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Abstract
Reasoning about alternatives is a fundamental component of human cognition and argumentation, yet it remains
unclear whether large language models (LLMs) can coherently generate and assess them. This paper introduces
Counter-Hypothesis Generation (CHG), a novel task for evaluating how LLMs construct plausible hypotheses
when contextual information changes. Inspired by open-domain commonsense reasoning, where models infer and
compare multiple explanations, CHG bridges commonsense and counterfactual reasoning by requiring models to
generate hypotheses that remain logically consistent with modified premises. We present a test set annotated by a
human expert and complemented with counter-hypotheses generated by OpenAI-o3 and DeepSeek-r1. Experi-
mental results reveal that even advanced reasoning models exhibit notable limitations in counter-hypothesis generation.
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1. Introduction

In argumentation, evaluating a hypothesis often re-
quires considering alternative hypotheses or rebut-
tals that challenge an initial claim (Toulmin, 2003).
Research on mental models (Johnson-Laird, 2010)
suggests that humans reason by constructing and
comparing multiple mental representations, en-
abling them to identify relevant features and draw
inferences. This process of reasoning about alter-
natives is central to human cognition, as it allows
people to evaluate multiple possibilities and infer
causal relationships. For language models, de-
veloping a similar ability is crucial to ensure that
their reasoning remains intuitive and interpretable
to humans. However, whether current LLMs can
generate and assess such alternatives in a coher-
ent and contextually appropriate manner remains
an open question.

A counter-hypothesis is a hypothesis that states
something different from, and often opposite to, an-
other hypothesis. Counterfactual reasoning, in turn,
occurs when a person mentally modifies a prior fac-
tual event and evaluates the consequences of that
change. Counterfactual thoughts can be down-
ward, considering how the situation could have
been worse, or upward, considering how it could
have been better (Roese, 1997). Both counter-
hypothesis and counterfactual reasoning involve
contemplating alternatives to reality or to an ex-
isting hypothesis. However, while counterfactuals
concern whether an outcome is better or worse,
counter-hypotheses focus on proposing an alterna-
tive hypothesis without such evaluative direction.

Existing work on commonsense (Gordon et al.,
2012; Sap et al., 2019) and counterfactual reason-
ing (Qin et al., 2019; Tandon et al., 2019) has ad-

vanced our understanding of how models infer or
select among competing hypotheses. However,
these tasks typically rely on predefined options or
focus on causal consistency, leaving open the ques-
tion of whether models can generate coherent alter-
natives when the underlying context changes. To
address this gap, we introduce the task of Counter-
Hypothesis Generation (CHG). Given a premise–
hypothesis pair and a controlled modification to the
premise, the goal is to generate a new hypothesis
that reflects the contextual change while maintain-
ing logical and linguistic coherence. CHG thus
bridges commonsense reasoning, which con-
cerns plausibility among everyday explanations,
and counterfactual reasoning, which explores
the consequences of hypothetical alterations. By
combining these perspectives, the task provides a
new framework for evaluating reasoning flexibility
in LLMs, an essential aspect of defeasible infer-
ence and adaptive language understanding. The
main contributions of this work are as follows: (1)
we introduce Counter-Hypothesis Generation, a
task for evaluating how LLMs reason about alter-
natives under contextual changes; (2) we present
a human-annotated test set; and (3) we evaluate
OpenAI-o3 and DeepSeek-R1, highlighting their
limitations in maintaining logical consistency and
contextual adaptation.

2. Related Work

Research on reasoning and hypothesis genera-
tion in NLP has evolved along three main, comple-
mentary lines: commonsense reasoning, counter-
factual reasoning, and abductive inference. Each
addresses different facets of understanding and
generating plausible narratives or explanations. In
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Figure 1: Example from the CHG dataset.

the domain of open-domain commonsense reason-
ing, benchmarks such as COPA (Gordon et al.,
2012), and SocialIQA (Sap et al., 2019) evaluate
models’ ability to select or predict plausible alterna-
tives for everyday scenarios. These benchmarks
primarily test systems on distinguishing between
competing explanations or possible continuations.
The task in these benchmarks is to predict which
of the predefined candidate options is the most
probable, often referred to as Natural Language
Inference (NLI). By relying on these pre-defined op-
tions, these benchmarks cannot evaluate whether
generative approaches can produce their own hy-
potheses. In a related line of research, Abductive
Natural Language Inference (αNLI) (Zhao et al.,
2023) focuses on identifying or generating missing
explanatory hypotheses connecting two observa-
tions, but it does not involve modifying an existing
premise or hypothesis context. Research on coun-
terfactual reasoning centers around understanding
causal relationships under hypothetical changes.
Benchmarks such as TimeTravel (Qin et al., 2019)
and WIQA (Tandon et al., 2019) ask models to rea-
son about how altering premises affects outcomes,
emphasizing factual or causal consistency. These
tasks deepen our understanding of causality in lan-
guage but do not require models to generate alter-
native hypotheses within NLI frameworks or to han-
dle context modification in a generative manner. In
contrast, our proposed CHG task synthesizes these
perspectives. It challenges models to incorporate
contextual modifications to a base premise and to
generate coherent alternative hypotheses consis-
tent with the altered context. This task uniquely
tests models’ abilities in defeasible reasoning—the
capacity to revise conclusions based on chang-
ing information—which is a fundamental aspect of
human reasoning and decision-making (Johnson-
Laird, 2010; Byrne, 2017). By focusing on genera-
tive outputs conditioned on dynamic contexts, CHG
provides a novel approach for exploring how LLMs
adapt explanations to evolving scenarios.

3. Task Definition and Data Set
Construction

The CHG task aims to evaluate whether LLMs can
flexibly reason about alternative hypotheses when
contextual information changes. Formally, the task

takes as input a premise–hypothesis pair ⟨p, h⟩
and a modified premise p′ that represents a con-
trolled change in the original context. The model
must then generate a counter-hypothesis h′ that
remains coherent and logically consistent with the
new premise p′, while diverging meaningfully from
the original hypothesis h. This formulation captures
the cognitive process of reasoning about alterna-
tives, where humans revise conclusions in light of
new evidence or altered circumstances. Unlike tra-
ditional NLI or counterfactual reasoning tasks that
assess classification or causal prediction, CHG ex-
plicitly requires generative adaptation: the ability to
produce a new, context-appropriate hypothesis.

3.1. Data Source
We construct a new test set based on the δ-NLI
corpus (Rudinger et al., 2020), which was originally
designed to study defeasible reasoning in NLP.

Defeasible inference allows the strength of a
hypothesis H, derived from a premise P , to be
modified by introducing additional evidence. Two
types of additional statements are defined: a weak-
ener, which decreases the plausibility of H, and a
strengthener, which increases it.

The δ-NLI dataset consists of three subsets: δ-
SNLI, δ-ATOMIC, and δ-Social, each targeting dis-
tinct inference types. δ-ATOMIC emphasizes com-
monsense and event-based reasoning, while δ-
Social captures social interactions. δ-SNLI follows
the classical NLI format and is thus the most suit-
able foundation for constructing the CHG corpus.

3.2. Human Annotation Process
Each row in the dataset contains a (1) Base
Premise, which is a Premise paired with a Strength-
ener, and (2) a corresponding Hypothesis. To cre-
ate a counter-hypothesis, the premise is modified
by replacing the Strengthener with a Weakener,
resulting in an (3) Altered Premise. The Human
annotator then produces a (4) Counter-Hypothesis
that remains coherent with the Altered Premise
while diverging meaningfully from the original Hy-
pothesis. To create this dataset, each premise is
linked with a strengthener and a weakener from
the δ-SNLI dataset. By default, each weakener
is paired with a randomly selected strengthener,
under the assumption that all strengtheners can
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be used interchangeably. When there are more
weakeners than strengtheners, each strengthener
is used at least once, and then the strengtheners
are re-used at random.
In total, 822 instances were annotated by a linguist
to produce counter-hypotheses. Figure 1 shows
example pairs illustrating the correspondence be-
tween weakeners, strengtheners, and annotated
counter-hypotheses.

To assess the reliability of the human an-
notations, 100 samples were independently re-
annotated by a second linguist. The two sets of
annotations were manually compared to evaluate
the consistency of reasoning across annotators.
Human evaluation showed that 68.6% of the anno-
tations reflected the same reasoning process and
conclusion, suggesting that the weakener guided
both annotators toward similar interpretations. This
pattern further highlights the inherent subjectivity
of CHG, where multiple plausible alternatives can
be derived from a single premise.

4. LLM Evaluation

To evaluate the ability of current LLMs to per-
form counter-hypothesis generation, we conducted
zero-shot prompting using two state-of-the-art rea-
soning models: OpenAI-o3 (OpenAI, 2025) and
DeepSeek-R1 (Guo et al., 2025). This evaluation
provides an initial benchmark based on the CHG
test set to assess whether LLMs can adapt hypothe-
ses coherently when the underlying premise is al-
tered.

We designed a structured zero-shot prompt that
explicitly specifies the relationship between the
Premise, Hypothesis, and Altered Premise. The
prompt instructs the model to generate a Counter-
Hypothesis that is logically supported by the Altered
Premise and semantically distinct from the original
Hypothesis. The prompt template is shown in Fig-
ure 2.

You are given a Base Premise, its Hypothesis,
and an Altered Premise, each enclosed in < >.
The Base Premise contains a statement that
strengthens the Hypothesis ([strengthener]),
while the Altered Premise contains
a statement that weakens it ([weakener]).

Generate a Counter-Hypothesis that:
-- Is logically supported by the Altered Premise
as the Hypothesis is supported by the Base Premise.
-- Differs in meaning from the Hypothesis.
-- Does not repeat exactly what is stated
in the [weakener].
-- Is concise: at most 1 sentence and no more
than 20 words.

Base Premise: <>
Hypothesis: <>
Altered Premise: <>
Counter-Hypothesis:

Figure 2: Prompt template for counter-hypothesis
generation.

4.1. Automatic Evaluation
The counter-hypotheses generated by the mod-
els were compared with the human-annotated
references using standard n-gram-based metrics.
Specifically, we report the precision-oriented BLEU-
4 score (Papineni et al., 2002), which considers n-
grams up to n = 4, and the recall-oriented ROUGE-
L score (Lin, 2004). Since these metrics offer a
coarse measure of surface-level similarity, they do
not fully capture whether the texts convey a simi-
lar meaning. To capture the semantic similarities,
we extend our set of evaluation metrics to also in-
clude BERTscore (Zhang et al., 2020) and Sem-
Score (Aynetdinov and Akbik, 2024), two widely-
used approaches to evaluate the output of gen-
erative models that have shown to correlate with
human evaluation. Finally, these automatic met-
rics have potential for large-scale evaluation but
cannot fully capture reasoning quality or contextual
coherence. Therefore, they serve as a preliminary
quantitative reference for comparison with human
judgments.

Metric OpenAI-o3 DeepSeek-R1
BLEU-4 11.6 17.9
ROUGE-L 37.1 40.5
BertScore 0.76 0.78
SEMScore 0.61 0.62
Human Eval. (%) 41.2 52.2

Table 1: Zero-shot performance on the CHG task.

As shown in Table 1, both models achieve relatively
low BLEU and moderate ROUGE scores against
human references, indicating notable divergence in
lexical choice and phrasing. Although DeepSeek-
R1 outperforms OpenAI-o3 across all automatic
metrics, both models struggle to generate hypothe-
ses that are coherent and logically consistent with
modified premises. This suggests that surface-
level similarity alone does not reflect reasoning
quality. Human evaluation (see Section 4.2) of-
fers a more reliable perspective, with DeepSeek-
R1 attaining better performance than OpenAI-o3.
While this approach yields valuable insights, it also
highlights the need for more robust automatic met-
rics, since human evaluation is not a sustainable
long-term solution.

4.2. Human Evaluation
To gain more fine-grained insights into the ability of
current LLMs to perform counter-hypothesis gener-
ation, we designed a human evaluation that goes
beyond accuracy. Each item was evaluated along
seven dimensions, four qualitative (ordinal) and
three NLI-based (binary):
• Difference (1–3): measures how clearly the

counter-hypothesis diverges from the original hy-
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pothesis.
• Logical Consistency (1–3): evaluates whether

the counter-hypothesis is logically sound and con-
sistent with the Altered Premise.

• Fluency (1–3): captures grammaticality and nat-
uralness of the counter-hypothesis.

• Human-Likeness (binary): indicates whether
the counter-hypothesis reads as human-
produced.

• CH Neutrality (binary): checks whether the
counter-hypothesis maintains a neutral tone with-
out bias or contradiction.

• Stronger CH (binary): indicates whether the
counter-hypothesis is stronger with the weakener
within the Altered Premise.

we also considered each of the different constraints
presented in the prompt for human evaluation (Ta-
ble 2). Human evaluation indicates that 42.3% of
OpenAI-o3 outputs and 59.7% of DeepSeek-R1
outputs are logically consistent with the altered
premise. Regarding difference from the original
hypothesis, 77.7% of OpenAI-o3 and 84.3% of
DeepSeek-R1 generations diverge appropriately
from the initial hypothesis, demonstrating sensitivity
to contextual changes. However, 38.8% of OpenAI-
o3 and 28.5% of DeepSeek-R1 outputs repeat ele-
ments contained within the weakener, suggesting
that both models occasionally overfit to lexical cues
rather than performing genuine reasoning-based
adaptation.

Constraint OpenAI-o3 DeepSeek-R1
Logically consistent with al-
tered premise

42.3% 59.7%

Different from hypothesis 77.7% 84.3%
Repeats the weakener 38.8% 28.5%

Table 2: Proportion of LLM outputs under different eval-
uation constraints.

Metric Worst ∆1 Mid ∆2 Best
Difference OpenAI-o3 +0.09** DeepSeek-R1 +0.05! Human
Logical Consistency OpenAI-o3 +0.23** DeepSeek-R1 +0.02! Human
Fluency OpenAI-o3 +0.20** DeepSeek-R1 +0.04** Human
Human-Likeness OpenAI-o3 +0.39** DeepSeek-R1 +0.13** Human

Table 3: Comparative results across models on
qualitative dimensions (∗∗ = p < 0.05, ! = p ≥ 0.05).

Table 3 compares OpenAI-o3, DeepSeek-R1,
and human references across four qualitative di-
mensions. OpenAI-o3 consistently performs worst,
while DeepSeek-R1 and human outputs achieve
higher scores. Significant gains appear in Fluency
and Human-Likeness, where human annotations
remain more natural and expressive. Logical Con-
sistency and Difference also improves notably for
DeepSeek-R1, reaching near-human performance.
Overall, DeepSeek-R1 shows clear qualitative im-
provements over OpenAI-o3, though human texts
still represent the highest standard.

4.3. Agreement for Human Evaluation
To analyze the subjectivity of the human judg-
ment on sample-level, we measured inter-annotator
agreement across all evaluation dimensions.
Two annotators independently evaluated 300
counter-hypotheses (100 per source: Human-Gold,
OpenAI-o3, DeepSeek-R1). All items were source-
blinded to mitigate bias. For the ordinal dimensions,
we report Cohen’s κ with quadratic weights (κw),
which accounts for ordered rating distances. For
the binary dimensions, we report unweighted Co-
hen’s κ. We provide results aggregated across
all 300 items. Confidence intervals (95% CI) are
obtained via non-parametric bootstrap resampling.

Dimension Agreement (%) κ / κw 95% CI
Difference 55.3 0.216 [0.094, 0.337]
Logical Consistency 60.0 0.173 [0.048, 0.286]
Fluency 52.0 0.124 [0.014, 0.240]
Human-Likeness 60.7 0.260 [0.174, 0.346]
CH Neutrality 89.0 0.339 [0.157, 0.507]
Stronger CH 90.3 0.334 [0.152, 0.521]

Table 4: Inter-annotator agreement on human eval-
uation.

The results in Table 4 indicate slight to fair agree-
ment across qualitative dimensions, with compara-
tively higher agreement for the binary NLI-based
dimensions. Annotators showed the highest agree-
ment on CH Neutrality and Stronger CH, indicating
that these dimensions are more objective than the
others. The modest agreement (slight to fair) for
these categories reflects the subjectivity in evalu-
ating the quality of generated counter-hypotheses
and should be kept in mind when using the bench-
mark.

5. Conclusion

This paper (1) introduces the novel Counter-
Hypothesis Generation task to evaluate how LLMs
reason about alternatives and (2) constructs a
novel, publicly available1 benchmark test set. Initial
testing on this benchmark, through both automatic
and human evaluation, reveals that even strong
reasoning models struggle to generate contextually
coherent counter-hypotheses when the underlying
premise changes. In future work, we plan to ex-
tend the current annotation process to construct
a larger dataset for the training and evaluation of
counter-hypothesis generation models. In addition,
we aim to integrate this framework into the setting
of defeasible NLI and evaluate the role of counter-
hypotheses in generating update statements.

1https://github.com/
marzieh-abdolmaleki/CHG

https://github.com/marzieh-abdolmaleki/CHG
https://github.com/marzieh-abdolmaleki/CHG
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