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Abstract

Theories of actual causation provide answers to the question: “Is C' a cause of £?” in a specific
scenario. The performance of a new theory is measured by how well its verdicts agree with the
intuitive verdicts of the researcher on particular examples, commonly referred to as vignettes.

This has two drawbacks: First, this is usually done only for a handful of vignettes per theory
since there is no commonly agreed-upon collection of vignettes. That makes it difficult to compare
theories against each other. Second, this evaluation is mostly done by hand. That makes it tedious
for both the researcher proposing a new theory and the reader who tries to assess the merits of the
new theory. To solve this, we provide a comprehensive collection of vignettes in a well-organized
data format. We provide code to load these vignettes and accompanying queries. We also provide an
implementation of two popular theories of causation to demonstrate the advantage of this approach.

In addition, we address the suggestion that LLMs might be more suitable than formal models
of these vignettes to determine causality. To test this claim on current LLMs, we add formulations
of vignettes and queries in natural language. That makes it possible to prompt LLMs for their
verdict and compare their results both with intuitions and the verdicts of particular theories of
actual causation. We find that none of the tested LLMs achieves higher performance than either of
the two implemented theories of causation.!

Keywords: Actual Causation, Causal Vignettes, Structural Causal Models, Large Language Mod-
els

1. Introduction

The study of causality is usually focused on type causation, giving answers to general questions
like: “Do lightning strikes cause forest fires?” In contrast to that, actual causation, also called
token causation, is focused on the question of whether one particular past event caused some other
particular past event; for example: “Did yesterday’s lightning strike cause yesterday’s forest fire?”
We assume that all relevant events and causal connections between them are given—determining
these from data is a separate field called causal discovery (Glymour et al., 2019). Actual causation
is relevant for law (Moore, 2009), explainability (Beckers, 2022), and the formal study of blame,
harm, and responsibility (Chockler and Halpern, 2003; Beckers et al., 2024).

One complicating factor is that the task is not fully objective. A theory is evaluated on several
toy examples called vignettes, and the ground truth is the researcher’s intuition, which can differ
across people. Symmetric overdetermination is an example of such a case: If both a dropped match
and a lightning strike suffice to start a fire, should the lightning strike count as a cause? Arguments
can be made for both sides, and some (notoriously Lewis (1973)) find such examples unhelpful for
that reason.

1. Code available at https://github.com/christianodenwald/causality_checker
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Whenever a new theory is proposed, it is usually applied to roughly a dozen vignettes, but many
more have accumulated over the years, leaving the reader to wonder whether examples were hand-
picked. That leads to the second problem: Checking causality by hand is tedious. For example,
applying the theory of Halpern and Pearl (2005) to their Example 5.1 requires considering over 14
million options.

To address both issues, we take a data-centric approach: compiling vignettes into an accessi-
ble format with Python code to load them and apply theories of causation. We demonstrate the
usefulness of this approach by providing code for two popular theories of actual causation: HP,
(Halpern and Pearl, 2005) and HPy,,o4 (Halpern, 2015). The computational approach cannot replace
qualitative assessment, but it can help researchers find the cases that matter most.

Additionally, our approach makes it easy to address the concerns by Kiciman et al. (2024): that
LLMs are more suitable than formal models for actual causation, since they implicitly model all
the background conditions, which is a known difficulty in the formal study of actual causation. We
include natural language descriptions of vignettes and causal queries and prompt LL.Ms for yes/no
causal verdicts, enabling direct comparison with formal theories.

Our contributions can be summarized as such:

* A comprehensive collection of relevant vignettes for actual causation.

* A framework and code for computational evaluation of theories of causation, demonstrated

on two established theories.

* An evaluation pipeline for LLMs on actual causation, in a direct comparison to formal theories

of actual causation.

The rest of the paper is structured as follows: In section 2, we provide an overview of the field
of actual causation, in particular the popular formalism of Structural Causal Models (SCMs). We
also give a quick overview of previous approaches to probe LLMs for causal verdicts. In section 3,
we present the dataset, some basic functions, and instructions for how to use it. In section 4, we
present results of using it to evaluate further examples on HPp,,q, and on LLMs. In section 5, we
describe limitations and some possibilities for further work.

2. Related Work

Here we review the basics of actual causation: the popular formalism of SCMs, previous collections
of vignettes, and one particular definition of actual causation on which we later demonstrate the
usefulness of our approach. We also look at previous work on prompting LL.Ms for causal verdicts.

2.1. Actual Causation

Theories of actual causation can be classified by the basic mechanism they propose for what consti-
tutes causation, typically counterfactuals, regularities, probabilities, or physical processes (Gallow,
2022). Counterfactual theories have been particularly popular. The basic idea is that what it means
for C' to cause F is that if C' had not happened (and all other things roughly being equal), £ would
not have happened. To determine actual causation in the real world, we first need to choose a rep-
resentation of the world, a model. SCMs are a popular framework for modeling because they allow
for a relatively simple definition of counterfactuals.
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2.1.1. STRUCTURAL CAUSAL MODELS

Most theories of causation are formulated in the SCM framework, popularized by Pearl (2000).
Following Halpern and Pearl (2005) and Gallow (2021), a structural causal model M is a pair
(S, F), where S = (U, V,R) is called a signature. M consists of:

1. aset of exogenous variables = {Uy, ..., Uy},

2. aset of endogenous variables V = {Vi, ..., V, },

3. aset of possible values R(Y;) = {vyi1, ... yir} € Nforeach variableY; € Y =U UV,

4. aset of structural equations F = {Fy,, ..., Fy, } for each V; € V, where Fy, is a function

Fy, : (xveuR(U)) x (xvev—(vy R(V)) = R(Vi).
To represent a specific situation, we also need a context:
5. an assignment of values u = {uy,...,un} toU, where u; € R(U;).
In the standard formulation by Halpern and Pearl (2005), exogenous variables are not explicitly
modeled. However, it has become common practice to treat variables solely determined by U/ as
exogenous (Gallow, 2021, p.50; cf. Figure 1). We follow this latter practice.

To determine the values of all variables in an SCM, we start from the exogenous variables,
whose values are assigned by the context. These values are propagated through the model following
the structural equations. Structural equations are asymmetric, i.e., they assign a value to the left side
based on the values on the right side. SCMs are deterministic. Given the context, there is only one
possible setting of variable values in the model.

An SCM can be visually represented by a graph. This graph is usually acyclic, so it is a directed
acyclic graph (DAG). In the typical case, variables ) are Boolean, but they can also be ordinal
or numerical. The structural equations are adjusted to match the variable type. If all variables
are Boolean, we can represent their values by coloring in the respective node in the DAG. Arrows
with pointed heads can be thought of as stimulating connections, and arrows with a circled head as
inhibitory. This notation is borrowed from Neuron Diagrams?, a different but related formalism.

For illustration, consider the following example:

Example 1 (Forest fire (disjunctive)) The forest burns down (FF) if either a match is dropped
(MD) or lightning strikes (L). A match is dropped and lightning strikes.

We visualize a model for this vignette in Figure 1. M D and L would be considered exogenous,
while F'F' is endogenous. The colored nodes represent the variables that have value 1, or, in other
words, the events that actually occur (in this case, all of them do).

2.1.2. NORMALITY

One problem for determining causality is cases of isomorphism (Menzies, 2017). These are cases
that are structurally identical but have differing intuitive evaluations (Hall, 2007). To distinguish
cases like these, normality considerations have been taken into account (Halpern and Hitchcock,
2015; Halpern, 2016), resulting in an extended SCM (though some disagree with this solution, cf.

2. Other noteworthy mentions of formal systems include Neuron Diagrams (Lewis, 1987; Hall, 2004), CP-logic (Beck-
ers and Vennekens, 2016; Denecker et al., 2018), Causal Calculus (Bochman, 2018), and Situation Calculus (Batusov
and Soutchanski, 2018) .

3. Neuron Diagrams are a special case of extended SCMs, which we introduce below. We engage in the imprecise
but common mix of SCMs with Neuron Diagrams if the variables are two-valued and the equations follow standard
Neuron Diagram semantics (Hitchcock, 2007b; Erwig and Walkingshaw, 2010).
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MD:=1
L:=1
FF:=MDVL

Figure 1: Forest fire (disjunctive)

Blanchard and Schaffer (2017)). The idea behind that is that causes and effects need to be deviant
events—me continuing to live because I breathe should not count as actual causation, since both
of these events are “normal”, according to most understandings of what defines normality. How to
actually distinguish between the default and deviant values of a certain variable is a question subject
to further research.

Adding normality to SCMs can be done by assigning a typicality ordering to the values of each
individual variable (Gallow, 2021). In Figure 1, we would add a partial order to each Ry, so,
for example, we would specify that M D = 0 (not dropping matches in forests) is more normal
than M D = 1 (dropping matches in forests). Or, we can add a partial order to settings of the
exogenous variables in a model (“small worlds”; Halpern and Hitchcock, 2015; Hitchcock and
Knobe, 2009). In Figure 1, we would say that a world { M D = 0, L = 0} is more normal than any
other world. The partial order can also be applied to settings of all variables in the model (“large
worlds”; Halpern, 2015, 2016). In this case, { M D = 0, L = 0, FF' = 0} would be the most normal
setting. So, formally, we can add a partial order to the possible variable values R(Y;), or we can
add an additional component to the SCM:

6. a partial order > of possible context settings U = [[", R(U;), or of all variable values

Y =TII2" R(Y).

2.1.3. VIGNETTES AND QUERIES

A theory of actual causation 7 should give a verdict 7(V, Q) € {T,_L} for each vignette V' and
query ), where @Q = (C, E) is a tuple consisting of a potential cause C' € Y and a potential effect
E € V. Some theories also want to make claims about compound causes, where multiple of the
Y;’s, denoted C = {C},...,Cp} C Y, can be a cause in conjunction A?_;(C; = ¢;). Other
theories provide a contrastive account, saying that C' = c rather than ¢’ is a cause of ¥ = e rather
than ¢’. The most general case is therefore 7(V, ((C, ¢, c), (E, e, €e’))), where C CY; E C V,;
c,d € [[gecr(Ci)iand e € € [[g cpr(E)).

The results of these queries are usually checked by hand on a few examples. Some efforts have
been made to collect all of the vignettes in one place. Paul and Hall (2013) provide a convenient
overview of many neuron diagrams. However, they only focus on causation within the graphs and
rarely accompany them with natural language vignettes. Zhou (2017) comes closest to the current
project. They collect vignettes from three sources: Paul and Hall (2013); Weslake (2015); Giordani
(2016). However, what is collected here are merely the DAGs without any context for the vignettes.
Furthermore, the format is inaccessible, and the manuscript has never been published. Kiciman et al.
(2024) tested LLMs for a variety of causal concepts. One of them was actual causation. However,
they only test if the LLM labels events as necessary causes and sufficient causes. These definitions
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are not commonly used in the actual causation literature. Furthermore, their data set is relatively
limited. They only use 15 examples, taken from Kueffner (2021). Finally, we also draw inspiration
from Weslake (2015) and Andreas and Giinther (2024), who provide an overview of their theories
in a tabular format, instead of only discussing vignettes in the main text. This makes it much easier
to see differences between theories.

2.1.4. A LANGUAGE FOR CAUSATION

Following Halpern and Pearl (2005), we introduce a formal language to talk about causation within
SCMs. A primitive event is a formula of the form X = z, for X € V and z € R(X). A causal
formula (over S) is of the form [Y <+ y]o, where Y = {Y1,...,Y;} € Vis a set of endogenous
variables with corresponding values y; € R(Y;), and ¢ is a Boolean combination of primitive
events. If Y = (), we can simply write . Intuitively, [Y < y]o means “p would hold if the
variables Y were set to y”.

To express that a causal formula ® is true in a model, given a context, we write (M, u) = 1.
Often, the values of specific variables rather than their Boolean combinations are of interest. To
express that variable X has value x in model M with context u, we write (M, u) = X = x.

2.1.5. THE HP DEFINITION OF ACTUAL CAUSATION

SCMs are useful because they allow for a simple definition of counterfactuals. For that, we remove
all incoming connections to C' and set C' = c¢*. We then propagate the values as before through
the model, following the structural equations. If this results in E getting assigned the value e*, the
counterfactual is true.

The primitive counterfactual definition fails in cases of overdetermination: if there are two
events where each by itself is sufficient for C, there is no counterfactual dependence. For example,
in Figure 1, F'/F' = 1 is symmetrically overdetermined by M D = 1 and L = 1: both individ-
ually would suffice for F'/F' = 1. Assume that we think that M D = 1 is supposed to count as
a cause of F'/F' = 1 (not an uncontroversial assumption, as mentioned above). To uncover the
counterfactual dependence of M D = 1 on FFF' = 1, we would need to consider a world where
L = 0. Counterfactual theories mainly differ in the mechanism by which they define the alternative
worlds that are tested for counterfactual dependence. Such interventions can be formalized as such:
(M,u) = [C + ¢,Y < y|(E = e), where C are the cause-variables in the antecedent of the
counterfactual with their assigned values ¢, Y are some other variables whose structural equations
are ignored, and their values set to y, and (E = e) is the effect variable and its value.

One influential theory of actual causation was proposed by Halpern and Pearl (2005), and later
modified (Halpern, 2015). We call these HP, and HP,,oq4, respectively. We introduce HP,,oq here
briefly. It consists of three conditions, two of them very simple. Assuming a model M and a query
@, condition AC1 says that the actual values of C' and E in M need to be ¢ and e. This simply
says that the potential cause and potential effect need to actually occur. AC3 says that no subset of
C can be a cause of FE by itself; this is a simple minimality condition. The heart of the definition is
AC2, which states:
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Definition 1 (AC2) There is a set W of variables in V and a setting ¢’ of the variables in C such
that if (M, u) = W = w, then

(M,u) 5 [C+ W+ w|-(E=e)*

Intuitively, first, we need to find a subset W and hold these variables fixed at their actual values.
Then, setting the cause variable(s) C' to a value different from their actual values needs to change the
value of the effect variable E. If, through this “freezing” of variables, some hidden counterfactual
dependence is uncovered, C' = c will be a cause of E = e. In our example Figure 1, MD =1
would therefore not count as a cause of F'F' = 1, since setting L = 0 is not allowed.

2.2. LLMs and Causation

LLMs have impressive abilities in a wide range of applications, including their performance on
various causal tasks. There are many papers, benchmarks, and datasets evaluating LL.Ms’ causal
inference abilities (Xiong et al., 2025; Jin et al., 2023; Frohberg and Binder, 2022; Chen et al.,
2024; Wang, 2024; Zhou et al., 2024; Chevalley et al., 2023; Zecevi¢ et al., 2023; Suzgun et al.,
2022). However, only few tests on LLMs’ abilities to detect actual causes have been performed:
Kiciman et al. (2024) as mentioned above; Suzgun et al. (2022) and Chen et al. (2024), but they use
non-standard examples and work with a different definition of actual causation, taking intentionality
into consideration; finally Zecevic et al. (2023), but they also do not contain standard vignettes. The
evaluation on 15 vignettes by Kiciman et al. (2024) seems to be the only evaluation of LLMs with
regard to actual causation on standard vignettes to date.

3. The Dataset

In this section, we present the collection of vignettes and how it might be used by researchers.

3.1. Dataset construction

We collect vignettes from significant papers on actual causation (Halpern, 2015; Andreas and
Giinther, 2024; Hitchcock, 2001, 2007a; Hall, 2007; Halpern and Pearl, 2005; Weslake, 2015; Gly-
mour et al., 2010; Beckers and Vennekens, 2018). These have been chosen according to their impact
in the field, recency, and variety. As described in section 1, the ground truth is somewhat subjective,
so for now, the current author’s intuition was used. The ground truth can be modified by users to
their own liking, as described in subsection 3.3.

3.2. Dataset description

In total, the dataset contains 58 vignettes, accompanied by 149 queries, at least one per vignette. It
is constructed with the intention of being compatible with the SCM framework. It consists of three
tables: vignettes contains one entry per vignette. variables contains an entry for each variable in
each vignette and links to the respective vignette via a foreign key. These two tables are joined ac-
cordingly when the data is loaded. Their contents are explained in Table 1 and Table 2 respectively.
queries, described in Table 3, contains a variable number of queries for each vignette, linking to the
respective vignette via foreign key.
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Table 1: Description of the vignettes table.

Column Name Example Explanation

v_id ff_disj A unique identifier for the vignette.

se_id symm_od A unique identifier for the structural equation model the vignette uses.
other_names - Alternative names of the vignette.

vignette_text The forest | A description of the vignette in natural language.

variable_order
context

title
description

origin
taken_from

equivalent_to
other_models

similar

notes

burns down if
[...]

MD,L.FF

1,1

Forest Fire dis-
junctive

Halpern 2015,
Ex. 3.1
assassin_badgirl

Bullseye (Gly-
mour 1)

A list of the variables in the order that they need to be updated in.

The setting of the exogenous variables (This is where some vignettes that
use the same structural equations can differ).

The title of the vignette in natural language.

A further description of what is going on in the example, in addition to
the main vignette_text.

Where the vignette originally occurred.

Where the natural language description and structural equation modeling
were taken from.

A list of v_id’s that are equivalent to the vignette.

A list of v_id’s that model the same vignette but with different structural
equation models.

A list of v_id’s that model similar vignettes but are not quite equivalent.

Space for other notes on the vignette.

Table 2: Description of the variables table.

Column Name Example Explanation

se-id symm_od A unique identifier for the structural equation model (multiple vignettes
might utilize the same structural model)

variable_name FF The name of the variable.

var_description Forest Fire A short description of the variable.

range 0,1 The possible values the variable can take.

default_values 0 If applicable, the default value of the variable. Can be left empty.

deviant_values 1 If applicable, the deviant value of the variable. Can be left empty.

structural_equation | MD or L The structural equation of the variable if it is an endogenous variable.

Accepts both arithmetic (“A + B”’) and logical equations (“A and not B”).
If the variable is exogenous, this field must be empty.

The format of the vignettes and queries is such that some extensions for theories of causation
can be accommodated. We implement some of them. First, we can query for compound causes,
where the potential cause consists of the conjunction of multiple primitive events. This allows us to
accommodate different intuitions about cases of symmetric overdetermination: individualism and

collectivism (cf. Schaffer (2003, p. 24)), a key difference between HP,; and HP 4.

Second, we can also consider contrastive causation, a commonly suggested extension (Schaffer,
2005; Halpern and Pearl, 2005). For HP-type theories, a contrastive cause restricts the potential
alternative values in the counterfactual analysis. For example, for HP,,oq, in condition AC2, we

4. The definition in Halpern (2015) allows the Boolean combination of events E = e here. We leave out this detail for

simplicity since none of the vignettes actually use it.
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Table 3: Description of the gueries table.

Column Name Example ‘ Explanation

v_id ff_disj Foreign key to the v_id of the vignettes table.

cause MD=1 The cause variable and its value, connected by “=". If the cause is a
compound cause, this can be connected by “and”.

cause_contrast - Optional: the contrastive values the cause variables should take, sepa-
rated by a comma.

effect FF=1 The effect variable and its value, connected by .
effect_contrast - Optional: the contrastive values the effect variable should take, separated
by a comma.

query_text Does the | The query in natural language.
dropped match
cause the
forest fire?
intuition 0 The intuitive verdict of the query, 0 or 1 (for False or True)
intuition_source - Remarks about the intuition.
notes Other remarks about the query in general.
[THEORY] e {0,1}] One column like this exists for every included theory: behaves the same
as column intuition.
[THEORY]_source | [citation] One column like this exists for every included theory: behaves the same

as column intuition_source.

could specify a specific setting C’ = ¢* and E' = e* that has to hold, rather than finding one
possible setting. In the case of binary variables, this is redundant.

Third, we add typical (default) values for each variable, which enables the implementation of
normality for “small worlds” (Halpern and Hitchcock, 2015). “Small worlds” only take exogenous
variables into account. Intuitively, a world w’ is at least as normal as world w iff there are no
exogenous variables in w’ set to values that are less normal than the actual values in w. If we want
to take normality into account, we apply this restriction in the search for suitable counterfactual
worlds.

3.3. Usage notes

The dataset is intended primarily as a tool to evaluate theories of causation, but it can also serve as a
tool for prompting LLMs. The table heads of the results of both of these can be viewed in section B.

3.3.1. EVALUATING ACTUAL CAUSATION

The most essential function to evaluate causation is evaluate_cause (). This function requires
the arguments:
* theory: the theory one wants to evaluate the vignettes with, currently possible values: “HP2005”,
“HP2015”.
* vignette: A Vignette object, as constructed from the provided data.
* qguery: A Query object, as constructed from the provided data.
» gt: the ground truth against which the evaluation results are to be compared (default “intu-
ition”, but other ones can be added manually)
* normality: A Boolean signifying whether normality considerations should be taken into ac-
count.
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In addition, we added some wrappers that iteratively apply this function and return Pandas
Dataframes for easy further processing. evaluate_all_queries () evaluates a certain theory
on all queries. reproduce_paper_results () takes a list we provide of all the examples that
were discussed in a specific paper. evaluate_non_paper_gueries () does the inverse.

To use the dataset as a tool for benchmarking LL.Ms, we can use the natural language descrip-
tions that were added for most vignettes. Via the function run_11m_queries (), vignettes are
combined with the respective query into a natural language prompt. The LLM’s answer is parsed
and turned into a Boolean. This, therefore, behaves exactly like a theory of causation: for every
Query @ in vignette V/, it yields a verdict 7(V,Q) € {T,L}. The number of queries evaluated
is smaller than the total number of vignettes in the dataset, for two reasons: First, some vignettes
are missing natural language descriptions and will be filtered out completely, and second, some vi-
gnettes have duplicate entries with different SCM formalizations. In these cases, we include only
one of the best-performing formalizations.

3.3.2. MODIFICATION

We suggest that the dataset can be used and modified by users in the following ways:

Adding vignettes and queries. The collection of vignettes is comprehensive but not exhaustive.
Researchers are welcome to add their own examples.

Adding intuitions about existing queries. Some researchers have contradicting intuitions
about the ground truth for some queries. We allow researchers to set their own ground truth for
the evaluation of queries. This is done by adding a column to the gueries table and replacing the gt
argument in any of the evaluation functions with the name of the new column.

Filter out certain vignettes. Some researchers disagree with the SCMs for particular scenarios
(for example, there are at least three versions of The Engineer, cf. Halpern (2015)). Others claim
that they don’t have sound intuitions about some queries (Lewis, 1973). In other cases, one might
only want to provide a partial theory of causation and exclude cases of isomorphism (Weslake,
2015). Such vignettes can be excluded from the evaluation.

4. Experiments

We first work through some of the results of vignettes on HP,,q, and then we compare the results
to those of some LLMs.

4.1. Evaluation of Theories of Causation

We implemented two popular theories of actual causation: HP, (Halpern and Pearl, 2005) and
HP 04 (Halpern, 2015). We demonstrate the usefulness of this new approach to evaluating theo-
ries of actual causation by going through some examples of the verdicts of HPy,oq that were not
evaluated in Halpern (2015). We pick some examples of results that contradict the intuitive verdict.
Some vignettes model the same scenario with different SCMs, and we filter out these duplicates for
the evaluation, which leaves 53 of 58 vignettes and 128 of 149 queries. Overall, HP,,oq correctly
evaluated 102 out of 128 queries, and 106 when taking normality considerations into account.

A short circuit is a certain structure where one event F' causes two chains of events, one which
by itself would cause another event E, but also another that prevents event I from happening. In
such cases, the common intuition is that F'is not a cause of ~F. HP,,q deals with short circuits by
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appealing to normality considerations (Halpern, 2015, p.8), since it falsely classifies short circuits
as cases of causation. This is a basic version of the short circuit:

Example 2 (Boulder) The boulder’s dislodgement (F) threatens to hit the hiker by a rolling boulder
(B), and at the same time provokes an action — the ducking (D) — that prevents this threat from being
effective: The hiker is not hit (E). (Andreas and Giinther, 2024, p. 18)

Figure 2: Boulder

Does the boulder’s dislodgement (F' = 1) cause the hiker’s survival (£ = 0)? HP,oq says yes:
if we choose W = {B} and set B = 1 (its actual value), E = 0 counterfactually depends on F' = 1.
The likely solution will be normality considerations, analogous to the similar example of Careful
Poisoning (Halpern, 2015, p. 8). Careful Poisoning is similar to Boulder, except in Boulder the
intermediate variable B is added. One might analogously argue that the world where counterfactual
dependence holds is the one where the boulder does not dislodge but yet threatens to hit the hiker,
which is more abnormal than what actually happens. At this point, one might criticize that there
is a need for guidelines to determine normality, but this is beyond the scope of this work. The
vignettes Extended Double Prevention, Modified Extended Double Prevention, and Safe Gun all
give false verdicts too, but all due to the same short circuit structure. By running the evaluation
with normality considerations, we find that the “small worlds” implementation cannot fully resolve
short-circuit cases.

Example 3 (Backup Threat Canceling) E faces a threat from the firing of B. C' cancels this
threat. But F' [... ] would have done so, had C not occurred. (Hall, 2007, p. 128)

A=1,B:=1,C:=1,F:=1

H:=BAN-C
D:=HAN-F
E:=AN-D

Figure 3: Backup threat canceling
This is a vignette without a natural-language description. HPpoq4 misses that C' = 1 causes

E = 1 because it cannot set the non-actual value F' = 0. HP, gives the correct verdict. This
counterexample was previously unnoticed.

10
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Example 4 (Affecting) Assassin puts poison in Victim’s coffee (A = 1). The poison, if not counter-
acted, causes a painful death (D = 1). Bodyguard puts a weak antidote in Victim’s coffee (B = 1).
The antidote is not strong enough to neutralize the poison and hence save Victim’s life, but at least
it is strong enough to render Victim’s death painless (D = 2). (Hitchcock, 2007a, p. 516)

HP,0q identifies both A = 1 and B = 1 (individually) as a cause of D = 2. We think that
a contrastive solution is favorable for both potential causes: A = 1 causes the death (D = 2 or
D = 1; in HPy,oq this is equivalent to D = 2 rather than D = 0), and B = 1 causes the painless
death rather than a painful one (D = 2 rather than D = 1). Hitchcock (2007a) observes that there is
at least an asymmetry here: the Bodyguard can only affect the outcome dependent on the Assassin’s
action. So, the symmetric treatment of A = 1 and B = 1 by HPy,0q is unsatisfying. This vignette,
to our knowledge, has also not been discussed for the HPy,,o4 definition before.

Example 5 (Shock) Two two-state switches are wired to an electrode. The switches are controlled
by A and B, respectively, and the electrode is attached to C. A has the first option to flip her switch
(A = 1). B has the second option to flip her switch (B = 1). The electrode is activated, and shocks
C (C' = 1) iff both switches are in the same position. B wants to shock C, and so flips her switch iff
A does. (Weslake, 2015, p. 17)

Here, HPy,oq cannot distinguish between the cause B = 1 and the non-cause A = 1, since
in both cases it allows freezing the other respective variable at its actual value. That is why the
theory labels both of them as causes (individually). A likely reply by defenders of HP,,oq could be
that normality will come to the rescue once more. Unsurprisingly, since this is what the equations
describe, a world where A = 0 and B = 1 could very reasonably be considered less normal than
the actual world.

4.2. Evaluation of LLMs

To prompt the LLM, we create prompts with the natural language description along with the nat-
ural language query, as specified in Appendix section A. We also run experiments with different
prompting techniques, few-shot prompting (Brown et al., 2020) and chain-of-thought (Wei et al.,
2023). We use three small open-source models (LLaMA 3.2, Ministral-3, Gemma 3)3, as well as
GPT-5.4. The vignettes that do not have a description in natural language were excluded from the
evaluation, as well as duplicates as mentioned above, resulting in only 112 queries on 47 vignettes
compared to the original 149 queries on 58 vignettes.

4.3. Comparing Theories and LLMs

The format of our data allows us to compare the performance of the theories of actual causation
with the LLM outputs very easily. We provide an overview of the performance of the implemented
theories and the tested LLMs in Table 4 and Figure 4. As noted above, we restrict to the n = 112
natural-language subset for comparison. For reference, the F1-scores for the four theories on the
full query set (n = 128, without LLM-incompatible queries filtered out) are 0.82, 0.83, 0.84, and
0.86 (in order of Table 4), indicating that the natural-language subset is slightly harder.

5. Downloaded from Ollama. Exact models: LLaMA 3.2 3B 128K (ID: a80c4f17acd5), Ministral-3 8B 256K (ID:
77300ee7514¢), and Gemma 3 4B 128K (ID: a2af6cc3eb7f).
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Table 4: Performance metrics across models. Only includes queries with an accompanying descrip-
tion in natural language (n = 112, after filtering out vignettes with missing textual description).
Accuracy is shown with two-sided Wilson 95% confidence intervals. F1-score is reported with two-
sided 95% bootstrap intervals with 2,000 resamples. p-values are from pairwise McNemar tests
against HP o4 (Normality) with a pre-specified o = 0.05.

Model | Accuracy F1-Score p-value vs. HP,oq+Norm.
HP, 0.7310.64,0.81] 0.7910.72, 0.86] 0.076
HP, (Normality) 0.75[0.66, 0.82] 0.80[0.73, 0.87] 0.134
HPp04 0.7910.71, 0.86] 0.82[0.75, 0.89] 0.250
HPp,0q (Normality) 0.83[0.75,0.89] 0.85[0.77,0.91] -
GPT-54 0.70[0.61, 0.77] 0.75[0.66, 0.83] 0.052
GPT-5.4 (CoT) 0.76 [0.67,0.83] 0.78 [0.69, 0.86] 0.541
GPT-5.4 (Few-shot) 0.70[0.61,0.77] 0.76 [0.68, 0.83] 0.064
Gemma 3 0.62[0.52,0.70] 0.7210.63, 0.79] 0.017
Gemma 3 (CoT) 0.620.53,0.71] 0.68 [0.58, 0.76] 0.009
Gemma 3 (Few-shot) | 0.67 [0.58,0.75] 0.76[0.68, 0.83] 0.036
Llama 3.2 0.47[0.38,0.56] 0.27[0.15, 0.40] < 0.001
Llama 3.2 (CoT) 0.58 [0.49, 0.67] 0.60 [0.49, 0.70] < 0.001
Llama 3.2 (Few-shot) | 0.64 [0.55,0.73] 0.69 [0.59, 0.78] 0.073
Ministral 3 0.5710.48,0.66] 0.54[0.41, 0.65] < 0.001
Ministral 3 (CoT) 0.68 [0.59, 0.76] 0.71[0.62, 0.80] 0.024
Ministral 3 (Few-shot) | 0.54 [0.45, 0.63] 0.56 [0.44, 0.66] < 0.001

1.0

B zero-shot
mm few-shot
W chain-of-thought

llama3.2

ministral-3

theory

mm theory+normality

gemma3

gpt-5.4

HP2005

HP2015

Figure 4: F1-scores on the dataset for different theories of actual causation and LLM:s.
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The best performance is achieved by the formal theories of actual causation, but the differences
between the best-performing LLMs and HPy,,4 are not statistically significant, as can be seen by
some of the p-values > « in Table 4 and the overlapping confidence intervals in Figure 4. We note
that GPT-5.4 performs best out of the LLMs, and both few-shot and chain-of-thought prompting
tend to improve the results over zero-shot prompting. However, we emphasize again that a metric
cannot replace the evaluation of a theory completely, since getting just one very clear example
wrong would disqualify it, even if good metrics are achieved.

5. Limitations and Further Work

The evaluated LLMs have likely seen many of these vignettes during training—inventing new ones
might be a worthwhile task, following Suzgun et al. (2022) and Zecevi¢ et al. (2023). One test to
measure the extent of memorization is the approach by Kiciman et al. (2024, Attachment E).

For an unbiased ground truth, not just based on the intuition of one single philosopher, a survey
on human subjects could be conducted. In this context, the current collection of vignettes might
even be a useful tool for psychologists working on causal cognition.

The statistical analysis, in particular the confidence intervals and p-values, rests on the assump-
tion that our collection of vignettes is a representative sample of all possible vignettes. While this
is certainly the goal of this task, it is unlikely to be the case. Furthermore, many of the p-values in
Table 4 are near the threshold and should be interpreted with caution, also keeping in mind that the
evaluation of actual causation cannot be reduced to a purely statistical analysis.

The collection of vignettes is comprehensive but not complete, and more can be added over
time. Compatibility with different formalisms, such as CP-logic or Situation Calculus, could be
established. This would require more theoretical work to translate the formalisms. Lastly, we only
implemented two theories of actual causation that are already very well established. Implementing
more, and in particular newer, less-examined theories, might yield even more useful results.

6. Conclusion

We have shown that evaluating a theory of actual causation with our framework is both simple and
powerful: a full evaluation runs in seconds and immediately highlights queries where the theory
diverges from intuition. Using HP,,,oq as an example, we identified previously unnoticed counterex-
amples, including Backup Threat Canceling, Affecting, and Shock. Normality (implemented via
“small worlds”) provides a modest performance boost, but other formulations of normality may
prove more effective. A precise, general formal treatment of normality therefore remains an im-
portant open problem. The LLM experiments confirm that none of the tested models reaches the
performance of either formal theory, though there is no statistically significant gap between the
best theories and the best LLMs. Above all, we hope to have demonstrated the value of encoding
theories in executable code and evaluating them systematically on a shared collection of vignettes.
We implemented two established theories and strongly encourage future work to accompany new
theories with corresponding algorithms.
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Appendix A. LLM Prompts

Zero-shot prompt:

You are an expert in causal reasoning. Your task is to determine whether one event is
an actual cause of another based on the given vignette.

Output format: Return exactly one token: YES or NO. Do not output anything else.
Scenario: VIGNETTE
Question: QUERY

Few-shot prompt:

You are an expert in causal reasoning. Your task is to determine whether one event is
an actual cause of another based on the given vignette.

Answer with ONLY “Yes” or “No”. Your answer must be exactly one word. Do not
explain your reasoning.

Here are some examples:
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ACTUAL CAUSATION VIGNETTES

Vignette: A barometer drops and then a storm occurs. The barometer reading is a
signal of pressure, not a mechanism that produces storms. Query: Is the barometer
drop a cause of the storm? Answer: No

Vignette: A match is struck near dry wood with oxygen present, and the wood ignites.
Query: Is striking the match a cause of the wood igniting? Answer: Yes

Vignette: Alice was driving her car on a clear road. Suddenly, a dog ran into the street.
Alice swerved to avoid the dog and hit a parked car. Query: Is the dog a cause of Alice
hitting the parked car? Answer: Yes

Vignette: Mark was late to work because of heavy traffic. His boss was already angry
because of a previous meeting. Query: Is the heavy traffic a cause of Mark’s boss being
angry? Answer: No

Now analyze the following:

Vignette: VIGNETTE Question: QUERY Answer:
Chain-of-Thought prompt:
You are an expert in causal reasoning. Your task is to determine whether one event is
an actual cause of another based on the given vignette.
Scenario: VIGNETTE
Question: QUERY
Think through the facts step by step.

Important output rule: After your reasoning, output exactly one final line: Final: YES
or Final: NO Use uppercase YES/NO and no extra text on that final line.
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Appendix B. Example Outputs

Table 5: Example data from evaluation results of HPoq.

v_iid query.id cause effect effect_ con- theory result witness gt_label groundtruth details agreement TP TN FP FN
trast
ff_disj ff_disj-.q0 MD=1 FF=1 HP2015 FALSE intuition FALSE TRUE 0 1 0 O
ff_disj ff_disjql L=1 FF=1 HP2015 FALSE intuition FALSE TRUE 0 1 0 0
ff_disj ff_disj.q2 MD=1 and FF=1 HP2015 TRUE Witness: W=[], intuition TRUE TRUE 1 0 0 O
L=1 w=[], x’=[0, 0]

Table 6: Example data from evaluation results with Llama 3.2.

vid  query.id cause effect effect_ con- theory result witness gtlabel groundtruth details agreement TP TN FP FN
trast

ff_disj ff_disj.q0 MD=1 FF=1 llama3.2 TRUE intuition FALSE LLM response: Yes FALSE 0O 0 1 O

ff_disj ff.disjq1 L=1 FF=1 llama3.2 TRUE intuition FALSE LLM response: Yes FALSE 0O 0 1 0

ff_disj ff_disj.q2 MD=1 and FF=1 llama3.2 TRUE intuition TRUE LLM response: Yes TRUE 1 0 0 O

L=1
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