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Abstract

Counterfactual text editing, defined as the ability to edit a text by incorporating
a hypothetical change in the scenario being described, is a core reasoning skill,
particularly relevant in domains like medicine, law and business. This task requires
causal understanding of the underlying scenario. By contrast, the task of associa-
tional text generation relies on correlational reasoning. Given a text and an altered
condition, it generates similar text that co-occurs with the alternative condition
in the training corpus. Despite the safety-critical requirement of counterfactual
reasoning skills, prior benchmarks do not clearly distinguish between these two
different modes of reasoning. We introduce Counterfactual Benchmark (CoBe): a
new testbed designed to assess the native ability of language models to perform
counterfactual edits to a given scenario. Our dataset consists of 2377 questions,
each testing counterfactual reasoning across a variety of domains in science, human
behavior, and common-sense. We test a suite of frontier and smaller models on our
benchmark, with frontier models only achieving an avg. score of 53.94%. >

1 Introduction

Counterfactual reasoning is a vital tool for understanding the world and the consequences of perform-
ing alternative actions in different scenarios [6, 27, 36, 46, 48]. Counterfactual questions such as
“would the patient have succumbed to an infection had she not been moved to the crowded ward?” or
“would oil prices be lower today if the UAE had quit OPEC one month earlier?” are integral to the way
humans think, communicate, and construct explanations for why events occurred. They form the basis
of our intuitions of ethics, regret, credit, and responsibility [23]. Counterfactuals are acknowledged
to be important for personalized decision-making [7, 43], mediation analysis [4, 47, 53], fairness
analysis [49, 64], and explainability [24, 35]. This mode of reasoning is thus also important in the
context of large language models (LLMs), given their increasing prominence as embedded tools in
modern machine learning pipelines.

Counterfactual logic belongs to the third level of Judea Pearl’s celebrated ladder of causation, also
known as the Pearl Causal Hierarchy [8, 48]. Counterfactual text editing is a specific manifestation
of a broader causal reasoning capability. Causal intelligence spans many activities, including causal
understanding, explanation, decision-making, generalization, representation learning, and causal
simulation [6, Ch. 1]. Within the Pearl Causal Hierarchy, counterfactual reasoning occupies the third
layer, involving queries about what would have happened under a hypothetical intervention, given
that some possibly conflicting facts actually occurred [6, Ch. 5, 6]. The task studied here focuses
only on a small but concrete slice of this space: whether a language model can edit a textual scenario
in a way that respects the causal semantics of a counterfactual intervention.
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Figure 1: Counterfactual edits to a text, belonging to Level 3 of Pearl’s ladder of causation, situate a
factual scenario (including fixing background factors) and reason about what would happen as a result
of a hypothetical intervention. By contrast, associational text generations belong to Level 1, and
generate alternative scenarios correlated with the altered condition (possibly changing background
factors). Note: Counterfactual scenarios need not always be intuitive or likely in the real world.

Counterfactual text editing. Building on Pearl’s structural account of counterfactuals, we define
this natural language process (NLP) task to involve three steps: (1) situating ourselves in the factual
events described in a text, and updating our beliefs about background factors that may have produced
these events; (2) imagine a hypothetical intervention (described in conversational language) on some
events which occurred in the factual scenario; (3) reason about the downstream causal effects of
enacting this change in the original scenario (given our updated beliefs about background factors),
and produce edited text reflecting this understanding.

More formally, we are given a scenario described in text 7' = ¢ (e.g., the passage describing the
shooting of Kennedy by Oswald, in Fig. 1). The Oswald/Kennedy example is a classical illustration
of the contrast between indicative and subjunctive conditionals, going back at least to Adams and
later discussions in the Stalnaker-Lewis tradition [2, 36, 55]. We use it here as a simple entry point
into the structural account of counterfactual text editing. The scenario involves events A, B, C,
where some events potentially cause others. In our example, Oswald shoots, A = 1, no one else
shoots, C' = 0, and Kennedy dies, B = 0. An example of a counterfactual edit is to ask given
that Kennedy died and Oswald acted alone, what would have happened had Oswald not shot him?
(Ans: He lives.) This counterfactual text edit involves the three steps: (1) we situate ourselves in
the given scenario (A = 1, B = 0,C = 0) and update our beliefs about any background factors
that could have produced this set of events, such as facts about Kennedy’s public schedule and
security environment; (2) imagining an external intervention that miraculously stops Oswald from
shooting, written symbolically as (do(A = 0)); and (3) producing text 7' = ¢’ that reasonably reflects
the downstream effects of this edit in the original scenario. In this example, we are thus sampling
from the distribution P(Tx—o | A = 1, B = 0,C = 0). Notably, this edit should hold fixed any
background factors and other events that are not causally downstream of the edited events. This
protocol is inspired by the 3-step process of Abduction-Intervention-Prediction formalized by Judea
Pearl [46].

Associational text generation. By contrast, associational reasoning belongs to the first level of
the ladder of causation. This task instead generates text by merely conditioning on an alternative
event to ask what scenarios are statistically likely to co-occur with the given change. For instance,
an associational query asks given that Kennedy died, what did happen if Oswald did not shoot
him? (Ans: Someone else shot him.) We are thus generating alternative text by sampling from
P(T | A =0,B = 0), possibly changing background conditions and prior events to maintain
correlation.

Counterfactual text editing is highly useful both for probing model behavior and for evaluation
and data augmentation [10, 38, 60, 62]. However, a growing body of work documents that LLMs
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Figure 2: Frontier LLMs were given two scenarios and were prompted, in conversational language, to
incorporate a counterfactual edit. Models failed to correctly account for causal dependencies among
events in the original scenario.

rely predominantly on associational signals rather than genuine causal structure, learning surface
heuristics from their pretraining distribution [32, 61] and often learning shortcuts to predict “right
but for the wrong reasons” [15, 19, 40]. This gap directly limits their causal reasoning: state-of-
the-art models perform near chance on formal counterfactual inference [12, 17], conflate temporal
precedence with causation, and fail to derive causal relations from counterfactuals, a deficiency that is
notably observed to not improve with scale [32, 33]. This gap is not surprising, since counterfactual
and associational reasoning are fundamentally different modalities and it is a known impossibility
result that Level 3 questions cannot be answered in general with Level 1 reasoning alone [6, 8].
Furthermore, recent work [50] showcases that even Level 1 reasoning of LLMs is brittle, which
supports the hypothesis that Level 3 questions are also going to be hard to answer accurately.

This gap has serious implications for Al safety and trustworthiness. Models lacking counterfactual
“what if?” capabilities produce unreliable self-explanations that humans cannot use to predict behavior
on perturbed inputs [11, 18]. In safety-critical applications such as medicine, law, and policy,
decisions hinge on hypothetical reasoning about treatments, alternative actions, and contested causes.
Reliance on spurious correlations and heuristic shortcuts risks systematic, hard-to-predict errors
[33, 34]. Even when attempting to leverage counterfactuals to mitigate harms, naive approaches can
backfire: for instance, naively augmented data can introduce new biases [30, 42, 57]. In Fig. 2, we
illustrate two instances from different task domains, where frontier models mistake a natural language
counterfactual edit query for a associational generation query and produce misaligned output.

In light of this motivation, we introduce Counterfactual Benchmark (CoBe): a benchmark for testing
the native ability of LLMs to produce causally-valid counterfactual edits to text, when prompted to
do so in conversational language (i.e. without needing prompt engineering). The key highlights of
our dataset are as follows:

» We curate a set of 2377 samples (1007 public), each containing, in natural language, (i) a short
text describing a scenario, and (ii) a set of three prompts requesting, in colloquial language, a
counterfactual edit to the paragraph.

* We provide the evaluation criteria for each question to determine the validity of LLM responses,
offering a principled and causally-grounded way of evaluating counterfactual texts, verified by
human experts.

* Our dataset covers questions in diverse domains: Health & Medicine, Science & Technology,
Economics & Finance, Arts & Entertainment, Engineering, History & Geography, and general
Human Behavioral scenarios.



* We investigate a comprehensive suite of flagship and open-source models, with results summarized
in Sec. 4.3. Notably, frontier models only score an avg. of 53.94%, highlighting significant
room for improvement.

* We taxonomize the types of failure modes we observed, and characterize the idiosyncratic error
profiles of different models. For instance, we observe that Gemini-3.1-Pro is heavily optimized
for correlational consistency, and GPT-5.4-Pro struggles to incorporate background information
from the scenario in its edits.

Our goal is to test the native ability of LLMs to counterfactually edit text with conversational prompts
articulated by lay users, without needing technical jargon or specialized prompts. We provide, to
the best of our knowledge, the first rigorous testbed, grounded in formal causal semantics and with
high-quality evaluation criteria, for this capability. To the best of our knowledge, we are also the first
to characterize the distinct error-profiles of different models on this important task.

Further, our evaluation criteria allow for multiple valid responses that respect counterfactual semantics,
and works in the domain of narrative stories expressed in natural language. This allows CoBe to be
seamlessly integrated as a training signal into pipelines designed to improve LLM reasoning. As we
point out in the next section, several of pre-existing methods either (a) bypass narrative stories and
focus on formally-verifiable domains like math and code; or (b) rely on very simple causal narratives
with single crowdsourced answers that may leave such training methods brittle.

2 Related Work

We discuss below relevant prior work Table 1: Comparison to prior benchmarks.
grouped under common themes. In Ta-
ble 1, we compare these to our bench-  Prior work

Ctf-editing Narrative Complex Generative Expert/formal

. A 3steps  scenarios graphs task verification
mark, CoBe, across five dimensions:
does the benchmark (1) ground itself ~General benchmarks X / - / ’
. . e TimeTravel [51] v v X X X
in rigorous 3-step definition of coun-  ~gag17) X v _ X X
terfactual text editing (see Sec. 1 for cradder [31] v X X v v
a definition); (2) test understanding of CoBe (our work) p 9 p p 7

narrative stories (vs. mathematics or
coding questions phrased in text); (3) use complex causal structures, (e.g., involving unobserved
confounding); (4) evaluate text generation (vs. multiple choice selection); and (5) include evaluation
criteria verified by experts or formal solvers (vs. crowd-sourced).

General benchmarks. It is now standard for newly-released model cards to describe performance
on general benchmarks like MMLU [25], BigBench [54], GSM8K [14], MATH [26], ARC-AGI
[13], HellaSwag [63], GPQA [52], BigBenchHard [56] etc., which test a combination of domain
knowledge, and abstract and common-sense reasoning skills. Given that counterfactual logic is a
key component of reasoning, some of these baselines do occasionally test this skill, albeit in an
indirect and non-rigorous way, pointing to a gap in the literature of a test for making valid and
formally-grounded counterfactual edits to a text.

Counterfactual story rewriting. The closest related benchmark is 7TimeTravel [51] which tests the
ability to rewrite a simple story based on a counterfactual edit. This and related benchmarks like ART
[9] and PASTA [21] are built on top of the seminal ROCstories dataset [41], which contains a corpus
of 5-sentence stories that are restricted to follow a simple chain-like causal structure, often with a
single event/actor, making interventions easy to assess. Further, these works rely on crowdsourced
answers instead of expert-evaluation. Finally, and crucially, TimeTravel evaluates responses by
computing BLEU score w.r.t a single correct answer for each counterfactual edit. As later work notes,
evaluation metrics used in TimeTravel only correspond weakly with counterfactual validity [37].
Our benchmark’s evaluation criteria are designed to permit multiple valid answers, making CoBe a
seamless addition to in-context learning and post-training pipelines for improving model reasoning.

Counterfactual editing (other domains). A related line of work tests some aspects of causal
reasoning in LLMs in Pearl’s structural AIP sense, albeit in domains other than narrative rewriting.
Notably, CLadder [31] and CounterBench [12] test symbolic causal reasoning capabilities using
diverse graphs and formal causal queries, translated into natural language. Executable Counterfactuals
[58] tests this capability in the domain of code and math problems. Such works currently sidestep
natural language stories as evaluation in prose is challenging. This is the gap addressed by CoBe.



Table 2: Dataset statistics. Table 3: Domain types. Table 4: Graph types.
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Figure 3: The types of underlying graphs that determine the interaction of variables in a story.

3 CoBe: A Dataset for Reasoning Counterfactually about Text

Our aim is to curate a high quality dataset, containing textual scenarios that meet the following
criteria: (a) each scenario describes a set of events using conversational language; (b) the scenarios
span a diverse range of domains, some of which may require factual knowledge to understand; (c)
the scenarios involve a variety of causal dependency templates among events; and (d) each story is
paired with a counterfactual edit request, phrased in conversational language, and accompanied by
formally-grounded evaluation criteria that check the counterfactual validity of a response (instead
of checking for any particular answer). In this section, we discuss dataset construction, and provide
statistics of key dimensions.

3.1 Dataset Construction

As a first step, the authors manually crafted a core set of text examples. This core set was designed to
capture a wide variety of scenarios, with no restrictions on sentence structure or storyline, except that
the scenario needed to describe a set of events that have a clear causal relation among them (e.g., it
should be self-evident that event A in the scenario is/is not caused by event B). This core set was
subsequently filtered to remove scenarios where causal relations were ambiguous. Each scenario in
the core set contains the following attributes:?

e Variation text: following the notation in Sec. 1, this is the text 7" = ¢, describing the original
scenario prior to counterfactual edit.

e Domain: a metadata tag used to group scenarios into domains, summarized in Table 3.

* Query: this field contains three ways of asking a counterfactual “what if?” question, described in
more detail below.

* Representative answer: a sample of a valid response to the query, for reference (multiple
valid answers are possible).

e Evaluation criteria: the criteria we use to judge whether a response is a counterfactually
valid edit to the text, described in more detail in Sec. 3.2.

Query. Following the notation in Sec. 1, given a textual scenario T’ = ¢ containing some event(s)
A = d/, a counterfactual edit query asks what would the text read if we were to hypothetically
intervene in the original scenario to fix A = a. Le., it asks for a sample drawn from P(T4—, | A =
a’). We phrase this request in three ways per scenario, using the following syntax:

- (A) “Rewrite the original text, based on what would have happened instead had...<intervention>.”

- (B) “Based on the preceding text, rewrite the scenario to reflect what happens if ...<intervention
had occurred>.”

3 An example scenario in JSON format can be found in App. A.2.



- (C) “Rewrite the above passage to illustrate what would have occurred had ...<intervention>.”

These phrasings were crafted to elicit the natural interpretation of a counterfactual edit, following
standard subjunctive “would have” grammar [28, 59] (see also [2, 36, 55] for a seminal discussion
of why the subjunctive mood intuitively evokes counterfactual reasoning). By averaging scores for
responses to all three queries per scenario, we reduce any ambiguity that the question is intended
to be interpreted counterfactually, in the sense of the 3-step definition discussed in Sec. 1. We also
verify human agreement with our ground truth labels in App. C.3.

Augmentation. Each example in the core set was subsequently augmented to generate variations
of the same theme across different domains using LLM assistance to increase diversity of sentence
structures, clause reordering, and domains. Each augmented set was manually verified by the authors
for coherence and unambiguity. In total, we curated a set of 2377 high-quality textual scenarios, with
key statistics shown in Table 2.

Graph variety. Unlike previous counterfactual text editing datasets, CoBe ensures variety across
different causal structures that connect events in each scenario, as listed in Fig. 3 and Tab. 4.

Notation. Each scenario in the dataset is numbered as XXXvYY, where XXX corresponds to the
original core set example ID that was used as an inspiration to generate this variation (v), and YY
represents the variation ID for that particular sample among all the other variations generated for the
XXX’th core set ID, indexed starting from 1, for example 307v8.

3.2 Evaluation Criteria and Error Types

For each scenario in the dataset, the Evaluation criteria are crafted to check whether an LLM’s
response to the query is a valid counterfactual edit. This is a concrete implement of the 3 steps of the
counterfactual text editing task formally defined in Sec. 1. We discuss even more fine-grained failure
modes in Sec. B.1.

Each string in Evaluation criteria checks for one of five error types in the LLM response. Any
of these five errors renders the response an invalid counterfactual text edit, as it violates the 3 steps
involved in the task definition (Sec. 1). Examples of each error type are linked in parantheses:

1. Wrongly editing events that are not downstream: The first string in Evaluation criteria
lists all the events in the original scenario that should not change in the LLM response, since they
are not causally downstream of the intervention (e.g., 116v1).

2. Not editing downstream variables: The second string lists in Evaluation criteria all the
events in the original scenario that ought to change in the LLLM response, since they would be
causally affected by the intervention (e.g., 325v12).

3. Wrong connectors: This is a system-level check, whether the response fails to appropriately
update connector words like because of, since, but, fortunately etc. For instance, not changing
due to to despite when the counterfactual edit implies a flip (e.g., 114v4).

4. Quantitative inconsistency: In certain scenarios, the intervention should logically result in edits
where a particular quantity is going up or down. This is a special case of error type 2, where the
direction of a causal effect should align with the counterfactual edit (e.g., 315v17).

5. Latent factors inconsistency: In certain scenarios, there are unobserved latent variables implied
by the text, which need to be held fixed across the counterfactual edit. They are never downstream
of the intervention, so should not be changed (e.g., 126v7).

4 Evaluation

4.1 Model Suite

We benchmark three recent flagship models, GPT-5.4-Pro [44], Claude-Opus-4.7 [3], Gemini-3.1-Pro
[22]. We also include several open-source models to get a better understanding of how much of a
role scale plays in developing causal reasoning abilities. We test Llama3-8B [16], Mistral-7B [29],
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Figure 4: An end-to-end pipeline for evaluating two LLMs on an example from the CoBe dataset.

Table 5: Performance of models averaged across three queries.
Claude Llama3 Mistral
52424252 33.55+160 34.08+423

GPT
55.70+1.64

Gemini
53.71 +2.02

Metric
Acc. (%)

Phi
43.92+1.83

Gemma
48.48+232

Qwen
36.32+2.62

Owen-7B [5], Phi-4 [1], and Gemma-27B [20]. Overall, the total number of models benchmarked is
eight, incorporating various scale, training paradigms, and modeling techniques. For brevity, we refer
to models by name only hereafter.

4.2 Pipeline

We first generate responses from the models for each combination of Variation text and Query,
as depicted in Fig. 4. Then, we evaluate the counterfactual text based on five different criteria in
Evaluation criteria. Specifically, we use Claude-Opus-4.7 to determine whether the response
aligns with each evaluation criterion. Finally, we determine the correctness of the response by labeling
it as correct if it aligns with all evaluation criteria, and wrong otherwise.

We note that despite the proliferation of complex mathematical metrics, there is a deep vulnerability in
prior approaches to evaluating counterfactual texts to assess open-ended generation over an expansive
space. Pattern matching or semantic similarity metrics like BLEU [45], ROUGE [39], and MoverScore
[65] among others rarely correlate strongly with human judgments of validity [60]. Naive human
evaluators are highly sensitive to pragmatic and semantic flaws, personal biases and superstitions,
logical leaps, and subtle narrative contradictions. The task of evaluating counterfactuals is challenging
due to the inherent nature of task allowing for a distribution of answers to be correct as opposed to
a single ground truth. As discussed in Sec. 3.2, our benchmark pipeline offers a principled way of
assessing the correctness of the counterfactual texts.

Human agreement. We conduct human agreement experiment to assess the reliability of our
evaluation pipeline, with three independent expert human raters. Our LLM-Judge shows a high
agreement with human raters, providing sufficient statistical confidence to scale the evaluator across
the broader benchmark. See App. C.3 for details.

4.3 Results

Overall results (Tab. 5). We investigate the benchmark performance of the models averaged
across three different query phrasings described in Sec. 3.1. We observe that all models fail to show
strong performance, where the highest accuracy is only 55.7%, highlighting the brittle nature of the
counterfactual reasoning capabilities of modern LLMs.

An intriguing observation is that the performance of Gemma-27B is close to flagship models (e.g.,
4% gap with Claude), despite it has significantly smaller number of parameters. This implies that the
gains on scaling the weights, the training cost and the model development cycle by several magnitudes
might not bring improvements on counterfactual reasoning at the same magnification. Our benchmark
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Figure 6: Accuracy across different graph types.

suggests that there need to be an explicit effort in developing systems that are natively designed to
reason better, and innovations beyond scaling are required to cross the next threshold of performance.

Performance across different evaluation criteria (Fig. 5). To analyze different types of errors in
model responses, we examine the failure rates for five evaluation criteria described in Sec. 3.2. The
general trend of models being prone to making incorrect edits to the non-descendant variables (E1 in
Fig. 5), perhaps due to mistaking correlational relationships it has observed in the training data as
cause-and-effect relationships, seems consistent across the board. Comparatively, the errors due to
not editing the downstream variables (E2) or using the wrong connectors (E3) are generally lower.

Among the frontier models, GPT does the worst on interventions when numerical changes are
expected (E4), compared to Gemini and Claude, latter of which does remarkably well, as does
Llama. On investigating the errors due to not keeping latent factors invariant across the factual and
counterfactual world, (E5) we observe the superiority of large-scale frontier models compared to the
open source models. We hypothesize this is due to larger models having a better understanding of
unobserved factors in the given context, as opposed to the models with the fewer parameters.

Performance across different graph types (Fig. 6). The differences in accuracy of different
models across varied graph types show that the models are fallible to misinterpret correlated graphs
as cause-and-effect graphs, illustrating the behavior of LLMs that primarily rely on associational
knowledge. Furthermore, the performance is also noticeably lower for Diamond-like and Fork-like
graphs, indicating that models struggle with consistently propagating effects of interventions across
different downstream branches.

Performance across different query phrasings (Fig. 7) and domains (Fig. 8). We investigate
how different query phrasings and different domains impact the performance of models. By looking
at three paraphrased versions of the same query, and comparing results per query-type illustrates
that there is negligible difference in performance across different query phrasings. This implies
that the high failure rates of models are likely due to their inherent lack of counterfactual reasoning
capabilities, rather than misinterpreting the query. Similarly, we observe that the differences of the
model performances across varied domains are insignificant. This corroborates that the failure of the
models in counterfactual text editing does not primarily stem from lack of specific domain knowledge,
but rather innate inability to generate appropriate counterfactual edits across the board.
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Figure 8: Accuracy across different domains.

Model biases. Among the flagship models, Claude seems to be performing the best on numerical
changes, but struggles on maintaining the latent state constant for the factual and counterfactual
worlds. Furthermore, while Gemini is exceptional at maintaining coherent grammatical structure,
it suffers from making slightly more upstream changes. GPT seems to be most error prone when
dealing with scenarios involving updates in numerical quantities but does better than average on
refraining from changing the non-descendant variables, which suggests it might actually be less
reliant on purely observational data. Different characteristics of models when sliced across different
axes reveal insights that would have been hard to gain otherwise from a black box setting. This is one
of the examples of how CoBe could be better used for understanding model behavior.

5 Limitations and Future Work

The task of counterfactual text editing is one specific example of counterfactual reasoning, and
solving our benchmark should not be read as the sign of achieving general counterfactual reasoning
capabilities. Yet, we believe our benchmark would serve as a stepping stone towards building models
capable of counterfactual reasoning and opens the door for fruitful future research. Another limitation
is that the form of manual creation of samples could introduce human biases, where we aimed to
address such biases by ensuring the diversity of dataset in terms of domains, query phrasing, etc. A
natural future direction is extending the benchmark to different domains, e.g., agentic environments.

6 Conclusion

We introduce CoBe, a principled and causally-grounded approach to benchmarking the causal rea-
soning capabilities of LLMs via the task of counterfactual text editing. We construct a diverse and
expansive dataset, covering scenarios from varied domains, with different underlying graph structures
and inducing novel failure modes. The dataset is structured in an easy-to-use format that should
aid researchers in investigating these blind-spots and developing better systems. We hope CoBe is
a valuable asset to the research community, and prompts the development of more causally-aware
models.
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A Reference

In this section, we first provide several examples of LLM responses, along with the evaluation criteria
used for the scenario, representative answer, and judgment reasoning (App. A.1). Then, we provide a
sample JSON format in our dataset (App. A.2).

A.1 Examples

From App. A.1.7 to App. A.1.9, we highlight some of the examples that were evaluated as invalid
counterfactual edits. In App. A.1.10, we show an example that was evaluated as valid counterfactual
edit.

A.1.1 Sample Failure 1

Text: Alonso is bad at backgammon, but he rolled good dice, so he won the game.

Query: Rewrite the original text, based on what would have happened instead had Alonso
been good at backgammon and lost the game.

Claude Opus 4.7 Output: Alonso is good at backgammon, but he rolled bad dice, so he lost
the game.

Sample Representative Answer: Alonso is good at backgammon, and he rolled good dice,
but he lost the game.

Evaluation Criteria: Should NOT change: He rolled good dice.

Should change: Alonso is bad at backgammon. He won the game.

Judgment Reasoning: Being good at a game and being lucky are independent variables,
Alonso could lose the game due to unseen external factors like a really brilliant opponent.

A.1.2 Sample Failure 2

Text: Sending a green wedge of citrus skittering across the floor, the bartender bumped the
cutting board while mixing a classic Margarita.

Query: Rewrite the original text, based on what would have happened instead had he been
mixing a classic Old Fashioned.

Phi-4 Output: Sending a splash of ice clinking against the glass, the bartender gently tapped
the mixing glass while preparing a classic Old Fashioned. He carefully measured the whiskey,
added a dash of bitters, and muddled a sugar cube with a twist of orange peel, ensuring each
ingredient blended seamlessly into the timeless cocktail.

Sample Representative Answer: Sending an orange wedge of citrus skittering across the
floor, the bartender bumped the cutting board while mixing a classic Old Fashioned.
Evaluation Criteria: Should NOT change: The bartender bumped the cutting board.
Should change: Sending a green wedge of citrus skittering across the floor.

Judgment Reasoning: The downstream variable should change to an orange wedge as
an equivalent but different ingredient used in Old Fashioned over the green wedge used in
Margarita due to the intervention.
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A.1.3 Sample Failure 3

Text: The crowd cheered wildly as the gymnast nailed the dismount. She held the strenuous
iron cross on the rings for 4 seconds and wore a sparkling red leotard.

Query: Rewrite the original text, based on what would have happened instead had the
gymnast held the strenuous iron cross on the rings for 3 minutes.

Gemini 3.1 Pro Output: What started as standard cheering dissolved into a stunned,
breathless silence as the gymnast defied the limits of human physiology. She held the
strenuous iron cross on the rings for an agonizing, impossible three minutes, her muscles
trembling violently beneath her sparkling red leotard as the judges stared in absolute disbelief.
When she finally broke the hold and miraculously still managed to nail the dismount, the
arena didn’t just cheer—they erupted into sheer pandemonium, completely bewildered by the
superhuman feat they had just witnessed.

Sample Representative Answer: The crowd gasped in horror as the gymnast tore a muscle
and collapsed. She held the strenuous iron cross on the rings for 3 minutes and wore a
sparkling red leotard.

Evaluation Criteria: Should NOT change: The gymnast wore a sparkling red leotard.
Should change: The crowd cheered wildly as the gymnast nailed the dismount.

Judgment Reasoning: The world record for the longest duration for iron cross on the rings is
around 40 seconds, so 3 minutes is beyond possible for any human, thus nailing the dismount
is an impossible outcome given the physical limits of the human body.

A.1.4 Sample Failure 4

Text: Walking east across the Brooklyn Bridge at 8 AM, Sato faced into the morning sun,
with the Manhattan skyline at her back.

Query: Rewrite the original text, based on what would have happened instead had Sato been
walking east across the Brooklyn Bridge at 6 PM instead of 8 AM.

Llama3-8B Output: Walking east across the Brooklyn Bridge at 6 PM, Sato faced into the
fading light of the setting sun, with the Manhattan skyline at her back.

Sample Representative Answer: Walking east across the Brooklyn Bridge at 6 PM, Sato
had the late-afternoon sun behind her, with the Manhattan skyline at her back.

Evaluation Criteria: Should NOT change: Walking east across the Brooklyn Bridge, Sato
had the Manhattan skyline at her back.

Should change: It was 8 AM. The morning sun was in front of Sato.

Judgment Reasoning: The evening sun should be in the west, which is opposite the direction
it was in the morning, so it should be behind Sato’s back and not in front.
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A.1.5 Sample Failure 5

Text: Due to the record-breaking heatwave, the server room temperatures spiked. The website
went offline for several hours because the automated cooling systems failed to handle the
thermal load.

Query: Rewrite the original text, based on what would have happened instead had the server
room temperatures not spiked.

Qwen-7B Output: Due fo the record-breaking heatwave, the server room temperatures
remained stable thanks to the reliable performance of the automated cooling systems. As a
result, the website continued to operate without any interruptions or downtime.

Sample Representative Answer: Despite the record-breaking heatwave, the server room
temperatures did not spike. The website stayed online because the cooling systems were not
overtaxed.

Evaluation Criteria: Should NOT change: There was a record-breaking heatwave.

Should change: The server room temperatures spiked. The website went offline for several
hours.

Judgment Reasoning: The correct conjunction to use in this context is something like despite,
nevertheless etc. and not due to or because as is the case in the output.

A.1.6 Sample Failure 6

I went to the temple for a family ceremony in the morning. Someone mentioned that
parking nearby filled up early. I left the house before sunrise.

Edit the text so it reflects abundant parking all morning.

I went to the temple for a family ceremony in the morning. Someone mentioned that
there was plenty of parking nearby all morning, so I left the house after sunrise.

I went to the temple for a family ceremony in the morning. Someone mentioned that
parking nearby stayed open all morning. I left the house before sunrise.

Should NOT change: I went to the temple for a family ceremony in the morning. I left
the house before sunrise.
Should change: Someone mentioned that parking nearby filled up early.

As the ceremony is in the morning, irrespective of the availability of the parking, they
have to leave before sunrise.
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A.1.7 Sample Failure 7

Example 116v1

Because the carbon content was exceptionally high, a brittle microstructure formed
within the steel. Consequently, the alloy fractured during the high-pressure forging
process.

Query

| r

Rewrite the original text, based on what would have happened instead had the alloy
had not fractured.

| r

Claude Opus 4.7 Output

Because the carbon content was within optimal limits, a ductile microstructure formed
within the steel. Consequently, the alloy withstood the high-pressure forging process.

Sample Representative Answer

| '

Because the carbon content was exceptionally high, a brittle microstructure formed
within the steel. Despite this, the alloy did not fracture during the high-pressure
forging process.

r
\

Evaluation Criteria

Should NOT change: The carbon content was exceptionally high. A brittle microstruc-
ture formed within the steel.
Should change: The alloy fractured during the forging process.

Judgment Reasoning

The carbon content is an upstream variable which should not be affected by an
intervention to the the fracturing.

r
\




A.1.8 Sample Failure 8

Example 307v8

Faulty wiring led to distorted audio and combined with uncomfortable seating, caused
a terrible audience experience.

Query

| r

Rewrite the original text, based on what would have happened instead had there been
an excellent audience experience.

Claude Opus 4.7 Output

| r

Proper wiring delivered crystal-clear audio and, combined with comfortable seating,
created a wonderful audience experience.

Sample Representative Answer

| r

Despite the faulty wiring that led to distorted audio and the uncomfortable seating,
there was an excellent audience experience.

Evaluation Criteria

| r

Should NOT change: Faulty wiring led to distorted audio and there was uncomfortable
seating.
Should change: There was a terrible audience experience.

Judgment Reasoning

The wiring and seating are upstream variables which should not be affected by an
intervention to the experience.

7

\
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A.1.9 Sample Failure 9

The largest illegal piracy site in the world was suddenly shut down by federal au-
thorities. Meanwhile, the studio elected for an exclusive theatrical release window,
which forced all eager audiences to buy physical tickets. Opening weekend box office
revenues skyrocketed to an incredible $150 million.

Rewrite the original text, based on what would have happened instead had the studio
had elected for a day-and-date streaming release.

In an unprecedented move, the largest illegal streaming site in the world was unex-
pectedly taken down by federal authorities. Simultaneously, the studio opted for a
day-and-date streaming release, making the highly anticipated film available for digi-
tal purchase or rental. As a result, audiences worldwide were able to enjoy the movie
from the comfort of their homes, leading to a significant surge in digital sales and
rentals. The opening weekend’s digital revenue reached an impressive $100 million,
demonstrating the growing demand for flexible and convenient viewing options.

The largest illegal piracy site in the world was suddenly shut down by federal au-
thorities. Meanwhile, the studio elected for a day-and-date streaming release, which
allowed audiences to easily watch from home instead of buying physical tickets. Open-
ing weekend box office revenues limped to a disappointing $35 million.

Should NOT change: The largest illegal piracy site in the world was suddenly shut
down by federal authorities.

Should change: Meanwhile, the studio elected for an exclusive theatrical release
window, which forced all eager audiences to buy physical tickets. Opening weekend
box office revenues skyrocketed to an incredible $150 million.

Numerical change expected: Opening weekend box office revenues were lower than
$150 million.

Instead of talking about the decreased revenue from the box office, the response
talks about the digital revenue and how it was impressive. The expectation in this
counterfactual world is that the digital release should hamper the box office revenue
which is not reflected appropriately in the response.
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A.1.10 Sample Success

Using a paper bookmark to keep her place, Lisa reads a thick novel at the terminal.
Her connecting flight has been delayed by three hours.

Rewrite the original text, based on what would have happened instead had Lisa
watched a movie on her laptop.

Here are a few ways to rewrite the text, depending on what specific detail you want to
focus on:

Option 1 (Directly mirrors the structure of the original): Using a pair of
headphones to block out the noise, Lisa watches a movie on her laptop at the terminal.
Her connecting flight has been delayed by three hours.

Option 2 (Mirrors the “keeping her place” aspect of the bookmark): Hitting
the spacebar to pause her screen whenever announcements chime, Lisa watches a
movie on her laptop at the terminal. Her connecting flight has been delayed by three
hours.

Option 3 (Focuses on the reality of using electronics at an airport): Sitting
close to a wall outlet to keep her battery charged, Lisa watches a movie on her laptop
at the terminal. Her connecting flight has been delayed by three hours.

Should NOT change: Her connecting flight has been delayed by three hours.
Should change: Using a paper bookmark to keep her place, Lisa reads a thick novel at
the terminal.

All of the options correctly incorporate the fact that Lisa shouldn’t be using a book-
mark as she is not reading a novel anymore, and correctly reflects the effects of the
intervention. Furthermore, the independent variable of her flight being delayed is
correctly maintained consistently by all of the outcomes, thus no non-descendant
variables are affected by the intervention. The filler text before the actual responses is
also ignored in the evaluation criteria.
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A.2 Sample JSON

"Core Set ID": 307,
"Variation ID": 8,

"Domain": "Music",

"Variation text": "Faulty wiring led to distorted audio and combined
with uncomfortable seating, caused a terrible
audience experience.",

"Query": [

"Rewrite the original text, based on what would have happened
instead had there been an excellent audience experience.",

"Based on the preceding text, rewrite the scenario to reflect what
happens if there had been an excellent audience experience.",
"Rewrite the above passage to illustrate what would have occurred
had there been an excellent audience experience."

]’

"Representative answer": "Faulty wiring led to distorted audio and
combined with uncomfortable seating, still
the audience experience was excellent.",

"Evaluation criteria": [

"Faulty wiring led to distorted audio and
there was uncomfortable seating.",
"There was a terrible audience experience."
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B Dataset Details

In this section, we discuss failure modes that represents semantic categorization of failure cases
(App. B.1).

B.1 Failure Modes

We expand on the error modes discussed in Sec. 3.2, to take a closer look at the causes of failures in
the generation of valid counterfactual edits. The expanded failure modes are useful to determine the
characteristics of model performance across these different axes, that encode unique blind-spots in
the counterfactual reasoning abilities of models. These failure modes are manually-crafted and the
failures mapped according to the semantically closest failure mode.

1. Mistaking causal connection for logical dependency: Variables with a causal connection are
incorrectly deemed to have a collapsed relationship such that a particular value determines the
value of the other completely (e.g., 116v1).

2. Mistaking correlation for causal connection: Variables that are independent being incorrectly
encoded as having a cause-and-effect relationship, or scenarios where the cause and effect are
flipped (e.g., 311v20).

3. Ignoring causal connections: Not propagating the effect of the interventions appropriately to
downstream variables (e.g., 325v12).

4. Not understanding physics/chemistry/biology: The counterfactual story does not adhere to
the scientific laws, which need to be implicitly encoded to when considering the effects of the
intervention (e.g., 153v1).

5. Not inferring/fixing latent conditions: The unobserved variable values inferred from the
environment are not held consistent in the counterfactual world (e.g., 126v7).

6. Wrong causal implication: The grammatical components of the sentence, particularly the
connectors like so, and, but, therefore which preserve or negate the flow of logic from one clause
to the other are not appropriate for the counterfactual sentence (e.g., 1 14v4).

7. Not relying on the appropriate variables as a causal reason: An independent variable, say C,
or just a single parent, say D is used to determine the value of a variable B, when only its parent
A should (also) have been used (e.g., 403v20).

C Evaluation Details

In this section, we first describe the infrastructural details on the evaluation in App. C.1, and then
provide the prompts used for assessing each each evaluation criteria in App. C.2. We also provide the
details of human agreement in App. C.3, and then discuss additional results in App. C.4.

C.1 Infrastructure

For the open-source models the responses were generated using one or two NVIDIA H100. For the
frontier models, we generated the responses using API keys. Wherever thinking-mode or reasoning-
effort or an equivalent parameter is available we activate it and set it to medium or the default
applicable.

C.2 LLM-Judge prompts

Because the LLM-Judge evaluation pipeline is based on finding invalid counterfactual edits as
opposed to matching to a ground truth sample, our evaluation is robust to varied responses generated
by the LLMs and focuses on the relevant content. The LLM-Judge is robust to models outputting
unnecessary additional text, outputting multiple possible scenarios and generating long complicated
responses. See example 217v10 for reference. This is one of the strengths of our setup, where LLMs
aren’t wrongly penalized for straying from the exact presentation of the response expected, but only
penalized when the content does not align with the expectation.

The prompts provided to the LLM-Judge for evaluating the responses are provided below:
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Criterion: "Every causal connector in the rewrite accurately
reflects the causal relationship described."

Mentally list each causal connector (so, thus, therefore, but,
however, consequently, as a result, etc.). T only if every
connector signals the correct causal direction; F if any connector
implies a wrong or reversed relationship. If there are no causal
connectors, reply T.

Your entire reply must be exactly one character: T if the criterion
passes for that question type, F if it fails.

Rewrite:
$response_text

Short examples (your entire output is exactly one letter):

Facts that should be UNCHANGED - criterion says pipe
leaking and floor wet; rewrite keeps leak but floor is dry - F

Criterion (facts that should be UNCHANGED) :
|I$eq1|I

For each claim: T only if still present and correct in the
rewrite, F if missing or changed.

Your entire reply must be exactly one character: T if the criterion
passes for that question type, F if it fails.

Rewrite:
$response_text

Short examples (your entire output is exactly one letter):

Effects that should be CHANGED - criterion says brakes failed
and car hit wall; rewrite has brakes engaged and car safe - T

Criterion (effects that should be CHANGED):
||$eq2||

For each claim: T only if changed or removed in the rewrite, F
if it still holds as in the original.

Your entire reply must be exactly one character: T if the criterion
passes for that question type, F if it fails.

Rewrite:
$response_text
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C.3 Human Agreement

C.3.1 Setup

To validate the use of an LLM as a scalable evaluator for our dataset, we first established a robust
human baseline. We randomly sampled 100 instances from the counterfactuals generated by one
of the models in the model suit for a particular variation and query. This is exactly the same
information that we provide to our LLM judge. We then assigned three independent expert human
annotators to rate each instance as Yes or No based on whether they thought the LLM Response to the
counterfactual query was in accordance with the rubric. The inter-rater reliability among the human
annotators yielded a Fleiss’ Kappa of 0.5, indicating moderate agreement. This reflects the inherent
ambiguity and difficulty of the evaluation task. A definitive ground truth for these 100 instances
was then established via a strict majority vote. There was unanimous agreement on 65% of samples,
highlighting that certain counterfactuals are easy to judge, but a significant number of them still are
ambiguous.

The human rating was also done in a few-shot manner to appropriately mimic the LLM-as-a-judge
pipeline. The prompt and rubric provided to the human raters is as follows.

Hello!

Thanks for agreeing to be one of the human raters for helping us
understand the counterfactual reasoning capabilities of modern large
language models. The goal of this short (7 15-20 mins) activity is to
get human opinions on outputs produced by querying LLMs with certain
interesting counterfactual queries.

You would be provided with 25 short conversations with an LLM, and
you are to judge whether the LLM output is correct. In each
conversation you will be provided with the following:

Original Context (T
events and outcomes.

t): a paragraph describing a scenario with some

Query (T_x = t’> | T =t, X = x’): A natural language question that
asks how the original story (T) would have changed if one of the
original events/conditions (X = x’) was instead fixed by external
intervention to be different (X = x).

LLM OQutput (T = t’): the response from a model to the original
context and query.

For each conversation, your task is to judge whether the LLM Output
(T=t’) is a valid answer to the Query (T\_x = t’> | T =1t, X = x’).
In other words, if the original story is altered by external
intervention, would the LLM Output be a valid counterfactual
scenario?

Note: while the Query has a fixed technical interpretation, there

could be multiple valid answers to this Query. You are to evaluate
whether the LLM Output is reasonable given the original context.
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Please mark "Yes", if you think the LLM Output is

(a) factually consistent with the Original Context; (b) incorporates
the external intervention mentioned in the Query; (c) appropriately
reflects downstream changes following from the intervention,

without affecting causal non-descendants; and (d) does not change any
causal implications from the Original Context, such as by using
wrong connectors (e.g. ‘‘due to X’’ instead of ‘‘despite X’’).

Please mark "No", if you think the LLM Output is (a) factually
inconsistent with the Original Context; or (b) does not appropriately
incorporate the external intervention from the Query, or reflect this
edit in causally downstream events; or (c) changes events that are
not causal descendants of the intervention; or (d) changes causal
implications from the Original Context, such as by using wrong
connectors (e.g. ‘‘due to X’ instead of ‘‘despite X’’); or (e)
hallucinates or produces incoherent output.

Please use the "Other" option sparingly and add comments and
justification, whenever a clear Yes/No answer is not provided.

EXAMPLE 1

Original Context: Due to the storm, the school declared a snow
day. Because they were not in class during the day, the kids were
able to go outside and go sledding while the sun was up.

Query: Rewrite the original text, based on what would have happened
instead had they not been granted the snow day.

LLM Output: Despite the storm, the school did not declare a snow day.
Because they were in class during the day, the kids were unable to go
outside and go sledding while the sun was up.

Human Evaluation: YES - the LLM Output is correct. It incorporates
the intervention and downstream changes, does not change
non-descendants, and correctly edits ‘‘due to’’ to ‘‘despite’’.

EXAMPLE 2

Original Context: Due to the clear skies, the hawk was able to see
and catch the mouse from a distance. As a result, the wolf was
unable to find something to eat that night.

Query: Rewrite the original text, based on what would have happened
instead had the wolf been able to find food.

LLM Output: Due to the cloudy skies, the hawk was unable to see and
catch the mouse from a distance. As a result, the wolf was able to
find something to eat that night.

Human Evaluation: NO - the LLM Output is wrong. It changes

prior events when incorporating the intervention.

C.3.2 LLM Judge Alignment and Statistical Significance

We then processed the same 100 sampled instances through our LLM-as-a-judge pipeline using a
few-shot prompt.
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Figure 9: Accuracy across different failure modes.

The LLM achieved an Accuracy of 77%, Precision of 95.8%, Recall of 68.7% and F1 Score of 0.8
against the human majority. More importantly, to account for random chance in a binary classification
task, we calculated Cohen’s « between the LLM and the human majority, resulting in £ = 0.55.
This demonstrates that the LLM achieves a level of inter-rater reliability with the consensus that
outperforms the human-to-human reliability (0.55 vs 0.50). Given the sample size (N = 100),
this agreement provides sufficient statistical confidence to scale the evaluator across the broader
benchmark.

Comparing the LLM to each individual human provides insight into whose style of grading the LLM
is most closely mimicking. LLM vs. Rater 1: 0.419 (Moderate Agreement) and LLM vs. Rater 3:
0.393 (Fair Agreement) are lower than LLM vs. Rater 2: 0.566 (Moderate Agreement), which further
highlights the subjective nature of evaluation in this task. Despite the subjectivity, there is moderate
agreement which re-inforces the reliability of the system.

C.3.3 Inter-Human Agreement

Breaking down the agreement between individual raters highlights the variance in human judgment
for this specific task. Rater 1 vs. Rater 2: 0.509 (Moderate Agreement) and Rater 1 vs. Rater 3: 0.419
(Fair Agreement) agreements are lower than Rater 2 vs. Rater 3: 0.637 (Substantial Agreement). This
highlights that Rater 2 and Rater 3 are highly aligned with each other, but Rater 1 is a minor outlier.
Rater 1’s disagreement is pulling down the overall Fleiss’ Kappa.

C.3.4 Qualitative analysis

A detailed analysis of the confusion matrix reveals a highly asymmetric error profile. Of the 23 total
disagreements with the human majority, 21 were False Negatives (the LLM predicted Wrong while
humans predicted Correct), and only 2 were False Positives. This indicates that the LLM judge
operates with a highly conservative, strict evaluation. Further qualitative investigation revealed that
the disagreement was on samples which required nuanced subject knowledge (eg. chemical reactions
with and without a catalyst) where accurate judgment is unreasonable to expect from a human across
all domains but reasonable to expect of an LLM due to its knowledge base. The other source of
disagreement were counterfactual generations with grammatical errors (eg. placement of connectors
before the appropriate clauses) or ambiguity in meaning where human raters tended to mark the
generation as correct presumably due to lack of knowledge of strict grammatical rules and constructs.
An LLM-Judge is expected, by design, to be aware of all grammatical rules and harsh on marking
ambiguous edits as wrong.

C.4 Additional results

Performance across different failure modes (Fig. 9) Investigating the performance of various
models across the fine-grained failure modes defined in Sec. B.1 reveals interesting patterns. LLMs
struggle in maintaining invariant the scientific laws established either explicitly or implicitly in the
scenario while making counterfactual edits.
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As expected the LLMs tend to mistake correlational relationships for cause-and-effect relationships
and showcase a significant failure rate in scenarios where there is a correlational relationship with the
potential to be misinterpreted.

Likewise, there are several instances of failures in scenarios where the effect of the intervention has
to be propagated to the downstream variables but the LLMs fail to do so appropriately, highlighting
that they still struggle from effectively updating the scenario to map to a valid counterfactual world
resulting from the intervention. This observation also corroborates the higher than average failure
rate for the Diamond- and Fork-like graphs as noted in Fig. 6.

D LLM Usage

LLMs were used in the project for assistance in code writing and debugging, for paper writing tasks
like phrasing. All LLM generated content was reviewed and validated by the authors. The authors
take full responsibility for all contents of the paper.
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