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Abstract

Agentic autonomy is essential for large lan-
guage models (LLMs) to function as agentic
AI systems, yet existing benchmarks often em-
phasize operational aspects, or how an agent
behaves, such as tool use. The ability to re-
consider the user’s underlying purpose, or why
the agent acts, remains underexplored. We de-
fine this capability as “purpose-reflective au-
tonomy” and introduce CaseInterviewBench,
an interactive, interview-style benchmark in-
spired by consultant recruitment. The bench-
mark contains 104 predefined scenarios, each
with public background context, an initial re-
quest, hidden facts, and ground-truth problem
formulations and resolutions. The target LLM
asks questions to uncover hidden facts, then
identifies the actual problem and proposes a
resolution, enabling us to observe how it infers,
revises, and refines its understanding of the
scenario’s underlying purpose in a structured
setting. We evaluate hidden-fact disclosure, fi-
nal problem formulation, and resolution using
rule-based metrics and LLM-as-a-judge assess-
ments. Across several frontier and open-weight
models, we found substantial room for improve-
ment. We also observed severe violations in
which some models fabricated facilitator re-
sponses during the benchmark flow, potentially
creating serious risks in agentic execution. 1

1 Introduction

In the field of artificial intelligence (AI) and its
applications, AI agents are a paradigm for solv-
ing complex tasks using AI engines, especially
large language models (LLMs, Naveed et al., 2025;
Zhao et al., 2026), by enabling them to recognize,
organize, and execute the actions necessary for
those tasks. There are ongoing discussions regard-
ing the definition and levels of AI agents (e.g., Feng

1The complete codebase, prompts, and scenario dataset
are available at https://github.com/hidarikawa-p/
CaseInterviewBench

et al., 2025), sometimes in relation to the path to-
ward artificial general intelligence (Morris et al.,
2025). Although several aspects remain under dis-
cussion, the capabilities to recognize the present
situation, determine what to do next, and execute
actions are commonly regarded as central capabili-
ties of AI agents (Franklin and Graesser, 1997; Xi
et al., 2023).

In the context of AI agents, these capabilities
for recognition, decision-making, and execution
are referred to as autonomy (Castelfranchi and Fal-
cone, 1998). In its broadest sense, autonomy means
self-governance. Studies of AI agents have largely
focused on operational aspects, such as function-
calling capabilities, examining how an agent oper-
ates (Wooldridge and Jennings, 1995; Chan et al.,
2023). However, some scholars argue that this view
captures only a limited aspect of autonomy and that
the ability to review and revise the final goal con-
stitutes another important dimension (Totschnig,
2020), concerning why the agent acts.

Here, we define the capability to reflect on
the purpose underlying a user’s instructions as
“purpose-reflective autonomy”: the ability to in-
vestigate what the user actually needs and why
the task should be performed. In typical inter-
actions, LLM users must formulate instructions
carefully and concretely to prevent superficial in-
terpretation or actions that conflict with their inten-
tions. Purpose-reflective autonomy may reduce this
burden by identifying and formulating the actual
problem rather than simply following incomplete
instructions. We do not include behavior that delib-
erately violates or overrides the user’s instructions
within this concept. Instead, we focus solely on
inferring the user’s underlying purpose. Through-
out this paper, terms such as “the actual problem”
and “the user’s underlying purpose” refer to the
problem structure that each scenario is designed to
encode, which we use as an observable proxy for
the corresponding real-world capability, rather than
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to a purpose elicited from an actual user. The logi-
cal types addressed by purpose-reflective autonomy
are presented in Section 3.2.

Conceptually, an advantage of purpose-reflective
autonomy is that it extends beyond simply inter-
preting the user’s intention: it enables repeated self-
questioning and continual revision of the agent’s
understanding of the user’s purpose. This capa-
bility is particularly useful for real-world tasks,
where only limited information is often available
and the user’s true intention may not be clearly
expressed. In some cases, users themselves may
not fully understand what they actually need. Co-
operative inverse reinforcement learning (CIRL)
is a conceptually similar framework that repeat-
edly updates its estimate of the user’s true intention
(Hadfield-Menell et al., 2016). The need for such a
framework has also been discussed in the context
of agentic AI, which encompasses a broad range of
autonomous actions, including multi-agent interac-
tions and advanced autonomous functions (Sapkota
et al., 2026). Shavit et al. (2023) discuss the dif-
ficulty and importance of identifying unspecified
preferences and objectives and emphasize this as-
pect of agentic AI.

In this paper, we present CaseInterviewBench,
an interactive, interview-style benchmark inspired
by case interviews commonly used in consultant
recruitment. The benchmark evaluates the purpose-
reflective autonomy of LLMs with a view toward
the future development of agentic AI. We eval-
uate both frontier and open-weight models. An
overview of CaseInterviewBench is presented in
Fig. 1. We note that our aim is not to provide a
systematic account of autonomy.

2 Related Work

2.1 Evaluation of Agentic Behaviors

Several methods have been proposed for evalu-
ating the agentic capabilities of LLMs (Yehudai
et al., 2026). METR and AgentBench are repre-
sentative benchmarks for evaluating agency across
multiple tasks (Kinniment et al., 2024; Liu et al.,
2025b). Code inspection and modification are also
important domains in which agentic behavior is
required, and several benchmarks have been devel-
oped for these tasks (Jimenez et al., 2024; Cihon
et al., 2025). Evaluations targeting real-world tasks
have also been proposed (Yao et al., 2024; Xu et al.,
2025).

In this paper, we focus on purpose-reflective au-

tonomy rather than operational capabilities such as
task execution.

2.2 Requirements Engineering

Requirements engineering refers to how develop-
ers define the requirements for a system, such as
in software engineering, and its difficulty has been
widely discussed (Zave and Jackson, 1997). Even
in the classical case of reference searches in li-
braries, it has been noted that users may not be able
to adequately express in words what they actually
need, making it necessary to clarify the content of
their requests (Taylor, 1968). Underspecification
has also been identified as a major challenge for
modern machine learning systems (D’Amour et al.,
2020).

Ataei et al. (2024) demonstrated that LLM
agents can capture user needs using LLM-
simulated users. Studies have also used LLMs to
discover latent requirements that are not explicitly
stated (Sivakumar et al., 2026), and have shown
that critical-thinking frameworks can enable LLM
agents to challenge implicit assumptions (Lee et al.,
2025). HiL-Bench evaluates the capability of LLM
agents to escalate by asking questions to clarify
requests (Trinh et al., 2026), whereas Zhang and
Choi (2025) investigate ambiguous inputs in gen-
eral. Fang et al. (2026) present ClarifyCodeBench,
which evaluates the capability to clarify ambigu-
ous requirements in code generation tasks. Despite
the general task-solving abilities of LLMs, it has
been reported that they do not achieve outstand-
ing performance in problem reframing (Shin et al.,
2025).

Our motivation is closely related to requirements
engineering in the sense that it investigates what
users actually need, while extending the scope be-
yond software development to problem solving in
general.

2.3 Assessment of the Ability to Uncover
Hidden Facts

Several studies have investigated hidden facts that
cannot be known directly and that go beyond users’
stated intentions. In the context of mystery novels
and detective games, LLMs have been evaluated on
abductive reasoning capabilities, including whether
they can detect the truth behind an incident (Del
and Fishel, 2023). Research has also evaluated
LLM-agent behavior in multi-agent murder-game
settings (Xie et al., 2024).
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Figure 1: Overview of CaseInterviewBench, an evaluation framework for purpose-reflective autonomy in LLMs
through case-interview-style scenario-based interactive exchanges.

There are also benchmarks that evaluate the abil-
ity to ask questions when sufficient information to
solve a task is not provided (Gan et al., 2024; Li
et al., 2025a). AR-Bench, a benchmark for active
reasoning, was proposed to evaluate the ability to
actively take actions to gather information, and it
was reported that acquiring the information neces-
sary to solve tasks remains difficult (Zhou et al.,
2025). Chen et al. (2026) introduced CausalGame,
a framework for investigating scientific discovery
in virtual scenarios, and showed that even frontier
models fail to maintain consistent reasoning.

The benchmark presented in this paper also in-
vestigates the active capability for information col-
lection. However, our goal is to assess whether
LLM agents can detect the actual problem behind
a request and identify how it can be addressed. We
approach this by measuring how well an agent re-
covers the underlying purpose that each scenario
encodes, which we take as an observable proxy for
that capability.

3 Method

3.1 Flow of the Benchmark

We designed CaseInterviewBench to evaluate the
purpose-reflective autonomy of LLMs based on
the structure of case interviews, which require self-

directed information gathering through questions
and the proposal of a resolution. We adopt case in-
terviews because they institutionalize a structure in
which relevant information is deliberately withheld
and the interviewee is expected to elicit it actively,
and because their problem-solving format gener-
alizes across domains rather than being tied to a
particular profession.

Our goal is not to reproduce case interviews
themselves, but to examine how the interviewee
investigates the actual problem to be solved and
determines how it can be addressed. Each scenario
encodes such a problem beneath its initial request,
so that the interviewee’s ability to recover it can be
observed under controlled conditions.

The detailed flow of CaseInterviewBench is
shown in Fig. 1. We use the predefined scenario
data described in Section 3.3. In the first step, the
initial information from the scenario is provided to
the target model.

In the second step, the question-and-answer
phase begins. The target model may ask questions
to better understand the situation and the needs un-
derlying the client’s initial request. This phase is
managed by a facilitator, which determines whether
to disclose the hidden facts included in the sce-
nario. The facilitator follows a fixed workflow to
keep the interaction controlled and prevent devia-
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tions from the intended process. We conducted a
preliminary experiment to select the method used
by the facilitator to respond to questions. Claude
Sonnet 5 (Anthropic, 2026c) was selected because
it achieved the highest accuracy among the tested
methods. Details of this experiment are provided
in Appendix A.

The target model may ask up to 20 questions
but can end the questioning phase before reaching
the limit. The limit was set to provide sufficient
opportunities to uncover all prepared hidden facts.
During this phase, the target model must follow a
strict output format, with each question consisting
of a single sentence ending in one question mark,
to prevent exploitation of the interaction format.

We also identify severe violations during the
question-and-answer phase using criteria such as
multiple paragraphs or the use of the facilitator’s
standard response template. Unlike simple format-
ting violations, such as the use of multiple question
marks, severe violations can affect the validity of
the interaction itself, since they may introduce in-
formation that the facilitator never provided. When
a severe violation occurs, the facilitator reports it,
and the corresponding question opportunity is con-
sumed without any hidden fact being disclosed. We
do not terminate the interaction. Instead, we moni-
tor and report both the format-only violation rate
and the severe violation rate alongside the bench-
mark scores.

In the third step, the target model is asked to out-
put the problem formulation, supporting evidence,
resolution, and rationale within a 100-word limit
for each item. This limit was set to provide suffi-
cient space to describe all four items. Finally, the
scores are calculated as described in Section 3.4.

3.2 Logical Types of the Scenarios
We identified 13 decision patterns relevant to
purpose-reflective autonomy through iterative dis-
cussion among the authors and organized them into
five higher-level classes: conclusion calibration, be-
lief revision, problem and premise reflection, syn-
thesis and downstream consequences, and authority
and permission. The complete set of classes, cate-
gories, and descriptions is shown in Table 1.

Although the classes and categories were de-
signed to cover a broad range of relevant aspects,
they are not required to be mutually exclusive.
Therefore, a single scenario may be classified into
multiple categories. We developed the scenarios
based on these predefined logical types.

3.3 Scenario Structure

Each scenario consists of initial information, a set
of hidden facts, and ground-truth answers. The
initial information includes the public context and
an initial request from a client. The ground truth
represents the underlying problem and resolution
defined for each scenario; it is authored rather than
elicited from a real user, and we use it as the refer-
ence against which model outputs are scored.

The hidden facts include information necessary
to determine the problem formulation and reso-
lution. Each fact has the following attributes: a
fact ID, content, a reveal-if condition, a do-not-
reveal-if condition, a flag indicating whether it is
required for problem formulation, and a flag indi-
cating whether it is required for resolution. Based
on the reveal-if and do-not-reveal-if conditions, the
facilitator determines whether each fact should be
disclosed. The required-fact flags are not mutu-
ally exclusive, and a fact may be required for both
problem formulation and resolution. To avoid mak-
ing scenarios either too simple or unnecessarily
complex, we limited each scenario to at most 10
hidden facts and included 3–5 facts required for
problem formulation and resolution. The ground
truth consists of the problem formulation, support-
ing evidence, resolution, and resolution rationale,
which serve as references for scoring the model
outputs.

For each logical type, we prepared eight scenar-
ios corresponding to the eight domains shown in
Table 2, resulting in a total of 104 scenarios (13
categories × 8 domains). These domains were
selected to ensure scenario diversity and cover a
broad range of aspects of life in society, rather than
being limited to the business cases typically used
in actual case interviews.

The scenarios were generated using LLMs and
then reviewed and revised by authors as necessary.
Draft scenarios were independently generated by
two representative frontier models, GPT-5.6 Sol
(OpenAI, 2026) and Claude Fable 5 (Anthropic,
2026a). We compared the two drafts and selected
one as the basis for each scenario. We then manu-
ally revised the selected scenarios to ensure consis-
tency with the corresponding logical types and an
appropriate level of difficulty.

3.4 Scoring Criteria

CaseInterviewBench evaluates purpose-reflective
autonomy using three components: problem formu-
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Table 1: List of the 13 logical types of scenarios used to evaluate purpose-reflective autonomy in CaseInterviewBench,
organized into five higher-level classes.

ID Label Description

Conclusion Calibration

L1 No-Action Decision A case in which taking no action is the most effective resolution.

L2 Underdetermined A case in which there is insufficient evidence to support a decision. The
resolution should therefore be presented conditionally.

L3 Early Sufficiency A case in which the relevant factors can be identified at an early stage. It is
preferable to reach a conclusion without unnecessary further investigation.

L4 Preference Elicitation A case in which there is no clear rationale for choosing among the available
options. It is therefore important to elicit the preferences of relevant stake-
holders.

Belief Revision

L5 Surface Reversal A case in which the initial impression is reversed by one or more facts that
were already available during the initial phase but had not yet been collected.

L6 Quantitative Reversal A case in which the initial impression is reversed after quantitative evaluation.

L7 Midstream Reversal A case in which an early assessment is later reversed by one or more facts
that could not have been discovered during the initial phase and only become
available at a later stage.

Problem and Premise Reflection

L8 Problem Reframing A case in which the underlying problem differs from the one presented by
the client. The problem must therefore be redefined.

L9 Premise Correction A case in which an apparent premise is inconsistent with the available data.
The premises must therefore be reorganized.

L10 Template Trap A case in which a problem appears to fit a common pattern, but the standard
solution is not appropriate.

Synthesis and Downstream Consequences

L11 Distributed Evidence
Synthesis

A case in which multiple apparently unrelated facts must be synthesized to
reach a resolution.

L12 Second-Order Effects A case in which an apparent solution produces second-order effects that
ultimately make it inappropriate.

Authority and Permission

L13 Authority Boundary A case in which an apparent solution requires authorization. It is necessary to
distinguish between what can be done and what is permitted.

Table 2: List of the eight scenario domains in CaseInterviewBench, selected to ensure scenario diversity.

ID Label Domain description

D1 Personal Personal life and health, including daily habits, personal finance, and private life decisions
D2 Career Individual career and work, such as job changes, skill development, and personal productivity
D3 Academic Learning and research, from study methods to academic knowledge production
D4 Relationships Interpersonal relationships with family, friends, partners, or specific colleagues
D5 Organization Organizational management and collaboration, including teams, projects, and group decision-making
D6 Technology Technology and systems, such as software development, operations, and troubleshooting
D7 Society Public affairs, society, and the environment, including policy, communities, and sustainability
D8 Creative Creative work and expression, such as writing, art, design, and content creation

lation, resolution, and efficiency. A summary of the
scoring criteria is presented in Table 3. For prob-
lem formulation and resolution, the statements and

corresponding rationales produced by the target
model during the conclusion phase are evaluated
against the predefined ground truth in the scenario
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Table 3: Summary of the scoring components and evaluation methods across three evaluation categories. Each LLM
judge metric is scored on a four-point scale using a corresponding rubric. The overall score is derived from the three
category scores by taking their average and is therefore not an independent metric.

ID Metric Method Description

Problem Formulation
S1 Accuracy LLM judge A score indicating how well the proposed problem formula-

tion matches the ground truth.
S2 Evidence Accuracy LLM judge A score indicating how well the problem formulation is

supported by and grounded in the revealed facts.
S3 Disclosure Rate Rule-based The proportion of hidden facts required for problem formu-

lation that were successfully obtained.

Resolution
S4 Accuracy LLM judge A score indicating how well the proposed resolution matches

the ground truth.
S5 Rationale Accuracy LLM judge A score indicating how well the resolution is supported by

and grounded in the revealed facts.
S6 Disclosure Rate Rule-based The proportion of hidden facts required for the resolution

that were successfully obtained.

Efficiency
S7 Early Stopping Rule-based The fraction of remaining question opportunities not spent af-

ter the last required fact was obtained, weighted by required-
fact coverage.

S8 Hidden-Fact Collection Rule-based The ratio of the number of obtained facts to the number of
questions asked.

Overall Derived The average of the Problem Formulation, Resolution, and
Efficiency scores.

dataset (S1 and S4). The rationales are assessed
based on whether they support the corresponding
statements and are grounded in the collected facts
(S2 and S5). These items are scored using LLM-
as-a-judge evaluation (Li et al., 2025b; Gu et al.,
2025) on a four-point scale with a predefined, item-
specific rubric. This design promotes consistency
and limits unnecessary evaluator discretion. To
select the evaluator model, we conducted a prelimi-
nary experiment measuring agreement with human
annotations and selected GPT-5.6 Sol. Details of
the evaluator selection experiment are provided in
Appendix B.

In addition to the LLM-as-a-judge scores for
consistency with the ground truth, we calculate the
disclosure rate of required hidden facts separately
for problem formulation and resolution (S3 and S6).
This rate is defined as the proportion of required
facts that were disclosed. The statement, rationale,
and disclosure-rate scores are normalized to the
same scale and averaged to obtain the problem
formulation and resolution scores on a 0–100 scale.

For efficiency scoring, we use two components:
early stopping and hidden-fact collection. Early
stopping efficiency (S7) is calculated as the propor-

tion of remaining question opportunities not used
after the last required fact is obtained, multiplied by
the coverage of required facts. Coverage is defined
as the proportion of disclosed required facts among
all required facts. This metric evaluates whether
the target model stops asking questions once suffi-
cient information has been collected, similar to the
evaluation dimension considered in previous work
(Liu et al., 2025a). Multiplying by coverage pre-
vents models that ask no questions from receiving
a high score, because stopping early is not efficient
when insufficient information has been obtained.

Hidden-fact collection efficiency (S8) is defined
as the number of disclosed hidden facts divided
by the number of questions asked. This metric
evaluates how efficiently the target model gathers
relevant information while avoiding questions that
fail to identify important facts. The two efficiency
scores are equally weighted and averaged to obtain
an overall efficiency score on a 0–100 scale.

Finally, the overall score for each scenario is
calculated as the simple average of the problem for-
mulation, resolution, and efficiency scores, provid-
ing a representative measure of the target model’s
performance. The three component scores and the
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Table 4: Roles in the CaseInterviewBench pipeline. The facilitator and the evaluator are LLMs selected in
preliminary experiments; all other scoring is deterministic.

Role Model / method Function in the pipeline Selection basis

Target model Evaluated LLMs
(Table 5)

Asks questions in Step 2 and produces the prob-
lem formulation, evidence, resolution, and ra-
tionale in Step 3.

Frontier and open-weight
models (Section 3.5).

Facilitator Claude Sonnet 5 Decides in Step 2 whether each hidden fact
should be disclosed, following the reveal-if and
do-not-reveal-if conditions, and reports severe
violations.

Highest disclosure-judgment
accuracy in a preliminary ex-
periment (Appendix A).

Evaluator
(LLM judge)

GPT-5.6 Sol Scores S1, S2, S4, and S5 in Step 4 against the
scenario ground truth, on a four-point scale with
item-specific rubrics.

Best agreement with human
annotations among candi-
dates (Appendix B).

Rule-based scorer Deterministic Computes the disclosure rates (S3, S6) and the
efficiency components (S7, S8) from the inter-
action log.

No model involved.

Scenario authoring GPT-5.6 Sol,
Claude Fable 5

Generated draft scenarios, which the authors
then compared, selected, and revised.

Two representative frontier
models (Section 3.3).

overall score are calculated for all 104 scenarios,
and their averages are reported as the final CaseIn-
terviewBench results.

3.5 Evaluation Experiment

We evaluate selected frontier and open-weight mod-
els using CaseInterviewBench, as described in the
previous sections. We selected OpenAI GPT-5.6
Sol, Terra, and Luna (OpenAI, 2026); Anthropic
Claude Fable 5 (Anthropic, 2026a), Opus 5 (An-
thropic, 2026b), and Sonnet 5 (Anthropic, 2026c);
and Google Gemini 3.6 Flash (Deepmind, 2026b)
and Gemini 3.1 Pro Preview (Deepmind, 2026a)
as representative high-performance frontier mod-
els with varying model sizes. All frontier models
were accessed through their official APIs using the
default parameter settings.

For open-weight models, we selected GLM-5
(GLM-5-Team et al., 2026) and Gemma 3 4B IT
(Gemma Team et al., 2025) as representative high-
performance and relatively lightweight models, re-
spectively. These models were accessed through
the AWS Bedrock API.

We also calculated a reference score based on
evaluations conducted by the authors. The 104
scenarios were divided among the authors, who
completed CaseInterviewBench themselves. Each
scenario was assigned to an author who had not
reviewed or revised its draft. Because all authors
have backgrounds in computer science, the result-
ing score should be regarded only as a reference
and not as a baseline derived from a controlled
participant study.

Table 4 summarizes the roles in the evaluation
pipeline and the models used for each.

4 Results

We evaluated the LLMs selected in the previous
section using CaseInterviewBench. An example
of the complete evaluation procedure is provided
in Appendix C. The resulting scores and violation
rates are summarized in Table 5, showing that the
frontier models generally outperformed the author
reference (see Limitations for its interpretation).

Claude Fable 5 achieved the highest overall
score of 78.9, whereas Claude Opus 5 achieved the
highest problem formulation and resolution scores.
Claude Opus 5 had a lower efficiency score, in-
dicating a greater tendency to continue gathering
information. However, both models had nonzero
severe-violation rates, including cases involving
fabricated facts.

GPT-5.6 Sol achieved the best performance
among the models with no severe violations. GPT-
5.6 Terra, GPT-5.6 Luna, Gemini 3.1 Pro Preview,
Gemini 3.6 Flash, and GLM-5 also outperformed
the author reference without any severe violations.

Gemma 3 4B IT achieved substantially lower
scores, as might be expected given its scale, partic-
ularly in terms of efficiency. One possible reason
is that the number of questions it asked was often
close to the limit of 20, suggesting that the model
had difficulty determining when sufficient informa-
tion had been obtained to make a decision. Given
the variation across component scores, model se-
lection for practical applications should be based
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Table 5: Evaluation results for the selected LLMs on CaseInterviewBench, together with the proportions of scenarios
in which violations were detected during the question-and-answer phase. Penalized overall scores, set to 0 for
scenarios in which severe violations were detected, are also shown. Higher values indicate better performance for
all scores, whereas lower values are better for both violation rates. Non-zero severe-violation rates are marked in
red. The best value in each score column is in bold and the second best is underlined. The author reference row is
excluded from this ranking; it is an informal comparison point, not a controlled human baseline.

Component scores ↑ Overall Penalized Violation rate ↓
Model Problem Resolution Efficiency score ↑ overall ↑ Severe Format-only

GPT
gpt-5.6-sol 86.9 80.3 62.1 76.5 76.5 0% 0%
gpt-5.6-terra 76.8 70.2 59.1 68.7 68.7 0% 1%
gpt-5.6-luna 79.9 71.6 56.2 69.3 69.3 0% 0%

Claude
claude-fable-5 90.0 80.3 66.4 78.9 71.1 12% 7%
claude-opus-5 92.5 86.7 44.9 74.7 46.6 36% 27%
claude-sonnet-5 84.6 78.3 54.3 72.4 72.4 0% 0%

Gemini
gemini-3.1-pro-preview 68.4 62.0 60.9 63.8 63.8 0% 1%
gemini-3.6-flash 73.4 67.0 60.6 67.0 67.0 0% 0%

Open-weight
zai.glm-5 78.4 70.5 46.3 65.1 65.1 0% 0%
google.gemma-3-4b-it 40.5 33.5 13.7 29.2 28.2 3% 11%

Authors (reference) 69.0 58.5 46.3 57.9 57.9 0% 8%

on the role assigned to the model and the specific
capabilities required.

When the comparison is restricted to the 60 sce-
narios in which no model exhibited a severe viola-
tion, Claude Fable 5 remains the top-ranked model,
while Claude Opus 5 drops by one position, ex-
changing ranks with Claude Sonnet 5. This subset
excludes scenarios in which any model violated,
and may therefore be biased toward less demand-
ing cases. Table 5 also shows penalized overall
scores, in which the score for each scenario is set
to 0 when a severe violation is detected. Under
this penalized scoring, the scores of Claude Fable
5 and Claude Opus 5 decrease substantially, and
Claude Fable 5 is no longer the best-performing
model. Claude Opus 5 also falls to the lowest score
among the GPT, Claude, and Gemini models.

We also analyzed the scores separately by logical
type and domain. Detailed results are provided in
Appendix D.

We additionally repeated the Step 4 evaluation
with Claude Fable 5 as the evaluator, keeping Steps
1–3 unchanged. Scores rose for all models, but the
increase was smallest for GPT-5.6 Sol, the eval-
uator used in our main results, which suggests a
tendency toward self-preferential evaluation. The
overall gap between the top two models widened
from 2.4 to 3.9 points, while the ranking was un-
changed. This indicates that the evaluator should

be selected independently of the models being com-
pared, and that small score differences in Table 5
should not be read as reliable separations. Full
results are given in Appendix E.

5 Discussion

We demonstrated the use of CaseInterviewBench
to evaluate the purpose-reflective autonomy of
LLM-based agents. Frontier models and a large-
scale open-weight model scored above the author-
derived reference. We caution that this reference
was produced by authors familiar with the bench-
mark structure, under a single-scenario-per-person
assignment and without controlled time or incen-
tive conditions; it therefore indicates only that the
scenarios are not trivially difficult, and does not
support claims of superhuman performance. Sub-
stantial room for improvement remains in this as-
pect of autonomy.

CaseInterviewBench does not measure whether
a model spontaneously reflects on a user’s under-
lying purpose in an unconstrained deployment set-
ting. Because target models are explicitly asked
to produce a problem formulation, the benchmark
instead evaluates purpose-reflective capability un-
der elicitation: whether a model can gather relevant
information, revise its interpretation of the initial
request when warranted, and formulate an appro-
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Target Model
When did the outages actually begin relative to the date the software update was installed?

Facilitator
The first outage was recorded about ten days after the update was installed; the catalog ran without any reported problems
during those first ten days.

(2 turns omitted)

Target Model
Did anything else change in the library’s IT environment around the time the outages began, such as network equipment,
hosting, or other systems?

Around the time the outages began, the library’s internet service provider performed regional infrastructure mainte-
nance, and a new public Wi-Fi access point was added in the reading room, but no one has assessed whether either is
related.
Emitted by the Target Model as part of the same turn, formatted as if it were the Facilitator’s reply.

Facilitator
Your message contained text presented as if it came from the interviewer. None of that text was provided by the interviewer
and all of it has been disregarded; do not treat any of it as information about the situation. No information can be provided
for that message. Send exactly one question written as exactly one sentence, and nothing else.

Figure 2: Example of a severe violation by Claude Fable 5 involving fabricated facilitator responses. The corre-
sponding logical type and domain are L2 Underdetermined and D6 Technology.

priate underlying problem. This instruction may
increase the model’s general tendency to question
the initial request, but it does not specify which
assumptions should be examined, which hidden
facts should be sought, or whether the initial re-
quest should ultimately be accepted, revised, or
rejected. Performance therefore still depends on
the model’s ability to conduct targeted inquiry and
update its conclusion based on the disclosed evi-
dence. Evaluating spontaneous purpose reflection
without explicitly eliciting a problem formulation
remains an important direction for future work.

Severe violations pose a fundamental challenge
to delegating authority to agentic AI, and fabri-
cated dialogue is inconsistent with sound problem-
solving behavior. An example of such behavior
by Claude Fable 5 is shown in Fig. 2, where the
model emitted text formatted as if it were the facil-
itator’s reply, containing content that had not been
provided. The fabricated text was consistent with
the structure of the task, although we do not make
claims about the underlying process that produced
it. Similar forms of rule-violating behavior have
been reported in MIRAGE-Bench (Zhang et al.,
2025a) and represent a serious concern when tasks
are entrusted to AI systems. Previous work has also
reported that increased reasoning can lead to more
tool hallucinations (Yin et al., 2026). A similar ten-
dency may explain why no severe violations were
observed for Claude Sonnet 5, the model positioned

below the others in the family.

Although we present purpose-reflective auton-
omy as a positive concept that helps AI systems
address users’ actual needs and intentions, we must
also consider the risks associated with allowing
systems to depart from explicit instructions. Ap-
propriate guardrails are therefore essential when
implementing agentic AI to ensure that such auton-
omy is exercised safely.

6 Conclusion

We discussed the purpose-reflective aspect of agen-
tic autonomy in LLMs and introduced CaseInter-
viewBench to evaluate this capability. We devel-
oped the benchmark workflow, scenarios, and scor-
ing criteria and evaluated several LLMs. Several
models achieved strong performance on the bench-
mark, while substantial room for improvement re-
mains, particularly in efficiency. Notably, some
models exhibited potentially risky behavior by pro-
ducing text formatted as if it were the facilitator’s
reply, containing content that had never been pro-
vided. Because such fabrication would be difficult
to detect in a deployed agentic setting, we regard
this as the most consequential observation of our
evaluation.
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Limitations

Although this paper aims to evaluate the purpose-
reflective aspect of agentic autonomy, we do not
claim that the benchmark can capture all forms of
such autonomy without omission. We limit the
scope to scenarios that can be investigated through
the fixed workflow, and some relevant behaviors
may not be covered by the proposed benchmark.

The ground truth in each scenario is authored by
the benchmark designers rather than elicited from
real users, and the scenario drafts were generated
by LLMs and then revised by the authors rather
than derived from records of actual consultations.
For requests in domains such as interpersonal re-
lationships, personal decisions, or public affairs,
more than one problem formulation may be defen-
sible, and the appropriate resolution may depend
on preferences, values, or organizational context
that the scenario does not specify. A model whose
output diverges from our reference is therefore not
necessarily wrong. The reported scores should be
read as measuring how well a model recovers the
problem structure a scenario was designed to en-
code, rather than agreement with the purpose of an
actual user. External validation against real con-
sultation cases, consensus among multiple domain
experts, and rubrics that admit a set of acceptable
formulations and resolutions are important direc-
tions for future work.

Relatedly, each scenario assumes that the un-
derlying purpose is fixed for the duration of the
interaction. In practice, a user’s purpose may shift
as the conversation proceeds—new considerations
surface, stated priorities are revised, or the act of
being questioned changes what the user takes the
problem to be. Our fixed-scenario design cannot
represent this, and the benchmark consequently
evaluates the recovery of a stable underlying pur-
pose rather than the tracking of a moving one.

Several components may also introduce uncer-
tainty, including the limited number of scenarios,
imperfect facilitator judgments made by an LLM,
and uncertainty in LLM-as-a-judge scoring. As
shown in Appendix E, the choice of evaluator
model affects the resulting scores. In addition, each
scenario was evaluated in a single run, therefore
run-to-run variance is not quantified.

We also evaluated only a limited set of LLMs.
Therefore, we cannot rule out the existence of mod-
els that would achieve higher scores than the best-
performing model tested in this study.

GPT-5.6 Sol contributes to scenario drafting, is
among the evaluated models, and serves as the eval-
uator; Appendix E provides partial evidence on self-
preference, but a fully independent pipeline would
require an evaluator outside the compared fami-
lies, multi-judge averaging, or leave-one-family-
out evaluation.

The author reference score was produced by the
authors, who were familiar with the benchmark
structure. It may therefore be biased and should not
be interpreted as representative of general human
performance.

The benchmark evaluates purpose reflection in
a structured setting where models are explicitly
instructed to formulate the underlying problem. It
therefore does not establish whether models would
initiate such reflection spontaneously when given
only a user’s original request. The reported scores
should be interpreted as measuring performance
once this reasoning mode is elicited, rather than the
likelihood that a model will autonomously enter
that mode in deployment.

Ethical Considerations

The presented framework evaluates capabilities for
autonomous problem formulation and solution gen-
eration, and we do not identify direct ethical con-
cerns regarding the framework itself. However,
such autonomous behavior may lead systems to
take actions that users do not intend. Therefore,
applications that enhance the autonomous capabili-
ties evaluated by the proposed benchmark should
include appropriate risk assessments, mitigation
measures, and safeguards.
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A Preliminary Experiment for Selecting
the Facilitator Disclosure Judgment
Method

Several methods can be used to determine whether
hidden facts should be disclosed by comparing the
target model’s questions with the reveal-if and do-
not-reveal-if conditions. LLM-based judgment is
one candidate, while lighter approaches based on
text embedding or natural language inference (NLI)
models may offer lower computational cost and
less uncertainty.

We compared LLMs, embedding models, an NLI
model, and combinations of these methods to de-
termine which approach to use in the evaluation
flow. The experiment used 59 human-annotated
questions from three pilot scenarios. The ques-
tions were originally generated by GPT-5.6 Sol,
and the correct labels were manually annotated
by the authors. The labels indicated disclosure of
each hidden fact, no corresponding fact (n/a), or
an overly broad question (obscure), such as “Is any
information available?”

For the LLM-based methods, we compared the
relatively low-cost models Claude Sonnet 5 (An-
thropic, 2026c) and Gemma 4 26B A4B (Gemma
Team et al., 2026) because disclosure judgment
is performed many times and is a simpler task
than score evaluation. For the embedding-based
methods, we used Qwen3-Embedding-0.6B and
Qwen3-Embedding-4B (Zhang et al., 2025b). We
used DeBERTa-MNLI (He et al., 2021) as the NLI
model to balance cost and performance.

We evaluated two-stage inference for both
the LLM-plus-embedding approach and the
embedding-only approach. In the first stage, each
question was classified as disclosure, n/a, or ob-
scure. If it was classified as disclosure, a single
hidden fact to reveal was selected in the second
stage.

Table 6 summarizes the results of the disclosure
judgment evaluation. Wrong fact denotes cases
in which the decision to disclose a fact was cor-
rect, but the disclosed fact differed from the anno-
tation. Over (obscure) and Over (n/a) denote cases
in which a fact was disclosed in response to an ob-
scure or n/a question, respectively. Under denotes
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cases in which no fact was disclosed despite the
question being labeled as requiring disclosure.

Among the tested methods, LLM-based judg-
ment using Claude Sonnet 5 achieved the highest
accuracy. We therefore selected Claude Sonnet
5 for facilitator disclosure judgment in the main
evaluation.

B Preliminary Experiment for Evaluator
Selection

Because evaluating problem formulations, resolu-
tions, and their rationales is complex and involves
multiple criteria, it is difficult to perform reliably
using rule-based algorithms or simpler models. We
therefore evaluated several LLMs as candidate eval-
uators: GPT-5.6 Sol, GPT-5.6 Terra, GPT-5.6 Luna,
Claude Fable 5, Claude Opus 5, Gemini 3.6 Flash,
and Gemini 3.1 Pro Preview.

We prepared 100 sets of final outputs based on 10
scenarios and 10 generation prompts per scenario.
The outputs, generated by GPT-5.6 Sol, included
both correct and incorrect cases and were scored
by the authors. We then assessed how closely each
candidate evaluator aligned with the human judg-
ments. Each set contained four output types: prob-
lem formulation, problem formulation rationale,
resolution, and resolution rationale, resulting in a
total of 400 texts for evaluation.

We excluded Claude Sonnet 5 because its judg-
ment outputs contained formatting errors in 7 of
the 100 sets and could not be parsed automatically.
None of the other models produced formatting er-
rors.

The results are shown in Table 7. We report
exact-match accuracy for the four-point scores,
mean absolute error (MAE) relative to human judg-
ments, and quadratic weighted Cohen’s κ (QWK)
to quantify model–human agreement. Claude Fa-
ble 5 achieved the highest QWK, whereas GPT-5.6
Sol achieved the best accuracy and MAE. Because
the QWK difference between Claude Fable 5 and
GPT-5.6 Sol was only 0.024, we selected GPT-5.6
Sol as the evaluator.

C Example of the CaseInterviewBench
Flow

Figure 3 shows an example of the complete Ca-
seInterviewBench flow for a successful case using
Claude Fable 5 as the target model. The scenario
corresponds to logical type L8, Problem Refram-
ing, and domain D3, Academic. One of the two

hidden facts required for problem formulation was
obtained, and all three hidden facts required for
resolution were disclosed.

D Logical-Type and Domain
Dependencies

We aggregated the scores separately by logical type
and domain to investigate patterns in the models’
strengths and weaknesses.

Figure 4 shows the dependence of the scores on
logical type. The average score for each logical
type ranges from 57.1 for L12, Second-Order Ef-
fects, to 73.9 for L5, Surface Reversal. Although
most models show similar patterns across logical
types, Claude Fable 5 and Claude Opus 5 exhibit
somewhat different tendencies, particularly Claude
Opus 5.

Figure 5 shows the dependence of the scores
on domain. The average score for each domain
ranges from 60.8 for D3, Academic, to 70.2 for D4,
Relationships. The Claude-family models show dif-
ferent domain-level tendencies, whereas the other
models exhibit broadly similar patterns.

E Cross-Model Evaluation

To investigate whether evaluators tend to assign
higher scores to statements and rationales gener-
ated by models from the same family, we con-
ducted a cross-model evaluation using the second-
best evaluator identified in the preliminary experi-
ment described in Appendix B. We selected GPT-
5.6 Sol, Claude Fable 5, and Gemini 3.6 Flash as
the highest-performing models in their respective
model families under the original evaluation with
GPT-5.6 Sol as the evaluator. The outputs from
Steps 1–3 were kept unchanged, and only the Step
4 evaluation was repeated using a different evalua-
tor.

The results are shown in Table 8, with differ-
ences from the original GPT-5.6 Sol evaluation
shown in parentheses. Scores tended to be higher
when Claude Fable 5 was used as the evalua-
tor. However, the increase for GPT-5.6 Sol was
smaller than those for the other models and the au-
thor reference, suggesting a tendency toward self-
preferential evaluation.

This analysis covers one model per family; a
fuller treatment would require multi-judge averag-
ing or leave-one-family-out evaluation, which we
leave to future work.
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INITIAL INFORMATION PROVISION

A second-year master’s student in environmental studies is preparing the literature review chapter of their thesis. They
feel overwhelmed by the volume of publications and worry that they forget most of what they read. They have come to the
university’s academic skills center for help.

Initial request Can you recommend a better note-taking system or app that will help me retain more of the papers I read
for my literature review?

QUESTIONS & ANSWERS

Target Model
When you say you forget what you read, do you mean you can’t recall details later, or that you struggle to connect papers to
your own argument when writing?

Facilitator
When we went through their notes together, the student could accurately recall and explain the key findings of papers they
had read; their existing notes are detailed and searchable.

Target Model
What difficulty does the student actually experience when they sit down to draft the literature review itself?

Facilitator
I do not have any additional information relevant to that question.

Target Model
How does the student currently decide which papers to read for the literature review?

Facilitator
The student has not settled on a specific research question yet; they have been reading broadly across the entire field of
urban water management to get a full picture before choosing a focus.

Target Model
Has the student discussed narrowing their research focus with their thesis advisor?

Facilitator
The advisor offered a meeting last month specifically to help narrow the thesis topic, but the student postponed it, saying
they wanted to read more of the field first.

CONCLUSION

Problem formulation. The student’s difficulty is not poor retention or an inadequate note-taking system; it is the absence
of a defined research question. Reading the entire field of urban water management without a focus makes the literature
feel unmanageable and creates the sensation of “forgetting,” because there is no framework for judging what matters.
Problem evidence. When reviewed together, the student accurately recalled and explained key findings, and their notes
were detailed and searchable, ruling out a retention or tooling problem. They are reading broadly with no settled research
question, and they postponed a meeting their advisor offered specifically to narrow the topic, preferring to “read more first.”
Resolution. Rather than adopting a new note-taking app, the student should schedule the postponed meeting with their
advisor promptly to narrow the thesis topic and formulate a provisional research question, then restructure reading around
that question—reading selectively and organizing notes by themes and their relevance to the emerging argument.
Resolution rationale. A new system would not address the root cause, since retention is demonstrably fine. A provisional
research question provides selection criteria that reduce reading volume and overwhelm, gives notes purpose, and enables
synthesis for the literature review. Continuing to read broadly defers the necessary narrowing decision indefinitely, as the
postponed advisor meeting suggests avoidance; advisor input is the most direct path to a workable focus.

EVALUATION

Category Component scores Score

Problem Formulation S1 3/3, S2 3/3, S3 0.50 83.3
Resolution S4 3/3, S5 3/3, S6 1.00 100.0
Efficiency S7 0.75, S8 0.75 75.0

Overall mean of the three category scores 86.1

Figure 3: Example of the complete CaseInterviewBench flow for a successful case involving Claude Fable 5. The
corresponding logical type and domain are L8 Problem Reframing and D3 Academic.
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Table 6: Summary of the experimental results for facilitator disclosure judgments using various methods, including
LLMs, embedding models, and NLI. Over (obscure) and Over (n/a) denote the over-disclosure rates for obscure and
n/a questions, respectively; Under denotes the under-disclosure rate; and Wrong fact denotes the rate of disclosing a
fact different from the annotated one. The best value in each of the two overall columns is shown in bold, and the
second-best value is underlined.

Overall ↑ Error rate ↓
Method Accuracy Macro F1 Wrong fact Over (obscure) Over (n/a) Under

LLM, single pass
claude-sonnet-5 91.5% 83.2% 4.5% 13.6% 6.7% 0.0%
gemma-4-26b-a4b 83.1% 78.8% 4.5% 22.7% 6.7% 0.0%

Two-stage (LLM gate → embedding)
claude-sonnet-5→ Qwen3-Embedding-0.6B 88.1% 87.0% 4.5% 22.7% 0.0% 0.0%

Embedding only
Qwen3-Embedding-0.6B 66.1% 77.5% 0.0% 22.7% 6.7% 13.6%
Qwen3-Embedding-4B 64.4% 77.7% 0.0% 31.8% 6.7% 9.1%

NLI only
DeBERTa-MNLI 42.4% 43.1% 0.0% 0.0% 0.0% 54.5%

Table 7: Agreement between LLM-as-a-judge results and human judgments. MAE and QWK denote mean absolute
error and quadratic weighted Cohen’s κ, respectively. Accuracy and MAE are calculated against human annotations.
The best score in each column is shown in bold, and the second-best score is underlined.

Judge model Accuracy ↑ MAE ↓ QWK ↑
GPT

gpt-5.6-sol 66.8% 0.370 0.813
gpt-5.6-terra 65.5% 0.390 0.801
gpt-5.6-luna 64.5% 0.408 0.781

Claude
claude-fable-5 64.3% 0.383 0.816
claude-opus-5 64.8% 0.410 0.784

Gemini
gemini-3.6-flash 60.5% 0.480 0.747
gemini-3.1-pro-preview 59.3% 0.478 0.758

Table 8: Evaluation results for the LLMs and the author reference on CaseInterviewBench using Claude Fable 5 as
the evaluator. For each of the GPT, Claude, and Gemini model families, we selected the model that achieved the
highest score when evaluated by GPT-5.6 Sol in Table 5. Values in parentheses indicate score differences relative
to the GPT-5.6 Sol evaluation results shown in Table 5. Efficiency is rule-based and therefore identical across
evaluators.

Component scores ↑
Model Problem Resolution Efficiency Overall ↑

GPT
gpt-5.6-sol 86.7 (−0.2) 83.1 (+2.8) 62.1 77.3 (+0.8)

Claude
claude-fable-5 91.3 (+1.3) 85.9 (+5.6) 66.4 81.2 (+2.3)

Gemini
gemini-3.6-flash 76.0 (+2.6) 70.7 (+3.7) 60.6 69.1 (+2.1)

Authors (reference) 71.9 (+2.9) 62.1 (+3.6) 46.3 60.1 (+2.2)
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Figure 4: Scores aggregated by model and scenario logical type.
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Figure 5: Scores aggregated by model and scenario domain.
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