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Abstract

Logical consistency in the outputs of large lan-
guage models (LLMs) is essential for extending
their applications beyond single-task assistants,
including their use in AI agent systems. Al-
though logical reasoning capabilities are often
evaluated through tasks such as mathematics
and coding, where it is feasible to assess the
correctness of outputs in a well-defined manner,
real-world problem solving requires inductive
and abductive reasoning, with an emphasis on
the ability to formulate and verify hypotheses.
When evaluating the hypothesis formulation
and verification capabilities of LLMs, the ma-
jor challenge lies in preparing a variety of tasks
with appropriate difficulty, avoiding those that
are either too easy or unsolvable. We introduce
an automated framework called HYpothesis-
Driven Reasoning Assessment (HYDRA), fo-
cusing on hypothesis formulation and verifica-
tion for real-world problem solving with logical
reasoning. In HYDRA, all components, includ-
ing situation generation, hypothesis, and evalu-
ation, are fully performed by LLMs. HYDRA’s
systematically constructed generation and eval-
uation strategies enable assessment using real-
istic, non-trivial situations that offer both diver-
sity and clear criteria. We evaluated six state-
of-the-art LLMs using HYDRA and found that
their success rates ranged from 70.3% to 93.7%,
indicating that even the best-performing model
was not perfect and still produced rubric-invalid
hypothesis–verification pairs. 1

1 Introduction

The logical reasoning capabilities of large language
models (LLMs) are a key aspect of intelligence and
are essential for LLMs to be considered true arti-
ficial intelligence (AI). Today is often described
as the era of AI agents with autonomous decision-
making capabilities, and AIs, including LLMs, are

1The code (MIT License), prompts, and generated situ-
ations (CC BY 4.0) are available at https://github.com/
hidarikawa-p/hydra-bench.

expected to take actions such as gathering infor-
mation at their own discretion (Wiesinger et al.,
2025). In this context, it is crucial for AIs to under-
stand a situation and select appropriate actions for
real-world applications. If an AI fails to organize
the information it possesses and takes inappropri-
ate actions, its ability to perform a wide range of
tasks, including accessing external systems, be-
comes meaningless—or worse, it may cause harm
greater than doing nothing at all.

Various aspects of the logical reasoning abilities
of LLMs have been evaluated in previous studies,
particularly in tasks related to mathematics (e.g.,
Cobbe et al., 2021; Li et al., 2024b; Jahin et al.,
2025) and coding (e.g., Chen et al., 2021; Jimenez
et al., 2024; Yu et al., 2025). In such tasks, all
information required to derive correct answers is
typically provided, and the correctness of the out-
puts can be assessed independently of the LLMs
themselves. In contrast, real-world problem solv-
ing does not guarantee access to all the information
needed to derive a unique solution, and decisions
often must be made when some of the relevant in-
formation is missing. In such cases, reasoning only
from the given facts is not sufficient; one must for-
mulate plausible hypotheses about what is not yet
known and devise ways to obtain additional infor-
mation that can verify them. This process relies
on inductive and abductive reasoning, and the abil-
ity to formulate hypotheses and design verification
methods is therefore essential. Having a hypothesis
allows an AI agent to take the next action aimed at
testing it, and by iteratively formulating and verify-
ing hypotheses based on previous results, the agent
can arrive at valuable insights.

Many benchmarks have also been proposed for
various domain-specific tasks (Ni et al., 2025).
These are valuable for evaluating models in applica-
tions aligned with each specific domain. However,
it is not clear whether capabilities demonstrated in
one domain can be generalized to others. For real-
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result

Figure 1: Overview of the autonomous hypothesis and verification method evaluation framework, HYDRA. LLMs
are applied in all phases, including situation generation, hypothesis and verification method formulation, and
evaluation.

world tasks, where unexpected situations may arise,
evaluating general domain-agnostic reasoning abil-
ities provides a complementary axis of assessment
to domain-specific benchmarks (Miller and Tang,
2025).

To evaluate logical reasoning abilities in realis-
tic and domain-agnostic settings, it is necessary to
prepare a wide variety of situations. If generality
alone were the only goal, then abstract representa-
tions of tasks, such as descriptions using symbols,
would be sufficient. However, in order to assess
real-world problem-solving abilities, it is also es-
sential to work with descriptions of realistic situa-
tions written in natural language (e.g., Koda et al.,
2025). This approach is commonly used in hu-
man assessments of logical thinking as well, since
demonstrating symbolic reasoning by itself does
not guarantee the ability to apply logical thinking
in practical contexts. While several studies have
assessed the deductive aspects of LLMs’ logical
reasoning abilities using a wide variety of realistic
situation descriptions (Liu et al., 2020, 2023; Yu
et al., 2020), applying this approach to the task of
hypothesis formulation and verification remains a
challenge.

In this paper, we present an automated frame-

work for evaluating hypothesis formulation and ver-
ification methods in large language models (LLMs),
called HYpothesis-Driven Reasoning Assessment
(HYDRA), as summarized in Fig. 1. The HYDRA
framework addresses the challenge of assessing
logical reasoning capabilities in a wide variety of
realistic situations by making full use of LLMs.
We also propose an interpretable evaluation strat-
egy that enables detailed analysis of these capa-
bilities. Using the HYDRA framework, we eval-
uated OpenAI GPT-5.5 Pro (OpenAI, 2026b) and
GPT-5.5 (OpenAI, 2026b), Google Gemini 3.1 Pro
(Gemini Team, 2023; Deepmind, 2026), Claude
Opus 4.7 (Anthropic, 2026), Qwen3 235B A22B
2507 (Yang et al., 2025), DeepSeek-R1 (DeepSeek-
AI et al., 2025; Guo et al., 2025), and we present
the results in this paper. We note that our evaluation
focuses on the validity of the verification design
rather than on the execution of the verification it-
self; the target LLMs are not required to carry out
the proposed verification procedures.

2 Related Work

2.1 Inductive and Abductive Reasoning

Several studies have evaluated the logical reasoning
abilities of LLMs, with a focus on inductive and
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abductive aspects (e.g., Salimi et al., 2026). Abduc-
tive NLI (Bhagavatula et al., 2020) is a multiple-
choice dataset designed to test the ability to se-
lect plausible explanations connecting two obser-
vations. LogiEval (Liu et al., 2025a), a comprehen-
sive benchmark covering deductive, inductive, and
abductive reasoning capabilities, is also based on
a multiple-choice format. Although the multiple-
choice format has the advantage of providing rigid
ground truth, the HYDRA framework presented in
this paper relies on free-form generation to assess
genuine hypothesis formulation capabilities.

In addition to multiple-choice style evaluation
benchmarks, several evaluation methods have been
proposed for assessing inductive and abductive rea-
soning capabilities without presenting predefined
answer options. GEAR (He et al., 2025a) targets
abstract symbolic reasoning tasks such as ARC
(Chollet, 2019) and ACRE (Zhang et al., 2021),
while InductionBench (Hua et al., 2025) and MI-
RAGE (Li et al., 2024a) also focus on symbolic
and abstracted induction and abduction tasks. An-
other line of research evaluates inductive reasoning
through tasks involving the discovery of mathe-
matical regularities (Ishikawa et al., 2025). The
InAbHyD (Sun and Saparov, 2025) dataset con-
sists of short sentences composed of simple subject–
predicate relationships. We focus on capabilities
relevant to real-world tasks and design the bench-
mark to use realistic situation descriptions rather
than symbolic representations.

2.2 Hypothesis Generation for Real-World
Tasks

Several studies on hypothesis generation in real-
world contexts have also been proposed. The pri-
mary concept of HypoBench (Liu et al., 2025b) is
closely related to our goal of targeting real-world
hypothesis generation; however, the task in Hy-
poBench focuses on deriving insights from struc-
tured data. In contrast, the task presented in this
paper involves generating hypotheses based on sit-
uations described in natural language.

Other studies on domain-specific hypothesis gen-
eration have been conducted, such as TruthHypo
(Xiong et al., 2025) and SHG (O’Neill et al., 2025)
for scientific hypothesis generation, as well as
those focusing on the reasoning processes of LLMs
through mind tracing (Kim et al., 2025). As shown
in the previous section, our goal is to establish a
benchmark for general real-world hypothesis gener-
ation tasks without specifying a particular domain.

3 HYDRA Framework

To evaluate the capabilities of LLMs to formulate
hypotheses and verify them, it is necessary to pre-
pare a situation description that serves as the target
condition for hypothesis generation, along with a
method for evaluating the LLMs’ outputs. Here, we
present the proposed HYDRA framework, which
includes procedures for preparing situations and
evaluating the resulting hypotheses and verification
methods. Our goal is to assess abilities related to
problem solving, and we do not adopt a multiple-
choice format, as real-world problem solving does
not provide predefined options to choose from. In
the HYDRA framework, LLMs are asked to formu-
late a hypothesis and a verification method based
on a given situation, and their free-form outputs
are then evaluated. The complete set of prompts
used in the HYDRA framework is provided in Ap-
pendix A.

3.1 Situation Generation Method

To function as a benchmark, situation descriptions
must be carefully tuned so that realistic hypotheses
can be generated, while ensuring that the task is
not too easy. In addition, a sufficient number of
situations must be prepared to reduce the influence
of randomness and uncertainty. It is also impor-
tant that the situations cover a variety of topics to
avoid domain-specific bias and to maintain the gen-
erality of the benchmark for evaluating real-world
logical thinking abilities. Although a fixed set of
situations could in principle be curated manually,
we adopt automated generation by LLMs for the
following reasons. First, automated generation al-
lows new situation sets to be produced on demand,
which mitigates the risk of data contamination once
a fixed benchmark becomes publicly available and
is potentially included in training data. Second,
if models approach saturation, the generation pro-
cedure can be rerun or adjusted to produce more
challenging situations, which helps extend the life-
time of the benchmark. Third, the set of target
domains can be narrowed or expanded according
to users’ needs, as described below, without addi-
tional manual effort. For these reasons, the role
of situation preparation is assigned to automated
generation by LLMs in the HYDRA framework.

Since hypotheses are typically unnecessary for
ordinary situations, we prompted LLMs to gener-
ate situations that slightly deviate from the usual.
However, we observed that simply asking LLMs to
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generate unusual situations often results in outputs
with almost no constraints on possible hypotheses,
making it too easy to propose one. To address
this, we introduced control by preparing a “booby
trap”: a likely but ultimately implausible origin
of the situation (origin O1), along with a plausi-
ble and solvable origin (origin O2), ensuring that
the problem remains solvable. In HYDRA’s situ-
ation generation process, the LLM first generates
an original situation, then produces two mutually
exclusive possible origins, O1 and O2. The LLM
then modifies the original situation description so
that it is consistent with O2 rather than O1, while
including a misleading detail that superficially ap-
pears to support O1. We note that the framework is
not designed to have LLMs choose between O1 and
O2, and these origins are not presented to the target
LLMs. Furthermore, although O2 is designated as
the correct origin during generation, the evaluation
does not require the target answer to match O2, and
neither O1 nor O2 is referenced when evaluating
the generated hypotheses. An example set consist-
ing of the original situation and the origins O1 and
O2 is shown in Fig. 2.

To ensure variety in situation settings, we ob-
served that the generated situations tend to be quite
similar, regardless of how many times they are
generated. To address this lack of diversity, we
specified context keywords in the input prompts
when instructing the LLMs to generate situations.
To maintain generality, we preselected a set of con-
text keywords based on the Dewey Decimal Clas-
sification (Dewey, 1876; OCLC, 2011), a widely
used library classification system that categorizes
human knowledge. We manually selected five key-
words from each of the top-level classes to ensure
topic diversity, excluding the religion class. We
excluded religion because it deals with faith and
belief, which we considered outside the scope of
logical reasoning and better addressed separately.
We also avoided keywords that specify particular
regions or cultures. As a result, we obtained 45
context keywords, as shown in Table 1. We note
that users are not required to use the 45 context
keywords in every evaluation. If users wish to fo-
cus on a specific domain or a set of related fields
of interest, they have the option to narrow down or
expand the set of context keywords accordingly.

Additionally, we used multiple LLMs to gener-
ate the set of situations. We confirmed that the
outputs differ across models even when using the
same context, which helped ensure both the quan-

tity and the variety of the generated situations.

3.2 Evaluation Method
To evaluate the free-form outputs of simulated real-
world tasks, it is not feasible to apply rule-based
methods. By analogy with human free-form as-
sessments, we opted to have an evaluator assess
the hypotheses and verification methods based on
the given situations and evaluation criteria. Con-
sidering availability and scalability, the HYDRA
framework employs an LLM-as-a-judge as the eval-
uator (Zheng et al., 2023). While this choice trades
off perfect objectivity, it enables scalable evalua-
tion across diverse free-form outputs. It has been
noted that LLM-as-a-judge strategies work well
for a variety of tasks, and that prompt design can
significantly improve the quality of LLM-based
evaluations (Li et al., 2025). Below, we present
the set of evaluation criteria included in the prompt
for assessing the formulated hypotheses and their
corresponding verification methods.

These criteria are defined based on Bayes’ the-
orem. Given a situation S (corresponding to the
modified situation described in the previous sub-
section) and a hypothesis H , we require that the
conditional probability P (H|S), the probability
that H is correct given that S occurs, is reasonably
high. According to Bayes’ theorem, we obtain the
following:

P (H|S) = P (S|H)P (H)

P (S)
. (1)

For P (H|S) to be high, both P (S|H) and P (H)
must be reasonably high, relative to the scale set by
P (S). Corresponding to these factors, we define
the following criteria:

(a) The hypothesis reasonably explains why the
situation occurs.

(b) The hypothesis is realistically plausible.

We do not consider P (S) since it depends only on
S, and we assume that S has occurred.

Furthermore, when P (H) or P (H|S) is close to
1, the hypothesis could be trivial. For example, a
hypothesis stating that a man is not married, given a
situation where the man is single, yields a certainty
that makes the hypothesis uninformative. To avoid
such triviality, we add the following criterion:

(c) The hypothesis is not almost always correct as
a general rule, nor is it almost always correct
when the situation occurs.
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A small jazz trio is scheduled for their regular Thursday night set at a neighborhood bar they've played at for years. 
When the drummer arrives 30 minutes before showtime, the stage is fully set up: microphones placed, cables neatly 
taped down, the piano lid open, and the drum rug already centered with a drum throne in place̶but there is no drum kit. 
The sound engineer is nowhere to be seen, and no one in the staff remembers anyone setting up or taking anything down. 
Nothing looks disturbed or broken, and the rest of the equipment (amps, stands, mixer) is exactly where it should be, 
leaving no obvious visual clue as to why the drums are missing or what happened to them.

Original situation

On the night of their usual Thursday gig at a neighborhood bar they've played for years, a small jazz trio walks in to find 
the stage looking exactly as if it's minutes from downbeat: microphones placed around the piano, cables neatly taped 
down, piano lid open, drum rug centered with the throne set at the drummer's typical height, and all the amps, stands, 
and mixer right where they always are. Yet there is no drum kit, and the sound engineer̶who earlier in the afternoon had 
mentioned helping out a band that was "rushing through on tour tonight"̶is nowhere to be found. The bar's owner is 
busy dealing with paperwork in the office and swears that, despite recently receiving a stern warning about potential 
noise complaints from nearby residents, no one on staff was told to change anything about the trio's setup. None of the 
employees recalls anyone rolling a drum kit in or out, and there are no signs of forced entry, missing cables, or disturbed 
gear beyond the inexplicable absence of the drums, which had been left in their usual corner after the previous week's 
show. What specific chain of events earlier that day best explains why the otherwise perfectly prepared stage is now 
missing only the drum kit?

Modified situation S

The bar's owner, trying to quietly comply with a sudden 
noise complaint threat from nearby residents without 
canceling the gig outright, arranged for the drums to be 
removed earlier that day and asked the sound engineer 
to set everything else as normal so it would look like a 
full setup until the situation is resolved.

Origin O1 (incorrect case) Origin O2 (correct case)
A touring act passing through the city had an 
emergency need for a drum kit and, with the sound 
engineer's reluctant permission and assurances it would 
be returned in time, borrowed the trio's drums between 
load-in and showtime̶but was then delayed en route 
back to the bar, leaving the meticulously prepared stage 
conspicuously drumless.

Figure 2: Example of the situation generation process, including intermediate steps, taken from the experiment
described in Section 4. The situation generator LLM was GPT-5.1, and the input context keyword was “music.”
Note that origins O1 and O2 are not shown to the target LLM.

000 Computer science, information
and general works

400 Language 700 Arts and recreation

1. Computer programming 16. Language 31. Architecture
2. Libraries 17. Foreign languages 32. Painting
3. Artificial intelligence 18. Classical languages 33. Photography
4. Magazines 19. Dictionaries 34. Music
5. News media 20. Grammar 35. Sports
100 Philosophy and psychology 500 Pure science 800 Literature
6. Philosophy 21. Natural science 36. Classical literature
7. Psychology 22. Mathematics 37. Poetry
8. Dreams 23. Physics 38. Science fiction
9. Logic 24. Chemistry 39. Novels
10. Ethics 25. Biology 40. Essays
300 Social sciences 600 Technology 900 History and geography
11. The environment 26. Health and medicine 41. Historical documents
12. Politics 27. Engineering 42. Geography and travel
13. Economics 28. Farming and agriculture 43. Ancient history
14. Education 29. Management 44. Biographies
15. Customs and etiquette 30. Manufacturing 45. Modern history

Table 1: List of the 45 manually selected context keywords used to ensure variation in situation generation. The
nine categories are based on the Dewey Decimal Classification, with five keywords selected for each category.

For the verification method, we similarly define
the evaluation criteria based on Bayes’ theorem.

Given a successful result of the verification method
V , we require that the probability of the hypothesis
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being true, P (H|S, V ), is sufficiently high. Note
that we do not require the verification method to be
perfect; specifically, P (H|S, V ) does not need to
be 1. Applying Bayes’ theorem, we have:

P (H|S, V ) =
P (V |S,H)P (H|S)

P (V |S) (2)

To make P (H|S, V ) high, we require that
P (V |S,H) is high, relative to the scale set by
P (V |S). Based on this, we define the following
criterion:

(d) The result of the verification method signifi-
cantly increases the likelihood of the hypothe-
sis being correct.

In addition, we require that the verification
method be realistically executable and that it pro-
duces a conclusive outcome (either V or not V ):

(e) It is realistically feasible to obtain the result
of the verification method.

Finally, similar to criterion (c), we require that
P (V |S) is not always true in order to avoid unin-
formative verification:

(f) The verification method does not yield nearly
the same result every time the situation occurs.

We include the six criteria (a)–(f) in the input
prompt for the evaluator LLM and ask it to out-
put an evaluation result for each of them. We then
determine the final evaluation result by checking
whether all six criteria are marked as OK. If any
criterion is marked as NG, the hypothesis formula-
tion and verification process is considered to have
failed.

4 Experiments

4.1 Experimental Settings
We present an experiment to evaluate the logical
reasoning abilities of recent LLMs through the
formulation of hypotheses and verification meth-
ods using the HYDRA framework. We selected
six state-of-the-art LLMs for this experiment to
evaluate their capabilities in formulating hypothe-
ses and verification methods: OpenAI GPT-5.5
Pro, GPT-5.5, Google Gemini 3.1 Pro, Anthropic
Claude Opus 4.7, Qwen3 235B A22B 2507, and
DeepSeek-R1. For situation generation, we used
a dataset prepared in advance before some of the
above models were released. The dataset was gen-
erated by OpenAI GPT-5.2 Pro (OpenAI, 2025a,c),

GPT-5.1 (OpenAI, 2025a,b), Google Gemini 3 Pro
(Deepmind, 2025), Anthropic Claude Opus 4.5
(Anthropic, 2025), Qwen3 235B A22B 2507, and
DeepSeek-R1. We used this dataset because the sit-
uations served only as target topics for evaluation,
and using the latest models merely for marginal
improvements in quality was not essential. All
models were accessed via API: OpenAI, Google,
and Anthropic models through their official APIs,
and the other models via Amazon Bedrock. All
configurable parameters were set to their default
values except for the maximum output length of
the Anthropic models (16,384 tokens), which must
be specified.

We constructed a list of situations for the exper-
iment using the six models, covering all the con-
texts shown in Table 1 by generating one situation
per LLM for each context (i.e., one situation per
(context, generator) pair). One instance of situa-
tion generation by Claude Opus 4.5 for the biology
context failed due to a content filter, resulting in a
total of 269 situations (45 contexts × 6 models −
1 failure). Some outputs of the situation generator
contained a title or label before the requested sin-
gle paragraph, or additional material after it, such
as answer options or statements of the intended
origins. We retained only the situation paragraph
and removed such material before presenting the
situations to the target models.

Using this dataset, we prompted each of the six
LLMs to generate a hypothesis and a verification
method for each situation using the following sim-
ple instruction: “Provide the single most plausible
hypothesis for why the following situation occurs,
along with a method of verification.” Evaluation
was conducted using the method described in the
previous section. We selected Claude Opus 4.7 as
the evaluator because it achieved the highest final
judgment accuracy among the evaluated models in
a preliminary experiment using manually prepared
hypothesis–verification method pairs. Details of
the preliminary experiment are provided in Ap-
pendix B.

To examine the effect of evaluator selection on
the results, including the effect of self-evaluation,
we performed the evaluation using another evalua-
tor model. Although we found that models tended
to evaluate themselves more favorably than the
other evaluators did, the score ranking remained
the same when the evaluators themselves were ex-
cluded. Details are provided in Appendix C.
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4.2 Results

We successfully evaluated the hypothesis formu-
lation and verification capabilities of LLMs using
the HYDRA framework and obtained the success
rates for evaluation criteria (a)–(f), as well as the
final evaluation results. Figure 3 presents examples
of both successful and unsuccessful cases of for-
mulated hypothesis and verification method pairs.
According to the evaluator, the successful pair in-
cludes a plausible hypothesis together with a rea-
sonable verification method, whereas the unsuc-
cessful pair is evaluated as having a hypothesis
judged as (b) unrealistic and a verification method
judged as (e) difficult to perform realistically.

The results are summarized in Table 2. All
LLMs successfully generated pairs for all 269 situ-
ations, and all of them were successfully evaluated.
In total, we obtained 1,614 evaluated cases. The
tested LLMs demonstrated high performance, with
average success rates above 90% for all six criteria.
Notably, all models achieved perfect or nearly per-
fect scores on criterion (c), indicating that they did
not produce trivial or uninformative hypotheses in
most cases.

In contrast, the average success rate for the final
result remained relatively low at 84.9%. This gap
suggests that in many failure cases, only one crite-
rion was not satisfied. For example, a hypothesis
might explain the situation but lack realism (crite-
rion (b) failure), or the verification method might
be impractical despite a reasonable hypothesis (cri-
terion (e) failure). Such single-criterion failures
accounted for 13.6% of all cases, while failures
involving multiple criteria occurred in only 1.5%.
These results highlight the inherent difficulty of the
hypothesis and verification method formulation.

Among the evaluated models, GPT-5.5 Pro
achieved the highest final success rate, at 93.7%.
GPT-5.5 Pro has been reported to perform well
on several benchmarks, and it also demonstrated
strong performance in this task. It is worth noting,
however, that GPT-5.5 Pro is significantly more
expensive than the other models, costing six times
more than the second most expensive model, GPT-
5.5. In addition, the response speed of GPT-5.5 Pro
was significantly slower than that of the other eval-
uated models, which limits its use cases. For real-
world applications, balancing performance, cost,
and response speed is an important consideration
when selecting an LLM. In contrast, Qwen3 235B
A22B 2507 recorded the lowest final success rate

among the models tested, at 70.3%. The main rea-
son for this low score was its poor performance
on the realistic hypothesis and verification criteria,
namely criteria (b) and (e).

Although we confirmed the strong performance
of the latest large models, the HYDRA framework
is not limited to evaluating large models. We pro-
vide examples of evaluations of smaller models in
Appendix D.

5 Discussion

As shown in the previous sections, we successfully
formulated a method for evaluating the formula-
tion of hypotheses and verification methods. The
fact that we did not obtain 100% success indicates
two things: first, that the HYDRA framework func-
tions effectively by ensuring that not all situations
lead to trivial hypotheses; and second, that even
the best-performing model among those evaluated
occasionally fails to produce a valid hypothesis–
verification pair.

Another feature of HYDRA is that, because the
final judgment is decomposed into six criteria, it
indicates which requirement a failed hypothesis–
verification pair did not satisfy, such as the realism
of the hypothesis or the feasibility of the verifica-
tion method. As shown in Section 4.2, most failures
are attributable to a single criterion, with criteria
(e) and (b) being the most common sources of fail-
ure. Although this criterion-level diagnosis does
not identify where the underlying reasoning pro-
cess breaks down, it provides a finer-grained view
of model behavior than a single overall score and
may suggest directions for future improvements.

The establishment of an evaluation method for
general hypothesis formulation and verification
in real-world situations, as presented in this pa-
per, could contribute to broader applications of AI
agents. Several studies have pointed out that logical
reasoning capabilities, including hypothesis formu-
lation, enhance the performance of AI agents (He
et al., 2025b; He and Chen, 2025; Abdaljalil et al.,
2025). We expect that well-designed hypothesis
generation tasks and their evaluation will further
advance the applicability of AI agents in real-world
scenarios.

We calculated the average success rates for each
context category across the six LLMs tested in the
experiment, as summarized in Table 3. We observe
that the success rates vary by category, with higher
scores in Technology, Pure Science and Computer
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You're visiting a recently completed office building for a meeting when you notice that one of the double glass doors at 
the main entrance doesn't sit flush with its frame̶there's a visible gap of about 5 millimeters along the top edge, while 
the bottom appears properly seated. The adjacent door fits perfectly within its frame. The building passed its final 
inspection just two months ago, and as you enter, you feel a distinct rush of air pushing outward from the climate-
controlled lobby, noticeably warmer than the cool autumn air outside. A facilities worker mentions offhandedly that they 
keep the interior pressure slightly elevated to prevent dust infiltration. Despite this, you observe no visible cracks in the 
floor tiles, walls, or surrounding concrete, and the gap affects only the single door rather than both entrance doors 
uniformly. What caused the misalignment of this door?

Situation (Claude Opus 4.5)

Hypothesis:  
The constant outward force from the building's positive 
interior air pressure caused an inadequately tightened 
top pivot hinge on that specific door to slip out of 
alignment shortly after the building opened. 

Verification:  
Inspect the upper hardware of the misaligned door to 
check if the adjustment set screws are loose or show 
witness marks indicating they have shifted outward from 
their original installed position.

Hypothesis and verification method 
(Gemini 3.1 Pro)

hypothesis:  
The elevated interior air pressure in the building is 
exerting uneven force on the imperfectly balanced door, 
causing it to warp slightly upward over time, leading to 
the gap at the top.   

verification:  
Measure the pressure differential between the interior 
and exterior of the building and assess the door’s 
alignment before and after temporarily equalizing the 
pressure to determine if the gap diminishes.

Hypothesis and verification method 
(Qwen3 235B A22B 2507)

Evaluation (Claude Opus 4.7)
(a) OK,  (b) OK, (c) OK, (d), OK, (e) OK, (f) OK 

Final judge: OK

(a) OK,  (b) NG, (c) OK, (d), OK, (e) NG, (f) OK 

Final judge: NG

Evaluation (Claude Opus 4.7)

Figure 3: Examples of successful and unsuccessful cases of hypothesis and verification method formulation, along
with evaluation results. The situation generator LLM was Claude Opus 4.5 and the input context keyword was
“architecture,” the target LLMs were Gemini 3.1 Pro and Qwen3 235B A22B 2507, and the evaluator LLM was
Claude Opus 4.7.

Model (a) (b) (c) (d) (e) (f) Final judge
GPT-5.5 100% 98.1% 99.6% 100% 94.4% 100% 92.9%
GPT-5.5 Pro 100% 98.9% 100% 100% 94.4% 100% 93.7%
Gemini 3.1 Pro 100% 97.0% 100% 95.2% 94.8% 99.6% 88.1%
Claude Opus 4.7 100% 97.8% 100% 98.9% 92.9% 99.6% 90.0%
Qwen3 235B A22B 2507 97.8% 92.9% 100% 94.4% 80.7% 100% 70.3%
DeepSeek-R1 99.3% 93.7% 100% 96.3% 82.9% 100% 74.3%
Average 99.5% 96.4% 99.9% 97.5% 90.0% 99.9% 84.9%

Table 2: Success rates for hypothesis and verification method formulation across the six tested LLMs. Results
for evaluation criteria (a) through (f) are shown separately, along with the final evaluation results. Bold numbers
indicate the best score for each criterion and the final result.

Science, and the lowest score in the Literature cate-
gory. This variation may reflect the extent of data
diversity used during training for each category.
LLMs are typically well-trained on Technology
and Computer Science content through abundant
online resources. In contrast, one possible explana-
tion for the lower Literature score is that training
data for the Literature category may be less diverse

and more limited in quantity.

We note that the goal of this work is not to max-
imize the performance of hypothesis and verifica-
tion method formulation, but to establish a frame-
work for evaluating these capabilities with real-
world problem solving in mind. Exploring ways
to enhance these capabilities using the HYDRA
method is one of the directions for future work.
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Category Final judge
000 Computer science, 91.1%
information and general works
100 Philosophy and psychology 81.1%
300 Social sciences 78.3%
400 Language 86.7%
500 Pure science 92.0%
600 Technology 93.9%
700 Arts and recreation 86.7%
800 Literature 75.6%
900 History and geography 78.9%

Table 3: Final success rates averaged across the six
tested LLMs, categorized by the input context key-
words.

6 Conclusion

We constructed a framework called HYDRA to
evaluate hypothesis formulation and verification
methods, with an emphasis on practical applicabil-
ity to real-world tasks. By utilizing LLMs for both
situation generation and evaluation through sys-
tematically designed procedures, we successfully
addressed the challenges of maintaining a variety of
realistic task situations and establishing clearly de-
fined evaluation criteria. Among the tested LLMs,
we found that current models do not exhibit perfect
capability when prompted directly, without addi-
tional guidance. The HYDRA framework enables
scalable, criteria-based evaluation and is expected
to serve as a valuable evaluation axis, particularly
for AI agent applications.

Limitations

In this paper, we presented a framework for eval-
uating the capabilities of hypothesis formulation
and verification method design. Within this frame-
work, we used LLMs to generate situations and
perform evaluations. However, since it is not guar-
anteed that LLMs can execute these tasks perfectly,
there is a non-negligible probability that some situ-
ation descriptions may be invalid or that evaluation
judgments may be inaccurate. Such imperfections
introduce uncertainty into the assessment of LLM
capabilities.

As shown in Appendix C, LLM-as-a-judge eval-
uations exhibit model dependency, including self-
preference. Therefore, the resulting scores should
be interpreted as estimates from the perspective of
the evaluator model.

The framework evaluates single-step reasoning.
Multi-step reasoning processes, such as execut-
ing verification procedures and revising hypotheses
based on the results, are outside the scope of this
paper. These aspects are also important and should
be investigated in future work.

The situations generated in our experiments are
not uniformly diverse. Although context keywords
were used to promote variety, a noticeable share
of the situations (roughly one in six) followed a
similar pattern, in which a facility was unexpect-
edly closed during its usual opening hours. This
pattern resembles one of the examples given in the
situation generation prompt, suggesting that the
examples in the prompt may bias the generated sit-
uations. More systematic approaches to increasing
diversity, such as varying or removing the exam-
ples or filtering generated situations by semantic
similarity, remain to be explored.

We did not evaluate human performance in hy-
pothesis formulation or verification-method design,
which limits the interpretation of the model evalua-
tion results.

The capabilities evaluated by this framework in-
clude commonsense recognition and assessments
of plausibility, rather than purely logical reasoning.
This design is intentional, as the framework aims to
evaluate real-world problem-solving capabilities.

While the framework targets hypothesis and ver-
ification capabilities, it does not comprehensively
assess other aspects of logical reasoning, such as
causal inference, long-term planning, or consis-
tency maintenance.

Additionally, our experiments were conducted
using a selected set of LLMs, and we cannot con-
clude that the best-performing model in our study
is the best among all existing LLMs. Moreover,
variations in prompt design for hypothesis and ver-
ification method generation, or other optimization
strategies, could significantly affect the evaluation
results.

Ethics Statement

In this study, we aimed to evaluate logical reason-
ing abilities and did not use any input containing
personal information, aside from the context key-
words listed in Table 1. We did not intend for the
LLMs to engage in ethically sensitive tasks, and we
have identified no specific ethical concerns related
to the methods presented.
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A Complete Set of Prompts Used in
HYDRA

All prompts used in the HYDRA framework for the
experiments described in Section 4 are provided in
the following subsections.

A.1 Prompt for Generating the Original
Situation� �

Provide an example of a realistic and likely
scenario that slightly deviates from the usual
in the context of {context keyword}.
For instance, you might find the road wet
when leaving your home in the afternoon,
even though the weather was clear in the
morning, or you might find a café closed
during its normal business hours.
Make sure the cause of the situation cannot
be easily determined through simple
observation, such as by looking around.
Also, avoid subjective examples involving
personal feelings or thoughts; choose an
objective and observable situation instead.
Describe the situation in a few sentences,
including some background details.� �

A.2 Prompt for Generating Possible Origins� �
Provide two possible origins of the following
situation. Do not assume that the described
facts in the situation are incorrect, such as
due to a misunderstanding. Keep both origins
realistically plausible and mutually exclusive
in principle. Avoid any origin that, if true,
would clearly reveal itself as the cause.
For example, if the situation is "the train did
not arrive at the usual time without any
announcement," the origin should not be
"the schedule was moved forward only for
today," since such a change would normally
be announced.Describe the result in one
sentence each, using the following format:
origin1:
origin2:

situation: {original situation}� �
A.3 Prompt for Modifying the Situation� �

Create a question that asks for the origin of
a situation by adding to, modifying, or
reorganizing the given description. Ensure that
origin2 is the correct answer and that origin1
is incorrect. At the same time, include a
misleading detail that makes origin1 appear
plausible, so the question is not too easy.
Present the situation as a single paragraph,
without including any instructions or options
such as "Answer the origin of this situation."

situation: {original situation}
origin1: {origin 1}
origin2: {origin 2}� �
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A.4 Prompt for Formulating the Hypothesis
and Verification Method� �

Provide the single most plausible hypothesis
for why the following situation occurs, along
with a method of verification. Describe each
in a single sentence, using the following
format:
hypothesis:
verification:

{modified situation}� �
A.5 Prompt for Evaluation� �

Evaluate the hypothesis and the method used
to verify it based on the following criteria:
(a) The hypothesis reasonably explains
why the situation occurs.
(b) The hypothesis is realistically plausible.
(c) The hypothesis is not almost always correct
as a general rule, nor is it almost always correct
when the situation occurs.
(d) The result of the verification method
significantly increases the likelihood of the
hypothesis being correct.
(e) It is realistically feasible to obtain the
result of the verification method.
(f) The verification method does not yield
nearly the same result every time the situation
occurs.
Describe each result using only "OK" or "NG,"
following the format below:
a: OK or NG
b: OK or NG
...
f: OK or NG

situation: {modified situation}
hypothesis: {hypothesis}
verification: {verification method}� �

B Preliminary Experiment for Evaluator
LLM Selection

To select the best evaluator for the experiments
conducted under the LLM-as-a-judge scheme, we
performed a preliminary study to measure evalua-
tion accuracy using a human-created and human-
annotated dataset. Each entry in the dataset con-
sisted of a situation description accompanied by a
hypothesis–verification method pair. We prepared
seven such pairs for each situation: one case that
satisfied all six evaluation criteria, referred to as the
“all-OK” case, and six “NG” cases, each designed
to fail at least one of criteria (a) through (f). We
prepared 15 situations in various contexts, yielding
a total of 15× 7 = 105 data entries. One example

of the situations used was: “I found a café closed
during its normal business hours. It was Sunday,
and the café is usually open on weekends.” The
seven hypothesis–verification method pairs corre-
sponding to this example situation, which were
used to evaluate the models, are shown in Table 4,
together with their annotations.

We compared the capabilities of the LLMs as
evaluators using three metrics: accuracy on the in-
dividual evaluation criteria (a) through (f), resulting
in 630 criterion-level evaluations in total (6 criteria
× 105 cases); accuracy on the final evaluation re-
sults across the 105 cases; and the excess OK rate
calculated solely from the final judgments, without
reference to the criterion-level evaluations, as the
difference between the number of cases judged as
OK and the 15 annotated OK cases, divided by 15.
As evaluator candidates, we compared six individ-
ual LLMs. For Claude Opus 4.7, which has an
optional thinking mode, we tested the model with
and without this mode separately.

The results of the evaluator-comparison experi-
ment are shown in Table 5. As shown, Claude Opus
4.7 without thinking mode achieved the highest fi-
nal evaluation accuracy among the tested settings.
We found that the model with the highest accuracy
on the individual criteria was not identical to the
model with the highest final judgment accuracy.
We decided to prioritize final judgment accuracy
because the individual criteria were designed to
support the final judgment, and the final judgment
is more important for our purpose. Although GPT-
5.5 also achieved high final judgment accuracy, its
excess OK rate was significantly higher than that
of Claude Opus 4.7, indicating that using GPT-5.5
as the evaluator would lead to an excessively high
estimated success rate. In the HYDRA framework,
it is important to correctly judge invalid hypothesis–
verification pairs as invalid. We therefore selected
Claude Opus 4.7 as the evaluator for the exper-
iments presented in Section 4. To examine the
effect of evaluator model selection, we also com-
pared the evaluation results obtained using GPT-5.5
in Appendix C.

C Evaluator Model Dependency
Investigation

It is difficult in principle to ensure perfect accu-
racy in LLM-as-a-judge evaluation, and the HY-
DRA framework involves uncertainties, especially
regarding the choice of evaluator model. To in-
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# Hypothesis Verification (a) (b) (c) (d) (e) (f) Final
1 The café owner had an ur-

gent matter and was un-
able to open the café or
provide an explanation.

Ask the owner at the next
opportunity whether he
had an urgent matter on
that day.

OK OK OK OK OK OK OK

2 It was the last Sunday of
the month.

Check a smartphone calen-
dar app.

NG OK OK OK OK OK NG

3 A new law prohibits cafés
and restaurants from open-
ing on Sundays.

Check the news to confirm
whether such a law has
been enacted.

OK NG OK OK OK NG NG

4 It was not possible to enter
the café.

Try to enter the café and
confirm whether it is ac-
cessible.

NG OK NG OK OK NG NG

5 The café owner had an ur-
gent matter and was un-
able to open the café or
provide an explanation.

Check whether there are
any signs that a notifica-
tion was posted.

OK OK OK NG OK OK NG

6 The café owner had an ur-
gent matter and was un-
able to open the café or
provide an explanation.

Review the café owner’s
activity log to see if there
was an urgent matter.

OK OK OK OK NG OK NG

7 The café owner had an ur-
gent matter and was un-
able to open the café or
provide an explanation.

Confirm that there is no al-
ternative explanation, such
as a sudden change in the
calendar itself, including
redefined weekdays or un-
expected holidays.

OK OK OK NG OK NG NG

Table 4: Examples of the content and annotations of the human-created and human-annotated hypothesis–verification
method pairs for one example situation used in the preliminary experiment for evaluator selection.

Model (a)–(f) accuracy Final accuracy Excess OK rate
GPT-5.5 85.9% 94.3% +40.0%
GPT-5.5 Pro 87.3% 89.5% +73.3%
Gemini 3.1 Pro 87.4% 87.6% +73.3%
Claude Opus 4.7 84.4% 95.2% −6.7%
Claude Opus 4.7 (thinking mode) 84.0% 89.5% +20.0%
Qwen3 235B A22B 2507 70.5% 80.9% +40.0%
DeepSeek-R1 81.1% 82.9% +80.0%

Table 5: Evaluation results for the six LLMs, including the thinking and non-thinking settings of Claude Opus 4.7,
based on three metrics: accuracy on the individual evaluation criteria, final evaluation accuracy, and excess OK rate
compared with the annotations. Boldface indicates the best score for each metric.

vestigate this aspect, we performed an additional
evaluation experiment using a different evaluator
model. As shown in Appendix B, GPT-5.5 was the
second-best evaluator candidate, with the second-
highest final accuracy score, close to that of Claude
Opus 4.7 without thinking mode. Although caution
is needed because of its high excess OK rate, we

evaluated the same hypothesis–verification pairs as
those evaluated in the main text using GPT-5.5.

The evaluation results obtained using GPT-5.5
are shown in Table 6. Compared with Table 2,
the final judgment scores are generally higher,
which is consistent with the high excess OK rate.
Among the individual evaluation criteria, criterion
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(e) showed a large discrepancy from the Claude
Opus 4.7 evaluation shown in Table 2.

We note that GPT-5.5 assigned a high score to
GPT-5.5 itself, giving it the highest score in its own
evaluation. In contrast, the Claude Opus 4.7 eval-
uation did not assign the highest score to Claude
Opus 4.7 itself. However, Claude Opus 4.7 scored
itself higher than Gemini 3.1 Pro, whereas GPT-5.5
scored Gemini 3.1 Pro higher than Claude Opus
4.7. For the other four models, excluding Claude
Opus 4.7 and GPT-5.5, the ranking remained the
same: GPT-5.5 Pro, Gemini 3.1 Pro, DeepSeek-R1,
and Qwen3 235B A22B 2507. This difference may
reflect differences in the interpretation of the cri-
teria for what constitutes appropriate hypotheses
and verification methods, rather than simple model
preference.

These results show that, although the evaluation
results were consistent when the evaluator mod-
els themselves were excluded, evaluator models
may exhibit a tendency toward self-favorable bias.
Therefore, using an independent model is prefer-
able for objective evaluation.

D Evaluation of Small Models

We performed evaluations of GPT-5.4 nano (Ope-
nAI, 2026a) and Gemma 3 IT 4B (Gemma Team
et al., 2025) as demonstrations of how the HYDRA
framework can be used to evaluate smaller models.
The experimental setup, situation datasets, API-
based model access, prompts, and evaluator model,
Claude Opus 4.7, were the same as those described
in the main text. We note that two hypothesis–
verification pairs generated by Gemma 3 IT 4B
were refused evaluation by Claude Opus 4.7 and
were therefore excluded from the score calculations.

The results are summarized in Table 7. We found
that the scores were significantly lower than those
of the models evaluated in the main text, especially
for Gemma 3 IT 4B. This indicates that the task
defined in the HYDRA framework is not trivial
and may be useful for evaluating models of various
sizes.
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Model (a) (b) (c) (d) (e) (f) Final judge
GPT-5.5 99.6% 99.6% 98.1% 99.6% 99.6% 98.1% 95.9%
GPT-5.5 Pro 100% 99.6% 98.5% 99.6% 97.8% 98.5% 95.5%
Gemini 3.1 Pro 100% 99.3% 99.6% 98.5% 97.4% 98.1% 94.1%
Claude Opus 4.7 99.3% 98.5% 98.9% 98.9% 94.4% 97.8% 91.1%
Qwen3 235B A22B 2507 97.4% 96.7% 98.9% 98.1% 96.3% 96.7% 89.2%
DeepSeek-R1 97.0% 98.1% 100% 98.1% 96.3% 98.1% 90.3%
Average 98.9% 98.6% 99.0% 98.8% 97.0% 97.9% 92.7%

Table 6: Success rates for hypothesis and verification method formulation across the six tested LLMs, evaluated by
GPT-5.5, in the same format as Table 2. Bold numbers indicate the best score for each criterion and the final result.

Model (a) (b) (c) (d) (e) (f) Final judge
GPT-5.4 nano 95.9% 91.8% 100% 97.4% 84.4% 100% 73.6%
Gemma 3 IT 4B 80.5% 69.3% 99.6% 70.4% 74.5% 99.3% 36.0%

Table 7: Success rates for hypothesis and verification method formulation for the two small models, presented in the
same format as Table 2.
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