60.20% — 58.19% — —
Claude-3.5 63.68% — 58.83% — 60.93% —
GPT-40 58.65% — 58.28% — 58.46% —»
GPT-4 63.77% — 62.31% — —
Reasoning LLMs

QwQ-32B 54.99% — — —
DeepSeek-R1 57.09% — — —

rectly supports our central hypothesis: the proposed
Alg. 1 enables precise human-like causal reasoning
by leveraging the structured causal knowledge in-
ferred in the earlier stages, thereby aligning model
outputs more closely with human judgments.

Reasoning LLLMs. Since non-reasoning LLMs
lack intrinsic reflection and verification mecha-
nisms, we further evaluate slow thinking models
including DeepSeek-R1 and QwQ-32B. 1) Slow
thinking models perform poorly alone. This un-
derscores the inherent difficulty of human-like
causal reasoning in LLMSs, indicating that mere
self-reflection without guidance is insufficient. 2)
Slow thinking models achieve the largest perfor-
mance gains with HCR-REASONER. This demon-
strates that reflection and verification capabilities
become truly effective only when properly guided
by theory.

7 Conclusion

In this work, we focus on human-like causal rea-
soning in LL.Ms. We construct HCR-BENCH, the
first benchmark focusing on fine-grained human-
like causal reasoning evaluation. It contains 1,093
challenging instances with detailed annotations of
human reasoning steps. Also, we propose HCR-
REASONER, which systematically integrates LLMs
with token causality and cognitive science theories
for human-like causal reasoning. Results reveal
that HCR-REASONER consistently improves LLM
performance over baselines, and that integrating
theories into LLMs is highly effective. In the fu-
ture, it is interesting to explore how to internalize
this ability into LLMs.
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Limitations

First, the HCR-REASONER framework remains
incomplete. It incorporates several commonly stud-
ied cognitive factors but may overlook more fine-
grained or domain-specific factors that influence
human causal reasoning. Furthermore, the cur-
rent implementation processes only a single causal
event at a time. Second, relying solely on LLMs
to identify token causes is insufficient. A more for-
mal symbolic reasoning component is needed to
ensure interpretability, consistency, and adherence
to established causal principles.
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A Background

A.1 Human Causal Reasoning

The causal reasoning process of humans is a sophis-
ticated cognitive process. It moves beyond simple
counterfactual analysis to incorporate the psycho-
logical nuances of human judgment (Knobe and
Fraser, 2008; Alicke, 2000).

Stage 1. In this stage, humans establish a basic
causal chain. For example, in philosophy and le-
gal theory, individuals identify the but-for causes
(Def. 2) of an outcome (Hart and Honoré, 1985).
This process creates a foundational set of potential
causes without evaluating their relative importance.

Stage 2. In this stage, psychological and norma-
tive factors modulate the initial causal structure to
produce a final judgment. This is where human rea-
soning diverges from purely logical models. The
strength of a perceived causal link is adjusted based
on: 1) normative considerations, where people at-
tribute greater causal responsibility to agents and
events that violate social or moral norms (Knobe
and Fraser, 2008; Hitchcock and Knobe, 2009);
2) blame-driven evaluations, where the desire to
assign blame influences causal assessment for neg-
ative events. This motivational bias, central to attri-
bution theory (Weiner, 1985), can retroactively al-
ter perceptions of an agent’s control and role, mak-
ing their actions appear more blameworthy than
an objective analysis would suggest (Alicke, 2000;
Lagnado and Channon, 2008).

A.2 Other Causal Factors

Apart from the HP definition described in Section
2.2, we also include necessary cause (Def. 2) and
sufficient cause (Def. 3) as causal factors.
Definition 2 (But-for/Necessary Cause). X = x is
a but-for cause of p if p would not have happened
but for X = x.

Definition 3 (Sufficient Cause). X = x is a suffi-
cient cause of @ in the causal setting (M, w) if the
following four conditions hold:

SCl. (M,u) = (X =) and (M,u) = ¢.

SC2. Some conjunct of X = x is part of a cause
of ¢ in the causal setting (M, ).

SC3. (M, u) = [X « x|p for all contexts u'.

SC4. X is minimal; there is no strict subset X'
of X such that X' = x’ satisfies conditions

SC1, SC2, and SC3, where x' is the restric-
tion of x to the variables in X'.

Prop. 1 formally proves that a token cause is an
extension of a but-for cause.

Proposition 1. If X = x is a but-for cause of v in
the causal setting (M, w), then X = x is a cause
of @ according to the HP definition.

Proof. Suppose X = « is a but-for cause of .
Then there exists at least a possible value x’ such
that (M,u) | [X < Z']-p. Let W = ) and
consider the intervention X < x’. Then AC?2 is
satisfied. Therefore, X = x qualifies as an token
cause, as a special case where W = (). O

A.3 A Failure Case of But-for Causation

A classic example of preemption (Lewis, 2000) is
as follows:

Suzy and Billy both pick up rocks and
throw them at a bottle. Suzy’s rock gets
there first, shattering the bottle. Be-
cause both throws are perfectly accu-
rate, Billy’s would have shattered the bot-
tle had it not been preempted by Suzy’s
throw.

According to Def. 2, neither Suzy’s nor Billy’s
throw would be identified as the cause of the bottle
shattering. However, token causality (Def. 1) can
capture this nuance.

Proof. We construct a structural causal model with
the following variables:

» ST for “Suzy throws,” with values O (she does
not) and 1 (she does);

» BT for “Billy throws,” with values 0 (he does
not) and 1 he does);

* SH for “Suzy’s rock hits the bottle,” with
values 0 (it does not) and 1 (it does);

» BH for “Billy’s rock hits the bottle,” with
values O (it does not) and 1 (it does);

» BS for “Bottle shatters,” with values 0 (it does
not) and 1 (it does).

The corresponding structural equations are defined
as:

e BS=1ifSH=10rBH =1;
e SH=1if ST =1,
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ST BT

l l

SH —— > BH
BS

Figure 5: The causal representation of the case.

e BH=1if Bl =1and SH = 0.

First, it is clear that both ST = 1 and BS =1
satisfy AC1 and AC3. For ST = 1, if Suzy had
not thrown (ST — 0) and W = {BH }, then the
bottle would not have shattered (BS = 0) since
we have forced Billy’s rock not to hit the bottle
(BH — 0). Thus, ST = 1 is an token cause of
BS = 1. For BT = 1, if Billy had not thrown
(BT — 0), all other variables would remain un-
changed, including BS. Therefore, BT = 1 is not
an token cause of BS = 1 since no suitable W
can be found to satisfy AC2. Therefore, according
to Def. 1, ST = 1is a cause of BS = 1, whereas
BT = 1is not. [

B Details of HCR-REASONER
B.1 Details of Algorithm 1

B.1.1 Reasoning Process Partitioning

Let E be a queried causal event and O be the out-
come event. We use factors f£, fZ and fE to
partition the reasoning process. The objective of
partitioning is to ensure that, within each partition,
the causal relation between E and O can be as-
sessed using existing techniques from token causal-
ity and causal judgment.

Criterion 1. If F is a sufficient cause of O, the
partitioning is based on fZ: 1) If f£ holds, by
Prop. 1, f£ also holds. Since fZ also holds, £
has 100% responsibility for O, making the causal
relation determined. 2) If = f£ holds, this corre-
sponds to preemption (Halpern and Pearl, 2005;
Halpern, 2016) or overdetermination (Schaffer,
2003), which are well-studied and defined primar-
ily based on f rather than fi..

Criterion 2. If F is not a sufficient cause of O,
the partitioning is based on fZ: 1) If fZ holds, ¥
is at least part of a cause by Def. 1. Therefore, we
only need to consider factors that increase causal
strength. 2) If =fZ holds, by Prop. 1, =fZ also

holds. Since —fZ also holds, E has 0% responsi-
bility for O, making the causal relation determined.

The partitions are exhaustive, as they jointly
cover the entire space of possibilities. Furthermore,
within each partition, the causal relation between
E and O can be effectively assessed using existing
theories from token causality and causal judgment.
Therefore, the partitioning process is well-founded.

B.1.2 Rules within Each Partition

Then, we will justify how to assess the causal rela-
tion within each partition using rules.

Partition 1 (Line 3). Since F is a necessary
cause of O, it is also a token cause by Prop. 1.
Therefore, F is a sufficient token cause (100% re-
sponsibility) of O.

Fae N il = FENF
= E has 100% responsibility for O
= F is a cause of O.

Partition 2 (Line 17). Since FE is not a token
cause of O, it is also not a necessary cause by Prop.
1. Therefore, E is neither a sufficient cause nor a
necessary cause (0% responsibility) of O.

E E E E
_‘ftc/\_' sc = ne N s
=- F has 0% responsibility for O

= F is not a cause of O.

Partition 3 (Lines 4-10). Since F is a sufficient
cause but not a necessary cause of O, there should
exist a set of alternative sufficient causal events Cs,
each of which can independently cause O. In token
causality, typically only one cause actually takes
effect (Halpern, 2016). If events in Cs do not occur
simultaneously, the one that occurs first is judged
as the preemptive cause of O, while the others
are not (Halpern and Pearl, 2005; Halpern, 2016).
Otherwise, if events in Cg occur simultaneously,
their responsibilities should be compared. Here,
responsibility is defined as the relative degree to
which F causally contributes to O compared with
other contributing causal events. Causal contribu-
tion is evaluated using the remaining factors, i.e.,

L — ®(FE FE, fE4..)- If E has the highest
responsibility for O, it is a cause of O since it actu-
ally takes effect; otherwise, it is not. In the special
case where all events in Cg have equal responsibil-
ity, the scenario corresponds to overdetermination
(Schaffer, 2003), where each event in C, is a cause
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of O. Let C; be the set of causal events that satisfy
—fuc A fse (including E), then:

3B, € Co, [0, < fhaer
= I does not actually take effect

= F is not a cause of O.

VE, € C,, f5 L

rder — Jorder

= E actually takes effect
= FEis a cause of O.

E _
VE € CS» f order — Jorder A fresp max resp

= F actually takes effect
= Fis acause of O.

VE, € Cs, fEs = fE

order — order \ resp 7é maX f resp

= E does not actually take effect

= F is not a cause of O.

Partition 4 (Lines 11-16). Since F is a token
cause of O, it is at least a partial cause by Def. 1.
To determine whether E is a cause of O, we first
consider factors that enhance causal strength, in-
cluding norm violations and intended behaviors. If
FE satisfies either of these conditions, it is a cause
of O. If neither condition is met, we turn to its
responsibility f, Esp — ®(fE,.,). If E is uniquely
the most responsible for O, it is a cause of O; oth-
erwise, it is not. Let C,, be the set of causal events

that satisfy fZ A = fs. (including E), then:
fie NV ED)

= The causal strength of E is enhanced
= FEis a cause of O.

FENS(FEV FEYANVE, € Co\{E}, fE, > fEo

= The causal strength of E is enhanced
= FE is a cause of O.

fie A=V ) N3Eq € Cas fréep < £
= The causal strength of E is not enhanced

= F is not a cause of O.

B.2 Details of Explanation Generation

In Alg. 1, an explanation is generated for each
answer. Most explanations are produced using pre-
defined templates. For responsibility-related deci-
sions, the explanations are generated by the LLM
responsible for determining responsibility. First,
we present the templates:

e Line 3: E' is a cause of O, since F is a suffi-
cient token cause.

e Line 7: E is a cause of O, since E occurs the
earliest in a disjunctive causal structure. (F is
not a cause of O, since E does not occur the
earliest in a disjunctive causal structure.)

» Line 12: F'is a cause of O, since F is a token
cause and it violates a norm or is an intended
behavior of an agent. (£ is not a cause of O,
since F is a token cause but it does not violate
a norm and is not an intended behavior of an
agent.)

e Line 17: FE is not a cause of O, since F is not
in the causal chain.

Second, we provide examples of LLM-generated
responsibility-related explanations:

* Yes, the focal causal event “Billy arrives at 9
am” is equally responsible relative to the other
causal event “Suzy arrives at 9 am”. Both
Billy and Suzy arrived at the same time, trig-
gering the motion detector. Although Billy
was explicitly told not to come, Suzy was also
explicitly told to come at exactly 9 am, mak-
ing both of them equally responsible for the
outcome.

* No. In the story, Drew, Kylie, and Oliver all
ordered coffee on the same day, and any one
of them ordering coffee would have been suf-
ficient for the coffee shop to make a profit.
However, Drew’s action of ordering coffee on
a Tuesday was unexpected and violated the
norm, as he usually doesn’t order coffee on
Tuesdays. This makes Drew’s action more no-
ticeable, but it doesn’t make him more respon-
sible for the coffee shop’s profit than Kylie or
Oliver, who also ordered coffee.

* Yes, the focal causal event “Brother steps on a
slippery patch” is more responsible relative to
other causal events in the list. This is because
it occurs later in the sequence of events, closer
to the outcome event. The brother stepping on
the slippery patch directly leads to him knock-
ing over the lamp, which then fractures the
water pipe, causing the damage. The other
events, while they set the stage for this to hap-
pen, are further removed from the outcome
event in terms of temporal order.
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* No. Based on the story, Alice’s action of log-
ging in at 9.30 am is not more responsible
than Zoe’s action of logging in at 9 am for
the outcome event. This is because both ac-
tions are necessary for the outcome to occur,
and Zoe’s action, which violates the company
policy, happens first. Therefore, Zoe’s action
has a higher temporal order and is considered
more responsible for the outcome.

C Details of HCR-BENCH
C.1 Details of Data Cleaning

We provide examples of erroneous, irrelevant, and
partially flawed samples.

Erroneous Sample. Erroneous samples are those
that miss critical background information. In the
case below, the “motion detector” does not ap-
peared in the story background.

Story: Suzy and Billy are working on a
project that is very important for our na-
tion’s security. The boss tells Suzy: “Be
sure that you are here at exactly 9 am. It
is absolutely essential that you arrive at
that time.” Then he tells Billy: “Be sure
that you do not come in at all tomorrow
morning. It is absolutely essential that
you not appear at that time.” Both Billy
and Suzy arrive at 9 am.

Query: Did Billy cause the motion de-
tector to go off?

Answer: No

Irrelevant Sample. Irrelevant samples are those
that query about intention.

Story: The CEO of a company is sitting
in his office when his Vice President of
R&D comes in and says, “We are think-
ing of starting a new programme. It will
help us increase profits, but it will also
harm the environment.” The CEO re-
sponds that he doesn’t care about harm-
ing the environment and just wants to
make as much profit as possible. The pro-
gramme is carried out, profits are made
and the environment is harmed.

Query: Did the CEO intentionally harm
the environment?

Answer: Yes

Partially Flawed Sample. Partially flawed sam-
ples are those with issues in the story, query, or
answer. In many cases, errors in the query and
answer co-occur. For instance, a duplicated or mal-
formed query often results in an incorrect answer.
In the case below, “work emails” is mistakenly
written as “spam emails.”

Story: Billy and Suzy work for the same
company. They work in different rooms,
and both of them sometimes need to ac-
cess the central computer of the company.
Nobody at the company is aware that if
two people are logged into the central
computer at the same time, some spam
emails containing important customer in-
formation are immediately deleted from
the central computer. In order to make
sure that two people are available to an-
swer phone calls during designated call-
ing hours, the company issued the fol-
lowing official policy: Billy and Suzy
are both permitted to log into the cen-
tral computer in the mornings, and nei-
ther of them are permitted to log into the
central computer in the afternoons. To-
day at 9 am, Billy and Suzy both log into
the central computer at the same time.
Immediately, some work emails contain-
ing important customer information are
deleted from the central computer.

Query: Did Suzy cause the central com-
puter to delete some work emails con-
taining important customer information?

Answer: Yes

C.2 Details of Data Annotation

The annotation criteria are presented in Tab. 6. The
annotation process follows the pipeline below:

1. Annotate C, O, foccur> forder> fn, and fi. The
values of these factors are usually explicit in
the story and query, so annotation is relatively
straightforward.

2. Annotate fi., fne, and fsc. Annotation fol-
lows the order fu. — fic — fsc, because fic
is the easiest to determine, and if it holds, fi.
necessarily holds; meanwhile, the determina-
tion of fy. depends on fi.. Only when — fy.
holds does one need to evaluate f;. according
to the AC2 clause in Def. 1.
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Table 6: Annotation guideline.

Table 7: Complete results of the pilot study.

Factor Value Definition

E
foccur

TRUE
FALSE

E
f order /

FE actually occurs in the causal setting.
Otherwise.

An integer starting from 0, denoting the
temporal order of E relative to other events
in the causal setting. If two events occur
simultaneously, they should share the same
order.

FE is an token cause of O by Def. 1. If 1)
FE e A FQ e holds and 2) £ holds while
allowing contingencies based on AC2, then
fE holds. [Proof: ACI holds if fZ... A
J& o holds; AC2 holds if fZ holds while
allowing contingencies; AC3 already holds
since we only annotate minimal/atomic and
non-overlapping causal events.]
Otherwise.

E
fie TRUE

FALSE

e TRUE  FE is anecessary cause of O by Def. 2. If
but for £, O would not have occurred, then
FE holds.

FALSE  Otherwise.

fE TRUE FE is a sufficient cause of O by Def. 3. If 1)
fE holds and 2) E always suffices to cause
O while changing the foccur factor of other
causal events, then f£ holds. [Proof: SCI
holds if fZ . A f9cur holds; SC2 holds if
(/'t‘“;‘ holds; SC3 holds by counterfactual rea-
soning on causal events other than F; SC4
already holds since we only annotate min-
imal/atomic and non-overlapping causal
events. Also, if fZ holds, fZ . A fQeur
holds.]

FALSE  Otherwise.

fE TRUE  E violates a prescriptive or descriptive
norm.

FALSE  Otherwise.

fE TRUE

FE is an agent’s behavior and the agent is
aware of the potential consequences of their
action and knowingly performs an action
that leads to a foreseeable bad outcome.

FALSE  Otherwise.

D More Results

D.1 Pilot Results

Complete Results. The complete results are pre-
sented in Tab. 7. We report both overall and fine-
grained accuracies along with standard deviations
over 10 runs. First, for causation queries, all mod-
els exhibit consistent performance improvements
with the integration of HCR-REASONER, with
open-source LLMs generally benefiting more. For
instance, GPT-4’s accuracy increase from 62.48%
to 74.61% after applying HCR-REASONER. GPT-
4 + HCR-REASONER also achieves the highest
overall accuracy of 75.51%, significantly surpass-
ing the average human performance. These re-
sults suggest that incorporating domain theory into
LLMs to enhance reasoning capabilities is promis-
ing. Second, neither zero-shot nor manual CoT is

Methods Acce. (C.) Acce. (L) Acce.
Human Average - - 69.60-+0.00
Qwen2.5-32B-Instruct  65.25+0.32  80.43+0.00 68.98+0.24
+ zero-shot CoT 61.70+£0.78 75.22+1.74 65.03+0.49
+ manual CoT 65.89+0.59 79.13£1.06 69.14+0.34
+ HCR-REASONER 70.14+1.83 80.43+0.00 72.67+1.38
Qwen2.5-72B-Instruct  65.89+1.21 77.83+1.30 68.82+1.04
+ zero-shot CoT 62.06+£2.27 77.83+£3.61 65.944+2.02
+ manual CoT 63.12£2.01 79.13£1.06 67.06+1.59
+ HCR-REASONER  71.63+0.90 79.13+1.44 73.48+0.49
DeepSeek-V3 66.45+1.96 77.61£1.70 69.20+1.76
+ zero-shot CoT 67.38+£2.73 74.57+£3.37 69.14+1.82
+ manual CoT 62.62+£2.15 76.30£1.52 65.99+1.59
+ HCR-REASONER 69.93+1.88 78.48+1.17 72.03+1.62
Claude-3.5-Sonnet 67.23+£2.57 73.04+4.68 68.66+2.52
+ zero-shot CoT 65.25+4.09 71.96+4.29 66.90+3.69
+ manual CoT 59.65+£3.21 84.57+£2.27 65.78+2.37
+ HCR-REASONER 72.62+1.11 75.434+4.24 73.32+1.54
GPT-40-2024-11-20 54.89+1.53 85.22+1.90 62.35+1.29
+ zero-shot CoT 61.99+£1.20 77.39+£3.25 65.78%1.15
+ manual CoT 60.64+0.91 78.48+2.27 65.03+0.55
+ HCR-REASONER  70.50+1.96 85.224+2.13 74.12+1.36
GPT-4-0613 62.48+0.59 80.22+2.65 66.84+0.83
+ zero-shot CoT 62.77+£0.73 81.52+1.46 67.38+0.68
+ manual CoT 65.89+0.92 78.26+£0.97 68.93+0.65
+ HCR-REASONER 74.61+0.76 78.26+2.17 75.51+0.79

sufficient for human-like causal reasoning. This
suggests the inherent difficulty of the task.

Significance Test. We have also conducted an ap-
proximate randomization test (Edgington, 1969)
to assess the statistical significance of HCR-
REASONER on Big-Bench Hard causal judgment,
since this dataset is relatively small in size. For
each model, we evaluate HCR-REASONER and
3 baselines across 10 runs. Each test is repeated
30 times with 10,000 trials per run to compute the
average p-value. A Bonferroni correction (Dunn,
1961) is applied for multiple comparisons (18 in
total: 6 models x 3 baselines), yielding a corrected
significance threshold of approximately 0.00278.
As shown in Tab. 8, HCR-REASONER achieves
statistical significance in 18/18 comparisons and
16/18 comparisons after Bonferroni correction, de-
spite the relatively small size of Big-Bench Hard
causal judgment.

D.2 Case Study

Reasoning Steps. For the first axis of our case
study, we present the reasoning steps of Claude
to quantitatively assess the effectiveness of HCR-
REASONER. We first present an example sample.

Story: Tom has a huge garden and loves
flowers. He employed two gardeners who
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Table 8: Statistical significance of HCR-REASONER on Big-Bench Hard causal judgment.

Model Comparison Accuracy Diff p-value (£ std) Significant Significant (Bonferroni)
HCR-REASONER vs. Vanilla 0.0369 0.0020 £ 0.0004 Vv v
Qwen2.5-32B-Instruct HCR-REASONER vs. Zero-shot CoT 0.0765 0.0021 £ 0.0004 Vv v
HCR-REASONER vs. Manual CoT 0.0353 0.0022 =+ 0.0004 Vv Vv
HCR-REASONER vs. Vanilla 0.0465 0.0022 =+ 0.0004 Vv 4
Qwen2.5-72B-Instruct HCR-REASONER vs. Zero-shot CoT 0.0754 0.0022 + 0.0003 Vv v
HCR-REASONER vs. Manual CoT 0.0642 0.0020 £ 0.0004 Vv Vv
HCR-REASONER vs. Vanilla 0.0283 0.0079 £ 0.0009 Vv X
DeepSeek-V3 HCR-REASONER vs. Zero-shot CoT 0.0289 0.0020 + 0.0005 Vv 4
HCR-REASONER vs. Manual CoT 0.0604 0.0020 £ 0.0003 Vv V4
HCR-REASONER vs. Vanilla 0.0465 0.0080 £ 0.0007 V4 X
Claude-3.5-Sonnet HCR-REASONER vs. Zero-shot CoT 0.0642 0.0021 £ 0.0005 Vv Vv
HCR-REASONER vs. Manual CoT 0.0754 0.0020 + 0.0004 Vv V4
HCR-REASONER vs. Vanilla 0.1176 0.0019 £ 0.0005 4 V4
GPT-40-2024-11-20 HCR-REASONER vs. Zero-shot CoT 0.0834 0.0020 £ 0.0005 Vv Vv
HCR-REASONER vs. Manual CoT 0.0909 0.0021 £ 0.0004 Vv Vv
HCR-REASONER vs. Vanilla 0.0866 0.0021 =+ 0.0004 Vv 4
GPT-4-0613 HCR-REASONER vs. Zero-shot CoT 0.0813 0.0020 £ 0.0004 Vv Vv
HCR-REASONER vs. Manual CoT 0.0658 0.0020 £ 0.0005 Vv Vv

take care of the plants on his 30 flower
beds: Alex and Benni. Both can indepen-
dently decide on their working hours and
arrange who cares for which flower beds.
Alex and Benni are very reliable and Tom
is satisfied with their work. Nevertheless
he wants to optimize the plant growth.
Since Tom has read in a magazine that
plants grow better when they are fertil-
ized, he decides to let Alex and Benni
fertilize his plants. The magazine recom-
mends the use of the chemicals A X200R
or B Y33R, since both are especially ef-
fective. However, Tom also read that
it can damage plants when they are ex-
posed to multiple different types of chem-
icals. Tom therefore decides that he only
wants to use one fertilizer. He goes for
A X200R. Tom instructs Alex and Benni
to buy the chemical A X200R and to use
only this fertilizer. Alex volunteers for
buying several bottles of this chemical
for Benni and himself. After a few weeks,
Tom goes for a walk in his garden. He
realizes that some of his plants are much
prettier and bigger than before. However,
he also realizes that some of his plants
have lost their beautiful color and are
dried up. That makes Tom very sad and
reflective. He wonders whether the dry-
ing of his plants might have something
to do with the fertilization. He wants to
investigate this matter and talks to Alex

and Benni. Alex tells him that he fol-
lowed Tom’s instruction: “I only bought
and used the chemical A X200R which [
had funneled into the blue can.” Benni
suddenly is startled and says to Alex:
“What? You funneled A X200R into the
blue can? But you told me you had fun-
neled it into the green can! That’s why I
always used the green can!” Alex replies:
“Did I? Then I am sorry!” Tom remem-
bers that he had filled B Y33R in a green
can - long before he had read about the
chemicals in his magazine. He had never
used it. So Benni must have accidentally,
without knowing it, applied the chemi-
cal B Y33R, whereas only Alex applied A
X200R. Tom realizes that the plants dried
up in the flower beds on which both A
X200R and B Y33R were applied by the
gardeners.

Query: Did Benni cause the plant to dry
out?

Gold Answer: No.

In the example, there are three main causal events:
1) FEq, Alex’s miscommunication about the can
color; 2) Es, Alex uses A X200R; and 3) E’3, Benni
unknowingly uses B Y33R following Tom’s in-
struction. The outcome event O is “The plants
dry out.” Here, F; = 1 A E3 = 1 is a cause of
O = 1. A potential source of confusion arises
from E3: one might mistakenly judge it to be an
individual cause of O because it appears to vio-
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late the “norm” of Tom’s instruction. However, the
norm in this context is the instruction provided by
Alex that A X200R is in the green can and that
Benni should use the fertilizer from the green can.
Since Benni follows this instruction, £ does not
involve a norm violation. Therefore, F; is merely
a partial cause of 0. As shown in the reasoning
steps, the vanilla, zero-shot CoT, and manual CoT
settings exhibit similar patterns. On the one hand,
Claude demonstrates the ability to identify events
without explicit prompting and can also take into
account factors such as intention. This indicates
that the first two stages of HCR-REASONER are
implicit capabilities of LLMs. However, Claude
falls short in two key areas under these settings:
1) It fails to comprehensively consider all relevant
factors. For instance, sufficiency and normality are
entirely overlooked despite their importance in this
example. 2) It lacks a structured mechanism to syn-
thesize its causal analysis into a coherent decision.
Consequently, Claude disproportionately relies on
naive counterfactual dependence (i.e., fnc), which
undermines its reasoning quality. In contrast, with
HCR-REASONER, Claude performs all key reason-
ing steps correctly. It first identifies the queried
causal event, “Benni uses green can,” then accu-
rately infers the factor values for both conjunctive
causal events: “Benni uses green can” and “Alex
uses blue can.” Following this, it correctly traverses
Alg. 1 to reach the final decision. Specifically,
“Benni uses green can” satisfies - fic A fsc, does
not satisfy f,, V fi, and is not assigned the uniquely
highest responsibility due to occurring later than
other causal events. Thus, it leads to the correct an-
swer. Although Claude identifies three additional
causal events, they are inconsequential, as all fac-
tors take on False. This indicates that these events
can be safely removed from the causal setting with-
out affecting the outcome.

Seed vs. Generated Samples. As for the sec-
ond axis, we present examples comparing seed
samples with generated samples to demonstrate
that HCR-BENCH is both more challenging and di-
verse. Through addition, new details with spurious
correlations are introduced, potentially distract-
ing models from the actual causal structure. In
Example 1, the story of the seed sample contains
only events relevant to the causal setting. In con-
trast, the generated sample includes an additional,
irrelevant event “Sophia prepares the main course
and appetizers.” This extraneous detail may mis-

lead models into inferring a spurious correlation
between this event and the outcome, thereby in-
creasing the reasoning difficulty. Through removal,
important but non-essential causal cues such as
explicit conjunctive statements like “When E; and
FEs occur, O will occur.” may be omitted. In Exam-
ple 2, the seed sample explicitly states that “The
machine will short circuit if both the black wire
and the red wire touch the battery at the same time.”
In contrast, the generated sample omits this explicit
conjunctive specification, instead conveying it only
implicitly. Such omissions increase the reasoning
complexity of the sample. Through reorganiza-
tion, the structure of the story may become more
diverse. In both Example 1 and 2, the seed sample
and its corresponding generated sample differ in
multiple aspects, including the story setting, the
addition or removal of details, and the organization
of individual sentences as well as the overall para-
graph structure. As a result, the generated samples
in HCR-BENCH pose greater challenges and ex-
hibit higher diversity than their seed counterparts.
This increased difficulty is also reflected in model
performance: across all models, accuracy on cau-
sation queries declines in HCR-BENCH compared
with in Big-Bench Hard causal judgment, and the
gains attributed to HCR-REASONER are reduced
accordingly.
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Reasoning Steps (Claude + Vanilla)

To answer this question, we need to carefully analyze the causal chain of events and consider the
role of Benni’s actions in the outcome.
Let’s break down the key points:

1. Tom decided to use only one fertilizer (A X200R) to avoid damaging plants with multiple
chemicals.

2. Alex bought A X200R and funneled it into the blue can, but mistakenly told Benni it was in
the green can.

3. Benni, believing Alex’s misinformation, used the fertilizer from the green can.
4. The green can actually contained B Y33R, which Tom had filled long ago and never used.

5. The plants dried up in flower beds where both A X200R and B Y33R were applied.

Benni’s action of using the fertilizer from the green can (unknowingly B Y33R) was a crucial part
of the causal chain that led to the plants drying out. If Benni had not applied B Y33R, the plants
would not have been exposed to both chemicals, which was the condition that caused the drying.
However, it’s important to note that Benni’s action was based on misinformation from Alex and
was unintentional. Benni believed he was following Tom’s instructions and using the correct
fertilizer.

Despite the unintentional nature of Benni’s action, from a strict causal perspective, Benni’s
application of B Y33R was a necessary condition for the harmful outcome.

Therefore, the answer is:

Yes

Benni did cause the plants to dry out, albeit unintentionally and as part of a chain of events
involving misinformation and misunderstanding.
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Reasoning Steps (Claude + Zero-shot CoT)

To answer this question, let’s break down the key events and analyze the causal chain:

1. Tom decided to use only one fertilizer (A X200R) to avoid damaging plants with multiple
chemicals. 2. Alex bought A X200R and funneled it into a blue can. 3. Alex mistakenly told Benni
that he had put A X200R in the green can. 4. Benni, trusting Alex’s information, used the fertilizer
from the green can. 5. The green can actually contained B Y33R, which Tom had filled long ago
and never used. 6. The plants dried up in flower beds where both A X200R and B Y33R were
applied.

Now, let’s consider Benni’s role in this causal chain:

1. Benni did not intentionally use B Y33R; he thought he was using A X200R based on Alex’s
misinformation.

2. Benni’s action of using the fertilizer from the green can was a necessary component in the
causal chain that led to the plants drying out.

3. If Benni had not used the fertilizer from the green can (B Y33R), the plants would not have
been exposed to both chemicals and would not have dried out.

4. While Benni’s action was based on misinformation, he still played a crucial role in the
outcome.

5. In causal judgment, we often consider whether an action was a necessary part of the causal
chain, regardless of the actor’s intentions or knowledge.

Given these considerations, we can conclude that Benni did cause the plants to dry out, even though
it was unintentional and based on misinformation.

Answer: Yes

Benni’s actions were a necessary part of the causal chain that led to the plants drying out, even
though he was not aware of the true nature of the fertilizer he was using. In causal analysis,
the unintended consequences of an action can still be attributed to the actor if their action was
necessary for the outcome to occur.
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Reasoning Steps (Claude + Manual CoT)

To answer this question, let’s analyze the key points from the story:
1. Tom instructed both gardeners to use only A X200R fertilizer.
2. Alex bought A X200R and put it in the blue can.
3. Benni mistakenly thought A X200R was in the green can, which actually contained B Y33R.
4. The plants dried up in flower beds where both A X200R and B Y33R were applied.
5. Benni unknowingly used B Y33R from the green can.

Given these facts, we can conclude that Benni did indeed cause the plants to dry out, albeit
unintentionally. Here’s why:

1. Benni’s use of B Y33R, combined with Alex’s use of A X200R, created the condition that led
to the plants drying out.

2. If Benni had not used the fertilizer from the green can (B Y33R), the plants would not have
been exposed to both chemicals, which was the cause of the damage.

3. Even though Benni’s actions were accidental and based on misinformation, they still con-
tributed directly to the outcome.

Therefore, the answer is: Yes

Benni caused the plants to dry out, even though it was unintentional and based on a misunderstand-
ing. In causal reasoning, the intent is not always necessary for establishing causation; the action
and its consequences are what matter most.
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Reasoning Steps (Claude + HCR-REASONER)

{
"causal_events"”: {

"Tom instructs to use A X200R": {
"occur”: True,
"order”: 0,
"focal"”: False,
"sufficient”: False,
"necessary"”: False,
"halpern_pearl": False,
"norm_violated”: False,
"behavior_intended”: False

X

"Alex buys A X200R": {
"occur”: True,
"order”: 1,
"focal”: False,
"sufficient”: False,
"necessary”: False,
"halpern_pearl"”: False,
"norm_violated": False,
"behavior_intended"”: False

3

"Alex funnels A X200R into blue can”: {
"occur”: True,
"order": 2,
"focal”: False,
"sufficient”: False,
"necessary"”: False,
"halpern_pearl"”: False,
"norm_violated”: False,
"behavior_intended”: False

X

"Alex tells Benni about green can”: {
"occur”: True,
"order": 3,
"focal”: False,
"sufficient”: False,
"necessary"”: True,
"halpern_pearl”: True,
"norm_violated": False,
"behavior_intended”: False

b
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"Benni uses green can”: {
"occur”: True,
"order"”: 4,
"focal”: True,
"sufficient”: False,
"necessary”: True,
"halpern_pearl”: True,
"norm_violated": False,
"behavior_intended"”: False

s

"Alex uses blue can”: {
"occur”: True,
"order": 4,
"focal”: False,
"sufficient”: False,
"necessary”: True,
"halpern_pearl": True,
"norm_violated”: False,
"behavior_intended”: False

3

"outcome_event"”: {
"Plants dry out": {
"occur”: True,
"order": 5

3

Explanation:

No. Based on the story, “Benni uses green can” is not more responsible relative to the other events
in the list. All three events (“Benni uses green can”, “Alex tells Benni about green can”, and “Alex
uses blue can”) occur in sequence with “Alex tells Benni about green can” happening first (order 3),
followed by both “Benni uses green can” and “Alex uses blue can” occurring simultaneously (both
order 4). Since “Alex tells Benni about green can” occurs earlier, it would have more responsibility
according to the temporal order criterion. Between “Benni uses green can” and “Alex uses blue
can”, they have equal responsibility since they occur simultaneously (same order 4).
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Example 1: Addition leads to spurious correlations.

# Seed Sample.

Story: Louie is playing a game of basketball, and he made a bet with his friends who are watching
on the sidelines. If Louie either makes a layup or makes a 3-point shot during the game, then
he’ll win $100. Just when the game started, Louie immediately got the ball at the 3-point line. He
looked to the basket, dribbled in, and then made a layup right at the beginning of the game. Louie
and his friends continued playing, but as hard as he tried, Louie couldn’t make another shot. And
then right at the end of the game as the clock was winding down, Louie got the ball at the 3-point
line. He looked to the basket, focused his shot, and made a 3-point shot right at the buzzer. Then
the game ended. Because Louie would win $100 if he either made a layup or a 3-point shot, Louie
won $100

Query: Did Louie win the $100 bet because he made the layup?

Reasoning:

{

"causal_events”: {

"Louie makes a layup”: {
"occur”: true,
"order": 0,
"focal”: true,
"sufficient”: true,
"necessary”: false,
"halpern_pearl”: false,
"norm_violated": false,
"behavior_intended”: true

}»

"Louie makes a 3-point shot": {
"occur”: true,
"order"”: 1,
"focal”: true,
"sufficient”": true,
"necessary”: false,
"halpern_pearl": false,
"norm_violated”: false,
"behavior_intended”: true

3

"outcome_event”: {
"Louie wins \$100": {
"occur”: true,
"order": 2

}

Answer: Yes
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# Generated Sample.

Story: Sophia has invited friends over for a cozy dinner evening at her apartment, where she
plans to showcase her cooking skills. The highlight of the night, according to her invitation, is the
dessert, which she promised to prepare herself. The party will feature dessert if Sophia either bakes
a cake or bakes cookies. Sophia decided to begin the day by focusing on the most intricate dessert:
the cake. She spent hours meticulously measuring ingredients, frosting layers, and decorating
the top with a swirl of fresh whipped cream. It turned out beautifully, and she proudly displayed
it on the dining table. Feeling confident, Sophia dedicated her remaining time to preparing the
main course and appetizers. As the guests began sending texts that they were on their way, Sophia
realized she had just enough time to bake a quick batch of cookies. They were ready just as her
first guests entered the apartment. With both options available, the party was a success, and dessert
was served. Since the party would have dessert if Sophia either baked cookies or a cake, there was
no shortage of delicious treats to enjoy.

Query: Did the dinner party have dessert because Sophia baked cookies?

Reasoning:

{
"causal_events”: {
"Sophia bakes cookies”: {
"occur”: true,
"order"”: 1,
"focal”: true,
"sufficient”": true,
"necessary”: false,
"halpern_pearl": false,
"norm_violated”: false,
"behavior_intended”: true
X
"Sophia bakes a cake": {
"occur”: true,
"order”: 0,
"focal”: true,
"sufficient”: true,
"necessary”: false,
"halpern_pearl”: false,
"norm_violated": false,
"behavior_intended”: true
}
P
"outcome_event": {
"The party has dessert”: {
"occur”: true,
"order": 2
3
}
}

Answer: No

3538




Example 2: Removal leads to fewer explicit causal cues.

# Seed Sample.

Story: A machine is set up in such a way that it will short circuit if both the black wire and the red
wire touch the battery at the same time. The machine will not short circuit if just one of these wires
touches the battery. The black wire is designated as the one that is supposed to touch the battery,
while the red wire is supposed to remain in some other part of the machine. One day, the black
wire and the red wire both end up touching the battery at the same time. There is a short circuit.
Query: Did the black wire cause the short circuit?

Reasoning:

{

"causal_events”: {

"The black wire touches the battery”: {
"occur”: true,
"order”: 0,
"focal”: true,
"sufficient”: false,
"necessary"”": true,
"halpern_pearl"”: true,
"norm_violated": false,
"behavior_intended”: false

s

"The red wire touches the battery”: {
"occur”: true,
"order”: 0,
"focal”: false,
"sufficient”: false,
"necessary”": true,
"halpern_pearl"”: true,
"norm_violated": true,
"behavior_intended”: false

3

"outcome_event"”: {
"The machine short circuits”": {
"occur”: true,
"order”: 1

3

Answer: No
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# Generated Sample.

Story: In a water management system for a large greenhouse, there are two valves controlling
water supply to a central storage tank. Valve A is part of the main operational circuit, intended to
manage daily water flow. Valve B, on the other hand, serves as an emergency bypass valve that
should remain shut to prevent mixing excess water into the system. Under normal circumstances, if
just one valve is open, the tank functions properly without incident. One morning, during a routine
inspection, both Valve A and Valve B are mistakenly left open for hours, allowing water from two
separate sources to flow into the tank concurrently. As a result, the tank exceeds its capacity and
floods the greenhouse floor, causing damage.

Query: Did Valve A cause the overflow?

Reasoning:

{

"causal_events"”: {

"Valve A is open”: {
"occur”: true,
"order”: 0,
"focal”: true,
"sufficient”: false,
"necessary”: true,
"halpern_pearl": true,
"norm_violated”: false,
"behavior_intended”: false

e

"Valve B is open”: {
"occur”: true,
"order”: 0,
"focal”: false,
"sufficient”: false,
"necessary"”: true,
"halpern_pearl"”: true,
"norm_violated": true,
"behavior_intended”: false

},
"outcome_event"”: {
"The storage tank overflows”: {
"occur”: true,
"order”: 1

}

Answer: No
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Prompt for Baselines

Vanilla

[SYSTEM] You are an expert in the field of token causality and causal judgment.
Given the story and query of a logic-based causal judgment problem, you can
effectively solve it.

Story: {story}

Query: {query}

Answer (Yes or No?):

Zero-shot CoT

[SYSTEM] You are an expert in the field of token causality and causal judgment.
Given the story and query of a logic-based causal judgment problem, you can
effectively solve it.

Story: {story}

Query: {query}

Let’s think step by step.

Answer (Yes or No?):

Manual CoT

[SYSTEM] You are an expert in the field of token causality and causal judgment.
Given the story and query of a logic-based causal judgment problem, you can
effectively solve it.

Here we will provide three chain-of-thought examplars, followed by a binary question that needs
to be answered.

Story: {storyl}

Query: {queryl}

Answer (with chain of thought): {answerl}

Story: {story2}

Query: {query2}

Answer (with chain of thought): {answer2}

Story: {story3}

Query: {query3}

Answer (with chain of thought): {answer3}

Story: {story}

Query: {query}

Answer (Yes or No?):
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Prompt for HCR-REASONER (Causal Setting Establishment)

[SYSTEM] You are an expert in the field of token causality and causal judgment.
Given the story and query of a logic-based causal judgment problem, you can
effectively assist in solving the problem following the instructions provided.
Story: {story}

Query: {query}
Based on the story and query of a logic-based causal judgment problem, establish the causal setting
as follows.

1. Summarize the causal events and outcome event based on the story and query.

— The causal events should causally contribute to the outcome event.
— The causal events should be minimal/atomic and non-overlapping.

2. Label the occurrences and temporal orders of events based on the story.

— Label occur as true if an event actually occurs.

— Label order as an integer starting from 0, where simultaneous events should share the
same order.

3. Label the focal causal events based on the query.

— If the query asks whether a causal event causes the outcome event, the causal event has
focal = true.

— If the query asks whether an agent causes the outcome event, all causal events reflecting
the agent’s behaviors have focal = true.

Return the causal setting in the following JSON format:

{
"causal_events”: {
CAUSAL_EVENT: {
"occur”: True/False,
"order"”: ORDER,
"focal”: True/False
B
B
"outcome_event"”: {
OUTCOME_EVENT: {
"occur": True/False,
"order"”: ORDER
}
}
}

Return only the JSON, without any extra information.
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Prompt for HCR-REASONER (Factor Value Inference)

Based on the story and causal setting, reason about the values of the following factors for each
causal event.

1. token_cause = true if in the story, had a causal event not occurred, the outcome event
would not have occurred, while allowing at least a subset of events in the causal setting to
remain occurred had a causal event not occurred.

2. necessary_cause = true if in the story, had a causal event not occurred, the outcome event
would not have occurred.

3. sufficient_cause = true if in the story, had a causal event occurred, the outcome event
would have occurred, even if other causal events had occurred differently.

* token_cause = true, necessary_cause = true, and sufficient_cause = true can
be satisfied through a path from a causal event to the outcome event, passing through other
causal events.

4. norm_violated = true if in the story, a causal event violates norms, such as statistical
modes, moral codes, laws, policies, or proper functioning in machines or organisms.

5. behavior_intended = true if in the story, a causal event is an agent’s behavior and the
agent is aware of the potential consequences of their action and knowingly performs an action
that leads to a foreseeable bad outcome.

Return the values of factors for causal events in the following JSON format:

{
CAUSAL_EVENT: {
"token_cause”": True/False,
"necessary_cause”: True/False,
"sufficient_cause”: True/False,
"norm_violated”: True/False,
"behavior_intended”: True/False

b

}

Return only the JSON, without any extra information.
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Prompt for HCR-REASONER (Determining fresp)

Line 9

Define responsibility as the relative degree (more, less, or equally) to which a causal event causally
contributes to the outcome event, relative to other causal events specified. Here, assume responsi-
bility is only determined by normality (norm_violated) and intention (behavior_intended).
Return Yes if based on the story, the focal causal event “{focal_event}” is equally or more
responsible relative to other causal events in the list {S_list}, else No. Then, explain briefly based
on the story.

Line 15

Define responsibility as the relative degree (more, less, or equally) to which a causal event
causally contributes to the outcome event, relative to other causal events specified. Here, assume
responsibility is only determined by temporal order (order).

Return Yes if based on the story, the focal causal event “{focal_event}” is more responsible relative
to other causal events in the list {H_list}, else No. Then, explain briefly based on the story.

Prompt for HCR-BENCH (Data Generation)

Stage 1

Data Example: {data_example}

In the provided data sample: story is the story background of a logic-based causal judgment
problem; reasoning details the reasoning process, including causal/outcome events and their
factor values; queries are causality-related queries to the problem, each links to one or more focal
causal events in reasoning; answers are Yes/No answers to the queries.

Generate a new data example as follows:

1. story: Rewrite with a different real-world setting while preserving the reasoning logic, i.e.,
only rephrase causal/outcome event descriptions.

2. queries: Formulate queries for the new story and identify the corresponding focal causal
events.

3. reasoning: Generate causal/outcome events and their factors for the new story while keeping
factor values unchanged.

4. answers: Provide Yes/No answers to the queries.

Return the new data example in the same JSON format as the original one.
Return only the JSON, without any extra information.

Stage 2

Based on the generated data example, refine the new story to make it more distinctive while keeping
reasoning unchanged:

1. Increase Details: Add relevant details to enhance the new story setting.
2. Remove Details: Eliminate elements that are only relevant to the original story.
3. Reorganize Structure: Adjust the narrative flow to avoid mirroring the original structure.

Return the modified data example in the same JSON format as the original one.
Return only the JSON, without any extra information.
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