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Abstract

We investigate the capacity of Large Language Models
(LLMs) for imaginative reasoning—the proactive construc-
tion, testing, and revision of hypotheses in information-sparse
environments. Existing benchmarks, often static or focused
on social deduction, fail to capture the dynamic, exploratory
nature of this reasoning process. To address this gap, we intro-
duce a comprehensive research framework based on the clas-
sic “Turtle Soup” game, integrating a benchmark, an agent,
and an evaluation protocol. We present TurtleSoup-Bench, the
first large-scale, bilingual, interactive benchmark for imagi-
native reasoning, comprising 800 turtle soup puzzles sourced
from both the Internet and expert authors. We also propose
Mosaic-Agent, a novel agent designed to assess LLMs’ per-
formance in this setting. To evaluate reasoning quality, we
develop a multi-dimensional protocol measuring logical con-
sistency, detail completion, and conclusion alignment. Exper-
iments with leading LLMs reveal clear capability limits, com-
mon failure patterns, and a significant performance gap com-
pared to humans. Our work offers new insights into LLMs’
imaginative reasoning and establishes a foundation for future
research on exploratory agent behavior.

Code — https://github.com/lin-ruo/TurtleSoup-Bench

1 Introduction

Large Language Models (LLMs) increasingly serve as the
cognitive core of autonomous agents, enabling advanced
reasoning, understanding, and decision-making (Bubeck
et al. 2023; Xi et al. 2025; Hong et al. 2024; Park et al.
2023; Wu et al. 2025b,a, 2023). Yet these gains largely
assume information-complete settings with fully specified
rules, goals, and context. Many real-world tasks are dy-
namic and information-scarce—e.g., an archaeologist infer-
ring daily life from a few pottery shards, or a police offi-
cer reconstructing a crime from sparse, ambiguous clues. In
such cases, progress depends less on retrieving known facts
than on constructing, testing, and revising speculative ex-
planations of the missing pieces(Xu et al. 2025a; Schacter,
Benoit, and Szpunar 2017). We refer to this advanced rea-
soning capability as imaginative reasoning.
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Prior evaluation of imaginative reasoning in LLMs have
relied on multi-agent social deception games such as Were-
wolf or Avalon (Xu et al. 2024; Lan et al. 2024). These
works mainly emphasise role inference under hidden infor-
mation. TurtleBench (Yu et al. 2024) employs an evaluation
based on static question-answer pairs to assess a model’s
ability to answer deductive questions but fails to evaluate
an agent’s core decision-making capability to autonomously
and strategically decide what to ask next. While valuable,
these benchmarks do not directly measure the iterative pro-
cess of hypothesis generation, testing, and belief updating
that constitutes imaginative reasoning. Their focus remains
on social deduction or static knowledge retrieval, not on the
agent’s ability to creatively explore an unknown problem
space.

To bridge this gap and rigorously examine the imaginative
reasoning potential of modern LLMs, we leverage the clas-
sic narrative-reasoning game Turtle Soup'. As illustrated in
Figure 1, each puzzle reveals only a terse, enigmatic sce-
nario as the soup surface. The solver’s goal is to recover the
complete latent story as the soup bottom—by asking a series
of yes/no questions. Solving a puzzle, naturally, requires an
iterative loop of abductive and deductive logic.Accordingly,
we present TurtleSoup-Bench, a comprehensive benchmark
grounded in turtle soup puzzles, crafted specifically to eval-
uate the imaginative reasoning ability of LLMs. It encom-
passes 800 stories drawn from online sources and expert cre-
ations. Table 1 presents the primary characteristics of our
benchmark and contrasts it with prior benchmarks.

Building on TurtleSoup-Bench, we develop the Mosaic-
Agent framework to model the iterative process of imag-
inative reasoning. The framework comprises a Questioner
agent, a Responder agent, and a memory module. Neverthe-
less, evaluating such a creative, exploratory process presents
a significant challenge, as conventional NLP metrics like
BLEU or ROUGE collapse multiple dimensions of quality
into a single, surface-level similarity score (Liu et al. 2023).
As established in related fields like creative story genera-
tion, a comprehensive assessment requires a multi-faceted
approach (Yang and Jin 2024). To address this, our eval-
uation protocol is designed to disentangle an agent’s per-
formance into two distinct perspectives: the quality of the

! Also known as Situation Puzzles or Yes/No Puzzles.



he \ Bird ‘s Graze
e
(

3 The Wingless Bird ‘s Construction

J The Wingless Bird ‘s Final Rest

The Wingless Bird's Leap

rsurfaceJ It completed a long engineering project on a
cliff. However, on the day. the project was finished, it took a leap
and fell to its death at the bottom of the valley. ,

Was the "project" itself a work of art or a
monument?

72\
£

\

No
Then, is its motive related to an innate,
unchangeable 'physiological' or 'physical'

limitation? R
Yes <Key Clue> | ‘

o \es)

SV L e
N

Is this physical limitation 'being unable to fly'?

Yes <Key Clue> 'm'

So, was the purpose of the 'project' to make up
for this regret and to 'experience’ flight once?

72\
Yes <Key Clue> “
LS

And taking the leap was the only way to

this 'light ?
AN
Yes <Key Clue> “

AR

rbottomJ This is about a wingless bird, born unable to fly.
It envied its own kind in the sky, its heart filled with a longing to
fly. To experience this one dream, it spent its entire life placing
many trees on the steep cliff face, building a 'runway' that ... )

3P 3P P3P D

.

Figure 1: Left is the story of “The Wingless Bird’s Leap” from TurtleSoup-Bench and right is the automatic evaluation through

our Mosaic-Agent.

reasoning process and the accuracy of the final result. We
evaluate the process using two metrics—Logic Accuracy to
assess the coherence of the causal chain and Detail Fidelity
to measure factual grounding—while the result is evaluated
using Conclusion Match, which holistically compares the
agent’s final summary against the ground truth. Together,
these metrics provide a more granular and meaningful as-
sessment than a monolithic score, offering a finer-grained
diagnostic lens for multi-step reasoning systems.

Overall, our main contributions are as follows: (1) We
propose to use TurtleSoup Puzzles as the environment to as-
sess the imaginative reasoning ability of LLMs, construct-
ing TurtleSoup-Bench with 800 scenarios. (2) We design
a multi-agent framework, Mosaic-Agent, aiming to solve
puzzles fully automatically via two dynamic interaction
agents. (3) Experiments on TurtleSoup-Bench demonstrate
that state-of-the-art LLMs struggle with incomplete infor-
mation and complex imaginative reasoning.

2 Related Work

LLM-based Autonomous Agents. Building on founda-
tional frameworks like ReAct (Yao et al. 2023) and Reflex-
ion (Shinn et al. 2023), recent work has increasingly tested
LLM agents in complex multi-agent games. These studies
span social deduction games like “Avalon” (Lan et al. 2024),
“The Traitors” (Curvo 2025), and “Werewolf” (Sato, Ozaki,
and Yokoyama 2024; Zhang et al. 2025; Xu et al. 2025b),
to narrative mysteries like “Murder Mystery Games” (Zhu
et al. 2024; Cai et al. 2025), “SpyGame” (Liang et al. 2023;
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Wei, Chen, and Xu 2025), and “Jubensha” (Wu et al. 2024).
However, these works primarily focus on social strategy and
inter-agent confrontation, rather than individual cognition
in information-scarce environments. Our work takes a dif-
ferent path by avoiding social dynamics to focus on this
fundamental dimension of cognition. We place the agent
in a non-adversarial, puzzle-solving context, where the core
challenge is to perform imaginative reasoning by construct-
ing a coherent narrative from sparse clues.

Evaluating Reasoning in Interactive Environments.
The evaluation of LLMs is shifting from static benchmarks
like MMLU (Hendrycks et al. 2021) to dynamic, interac-
tive environments, as static tests cannot assess the procedu-
ral capabilities required for active exploration (Hsia et al.
2024; Eriksson et al. 2025). Consequently, a new genera-
tion of interactive benchmarks has emerged, covering ar-
eas from open-world exploration (Wang et al. 2024a; Yang
et al. 2025b) and multi-turn dialogue games (Ma et al. 2024;
Bai et al. 2024; Li et al. 2025) to script-based role-playing
(Wang et al. 2024b; Yu et al. 2025; Wang et al. 2025). The
work most adjacent to ours is TurtleBench (Yu et al. 2024),
which pioneered using turtle soup puzzles for reasoning as-
sessment. However, its static question-answering protocol is
verification-based, not exploratory, and thus cannot assess
the core dynamic process of an agent formulating, testing,
and revising beliefs through interaction. Our framework ad-
dresses this gap by shifting the evaluation focus from static
outcome verification to measuring the entire dynamic pro-
cess of imaginative reasoning.



Benchmark / Inter-  Indi- Imagin- Environ- Evalu- TurtleSoup-Bench Feature Value
Framework action  vidual ative ment ation
Crime Thriller 164
Werewolf v v X Adversarial Outcome-based Mind Game 120
Avalon v v X Adversarial Outcome-based Supernatural 62
Jubensha v v X Adversarial Outcome-based Constant Change 116
MIRAGE v v X Cooperative ~ Outcome-based Clever Logic 138
RoleLLM v v X Conversational ~ Output Fidelity Original (Expert-Authored) 200
RPGBENCH v v X Simulative Output Quality Total 800
Word Guess v X X Adversarial Outcome-based Surface Tokens (per scenario)  49.2
TurtleBench X v X Static Puzzle = Outcome-based B . '
ottom Tokens (per scenario)  143.3
Ours v v v Non-Advers.  Path & Fidelity Key Clues (per scenario) 5.7

(a) Comparative Analysis

(b) TurtleSoup-Bench Statistics

Table 1: Comparative analysis of TurtleSoup-Bench against other frameworks and detailed statistics of our benchmark.

3 TurtleSoup-Bench: A Benchmark for
Imaginative Reasoning

Data Collection and Authoring. To balance the bench-
mark’s breadth and novelty, we adopted a dual-source data
collection strategy. First, we collected a large number of
Chinese turtle soup puzzles from well-known online puz-
zle communities (e.g., (Tang 2025)). To select high-quality
samples from this extensive pool, we implemented a two-
stage filtering process. The first stage was a community-
based pre-screening, where we retained only those stories
with high upvote counts, top ratings, or a large number of
positive comments, ensuring their popularity and recognized
quality among players. This step narrowed down the candi-
dates. The second stage was an expert-led final selection,
where our expert team manually reviewed the pre-screened
stories. Based on criteria such as logical soundness, narra-
tive cleverness, and suitability for LLM evaluation, they se-
lected the final 300 stories. To address the critical issue of
data contamination and introduce more challenging scenar-
ios, we then recruited a team of five experienced puzzle de-
sign experts to author 100 entirely new stories. The experts
followed strict design principles during creation, including
logical consistency (the bottom fully explains the premise),
non-obviousness (the bottom is clever and non-intuitive),
and self-containment (solvable only via “Yes/No/Unknown”
questions). The 40 to 60 minutes required to craft a single
story ensures the originality and high quality of this dataset.

Data Curation and Annotation. After compiling the 400
stories, we conducted a rigorous curation and annotation
process for all data. All flawed or ambiguous samples iden-
tified during the selection process were corrected and re-
edited by experts. Subsequently, to support a more nuanced
analysis of agent capabilities, our expert team classified the
collected stories into five core narrative genres, with our
original stories treated as a distinct sixth category. Further-
more, a core contribution of our benchmark is the manual
annotation of a Key Clue Library Ky, for every story. These
expert-defined clues represent pivotal turning points in the
reasoning process and provide effective guidance signals for
the agent. To extend the benchmark’s utility to the global
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research community, the complete corpus of 400 Chinese
stories was professionally translated and culturally adapted
into an equivalent set of 400 English stories.Ultimately, our
TurtleSoup-Bench comprises 800 scenarios, with the de-
tailed distribution shown in Table 1b. Some of the scenarios
are shown in the Appendix.

4 Mosaic-Agent Framework: Interactive
Environment for TurtleSoup-Bench

This section outlines our framework, Mosaic-Agent, de-
signed to simulate a TurtleSoup puzzle solution. The goal is
to find the soup bottom behind the soup surface by modeling
multi-turn interaction between a questioner and a responder
agent grounded in the real TurtleSoup situation (Wikipedia
contributors 2024). As illustrated in Figure 2, the frame-
work consists of: the questioner agent, the responder agent,
and memory module. The questioner agent aims to act like
the player to propose imaginative questions. The responder
agent is like god to response the question and hint about key
clue. And the memory module acts like a detective’s note-
book, recording the full conversation and pivotal clues.

4.1 Questioner: A Deliberative Cognitive
Architecture

Efficient human problem-solving follows a logic progress-
ing from analysis to decision-making. The process begins by
analyzing information to form hypotheses (Binz and Schulz
2023), then uses strategic foresight to simulate potential out-
comes (Schacter, Addis, and Buckner 2007). Ultimately, this
analysis leads to a key decision—such as asking a highly in-
formative question—aimed at most effectively reducing un-
certainty (Kidd and Hayden 2015). We leverage this cogni-
tive model by decoupling our questioner agent’s question-
generation mechanism into three corresponding processes:
deliberation, meta-cognition, and action generation, to repli-
cate the efficiency of human thought.

Deliberation Agent. This agent serves as the core ana-
Iytical engine. At the beginning of each decision cycle, it
processes existing information to form a comprehensive un-
derstanding of the situation and identify key directions for
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Figure 2: The Mosaic-Agent Framework

the next exploration. The workflow is designed as a hier-
archical cognitive process that integrates two distinct but
complementary levels of cognition: one for local analysis
for immediate reaction, and another for global synthesis to
build a macroscopic understanding. This progressive, local-
to-global design is manifested in:

First, the agent performs a quick analysis of the most re-
cent question-answer pair, (¢;—1, a;—1), where ¢ denotes the
question, a the answer, and ¢ the current turn. The purpose of
this step is to quickly parse the newly acquired local infor-
mation from the last interaction, establishing a clear starting
point for the next line of reasoning.

To form a more macroscopic and in-depth understanding,
the agent periodically (at a fixed interval of k turns) con-
ducts a global deliberation to examine the global picture and
prevent cognitive myopia. The core of this process is updat-
ing its internal Belief State, By, a structured json object of
the agent’s understanding of the story’s core logic L;, key
details Dy, and overall conclusion C.This update is handled
by the function fg,y,, which directs the agent to retrieve the
Interaction History H;_1, Key Clue Records K., from the
shared Memory module, and the belief state from the previ-
ous cycle B;_j, into the new belief state.

Bt = (Lta Dt7 Cf) == fsum(Ht—lyKrem Bt—k) (1)

Then the agent performs a self-diagnosis on the updated
belief state B, to identify logical gaps or missing informa-
tion. The function fyqyice performs this diagnosis, instructing
the agent to generate a structured “Analysis and Proposal
Set” (APS) based on the current belief state B; and the soup
surface Sgyt:

APS, = fadvice(Bt7 Ssurf) = {(dj7 anj,pj)}jm:1 )

This set contains m tuples, where each tuple represents a
specific doubt d;, its corresponding analysis an;, and a
question proposal p; designed to resolve the doubt. Detailed
illustration for are in Appendix.

Meta-cognition Agent. This agent dynamically adjusts
the agent’s macro-level strategy by periodically classifying
the puzzle’s narrative genre.

A static strategy is brittle in complex exploration. The
agent initiates a judgment whenever it acquires several new
clues or after several turns with no progress. This judgment
involves a three-vote majority classification based on the
soup surface Sqyf, Interaction History H;_1, and the Key
Clue Records K., to assign the puzzle to a narrative genre.
An occasional misclassification can cause severe strategy os-
cillation. Imagine the agent misclassifies a crime story as su-
pernatural; it would waste turns asking about ghosts.

To prevent this, we use a Smoothed Confidence mecha-
nism. It maintains a policy confidence, ¢, representing the
agent’s confidence in its current assessment, initialized to a
neutral 0.5 at the start of the game. When a new vote yields a
confidence score v., we update it via the Exponential Mov-
ing Average formula:

™M — ey 4 (1—a) - v, 3)
where c;_; is the confidence from the previous cycle. A key
stability feature is that the agent switches its strategy only
if the new smoothed confidence, cim""ﬂ‘, exceeds the sum of
the old confidence and a predefined threshold, 7gyicch- In our
study, « is set to 0.7, and Tgwich 1S set to 0.1.

A successful genre switch makes the agent adopt a new
questioning strategy, We designed unique questioning strate-
gies for each narrative genre in collaboration with human
experts, following the principles of compositional reasoning
(Press et al. 2023). These strategies target the typical logi-
cal structures of each genre to make subsequent questioning
more focused.

Action Formulation Agent. In this agent, we aim to in-
tegrate the various cognitive outputs to formulate the final
single question action ¢;.

First, in the candidate generation stage, the agent com-
bines the Analysis and Proposal Set AP.S; from the Delib-
eration agent with the chosen questioning strategy from the
Meta-cognition agent to generate three candidate questions,
Qcand- Next, in the optimal screening stage, we let the agent
act as its own decision-making critic. The agent considers
the full Interaction History H;_1, its own analysis APS;,
and a blacklist, B. This blacklist is created at the start of
the game and is dynamically updated with questions that
are identified as ineffective or redundant during gameplay.
Based on this complete context, the agent selects from the
candidates the single best question, g, that is most likely to
yield new information while avoiding redundancy:

q: = argmax Score(q'|H;_1, APS;, B) 4)
q' €Qcand

This complete Deliberation-MetaCognition-Action process
ensures that every question posed by the agent is well-
considered and most likely to lead to the truth. Finally, ¢;
is sent to the Memory module and passed to the Responder.



4.2 Responder: Simulating an Interactive
Environment

Using an LLM to simulate the Responder is validated by
prior work(Yu et al. 2024). The Responder is thus designed
as a faithful interactive environment; while inherently non-
deterministic, we maximize its response fidelity via low tem-
perature, fixed seed, and a constrained answer space. Its core
function, frespond, maps the Questioner’s question at turn ¢,
qi, to a feedback tuple (at, f;), based on the soup bottom
Shot and the Key Clue Library Kyp:

(ah ft) = frespond(Qta SSO]7 Ktips) 5)

This tuple consists of two components, the answer a; and
the key clue flag f;, which are detailed as follows:

Answer Generation. Given the Questioner’s query ¢; and
the soup bottom Spo, the agent first makes a logical judg-
ment as to whether the content of ¢; is consistent with Sp.
Based on this judgment, the agent provides a standardized
answer, a., strictly confined to one of three categories:

* Yes: Indicates the statement in the question is true ac-
cording to the solution. For instance, if the solution is
“The killer wore a red coat”, the answer to “Did the killer
wear a red coat?” is “Yes”.

No: Indicates false statement. For the same example, the
answer to “Did the killer wear a blue coat?” is “No”.

Unknown: This response encompasses cases where the
information is either genuinely absent from the solution
or simply irrelevant to the core mystery. For simplicity,
we group these two cases into a single “Unknown” label,
as both represent information that does not advance the
puzzle’s solution. This simplification has minimal impact
on solving the core mystery, as the “Key Clue” mecha-
nism safeguards the discovery of pivotal information.

Key Clue Identification. To better guide the Questioner’s
reasoning and help it recognize breakthroughs, we introduce
the boolean flag f;. That is, not all “Yes/No” answers are
equally important, and the questions that hit upon the core
of the puzzle will be highlighted by this flag.

The agent determines if the semantics of the question ¢
are directly relevant to any of the predefined key clues in
K. If they are, f; is set to true, and a <Key Clue> marker
is appended to the answer string a;. And they are passed to
the Questioner via the memory module. For example, if the
core of a solution is “The man was a dwarf and couldn’t
reach the button,” a key clue in K, might be “The man’s
height is a critical factor.” When the Questioner asks, “Was
the man short?”, the answer would be “Yes” and f; would be
true, so the final complete answer returned to the questioner
would be the string “Yes<Key Clue>".

4.3 Memory Module

The memory module acts as a central hub in the agent’s cog-
nitive loop, recording information that facilitates the ques-
tioner’s reasoning process. The module is partitioned into
two key components: the complete interaction history and a
curated record of key clues.

Interaction History. The Interaction History H; is a com-
plete, chronological log of every question posed by the
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Questioner and every answer given by the Responder. Its
primary function is to provide complete context to the ques-
tioner, allowing agents to reflect on the entire conversational
flow and prevent reasoning gaps due to forgotten informa-
tion.

Key Clue Records. The Key Clue Records K. is a fil-
tered, high-value memory pool. When a response from the
Responder is flagged with <Key Clue>, the correspond-
ing question-answer pair (q¢, a;) is stored here. The purpose
of this design is to allow the Questioner to quickly locate and
access the information that is pivotal to solving the puzzle.

4.4 Automated Evaluation Protocol

To objectively evaluate Mosaic-Agent’s open-ended sum-
mary, our protocol first decomposes the soup bottom Spe
into two sets of structured evaluation points using an LLM:
Core Logic Points Ly and Key Details Dy,.. The number
of points elicited is determined adaptively by a set of heuris-
tic rules based on the solution’s length and complexity—for
instance, the number of logic points ranges from 2 to 5 de-
pending on text length—to ensure comprehensive coverage.

The Questioner’s summary, Bina = (Lpred; Dpreds Cpred)»
is then assessed across three dimensions. The motivation for
these dimensions is to disentangle the agent’s capabilities
from the dual perspectives of the reasoning process and the
final result. To evaluate the process, Logic Accuracy Siogic
measures the coherence of the causal chain by matching
Lreq against Ly, while Detail Fidelity Sgeils measures the
factual grounding by matching Dypeq against Dyye. To evalu-
ate the result, Conclusion Match S¢onciusion provides a holis-
tic assessment by comparing the final summary text Cpreq
with the soup bottom Sp.

In implementation, we use the latest LLM to perform se-
mantic matching. To align with human judgment, the logic
and detail scores undergo a Two-Threshold Calibration:
a Validity Threshold of 0.5 ensures rigor by filtering out
weakly-related matches, while a High-Confidence Thresh-
old of 0.8 normalizes any strong match to a full score of
1.0, making the evaluation robust to paraphrasing. The final
Overall Score is a weighted sum:

(6)

where the weights w;, wq, and w, are set to 0.3, 0.3, and 0.4
in our study, respectively. Furthermore, we report all per-
metric results, enabling straightforward recomputation un-
der any alternative weighting scheme.

Soverall =wy - Slogic + wq - Sdelails + we - Sconclusion

4.5

To illustrate the difficulty of TurtleBench, we recruited 4 hu-
man players with extensive experience in the Turtle Soup
game. These experts played all 400 Chinese scenarios in
TurtleSoup-Bench. We meticulously recorded the gameplay
of each human player, including the complete sequence of
questions, the number of turns taken to solve each puzzle,
and their final summary. The human baseline was estab-
lished on the Chinese portion of the benchmark, which we
posit sufficiently demonstrates human-level performance on
this task. Critically, we do not subjectively score the human

Human Performance Baseline



Model

Lang Crime Thrill.

Mind Game

Supernat.

Const. Change

Clev. Logic

Orig. Data.

Score Reduce

Score Reduce

Score Reduce

Score Reduce

Score Reduce

Score Reduce

claude3 Tcommer  Ch 5454 (-15.34) 54.66 (-18.39) 58.67 (-16.39) 63.19 (-8.93) 6151 (-11.82) 56.82 (-11.05)
ude-3. En  28.18 (-41.70) 30.63 (-42.42) 37.00 (-38.06) 39.93 (-32.19) 39.97 (-33.36) 31.56 (-36.31)
ominio 5.flas | CN 5239 (-17.49) 47.93 (25.12) 5742 (17.64) 6290 (:9.22) 45.45(-27.88) 51.74 (16.13)
g : En  33.59 (-36.29) 30.73 (-42.32) 35.00 (-40.06) 40.95 (-31.17) 42.17 (-31.16) 34.15 (-33.72)
decoseckrl Ch 46.94 (:22.94) 46.88 (-26.17) 53.61 (-21.45) 59.36 (-12.76) 57.51 (-15.82) 57.14 (-10.73)
P En 2982 (-40.06) 24.35 (-48.70) 36.77 (-38.29) 41.40 (-30.72) 36.86 (-36.47) 29.76 (-38.11)
o Ch 2879 (-41.09) 28.57 (-44.48) 32.26 (-42.80) 38.07 (-34.05) 34.38 (-38.95) 33.85 (-34.02)
gp En 3146 (-38.42) 2678 (-46.27) 32.19 (-42.87) 41.76 (-30.36) 39.23 (-34.10) 30.68 (-37.19)
. Ch 42.07 (:27.81) 39.62 (-33.43) 52.19 (-22.87) 54.84 (-17.28) 46.58 (-26.75) 48.55 (-19.32)
qwen3- En  15.66 (-54.22) 14.67 (-58.38) 17.45 (-57.61) 22.95 (-49.17) 21.38 (-51.95) 20.25 (-47.62)
: Ch 10.51(-59.37) 8.95 (-64.10) 6.74 (-68.32) 13.22 (-58.90) 12.57 (-60.76) 7.70 (-60.17)
llama3-8b-instruct g 657 ((6331) 5.12 (-67.93) 7.84 (-67.22) 8.67 (-63.45) 11.52(-61.81) 6.88 (-60.99)
Human Baseline 69.88 73.05 75.06 72.12 73.33 67.87

Table 2: Overall scores Syyeran Of different models and the human baseline, grouped by language, across all six genres from
TurtleSoup-Bench. Scores are presented as percentages, with the reduction from the human baseline noted. The best-performing
model in each column for each language group is highlighted in bold.

players. Instead, their generated final summaries are fed into
the same Automated Evaluation Protocol described in the
Section 4.4. This ensures that the performances of both the
agent and the human players are compared under an identi-
cal, objective standard, guaranteeing a fair comparison.

S Experiments
5.1 Experimental Setup

Environment and Models. All experiments are conducted
on our TurtleSoup-Bench. We select a representative suite of
state-of-the-art LLMs for evaluation, including claude-3.7-
sonnet(Anthropic 2025), gemini-2.5-flash(Comanici et al.
2025), deepseek-r1(Guo et al. 2025), gpt-4o(Hurst et al.
2024), gqwen3-32b(Yang et al. 2025a), and llama3-8b-
instruct(Dubey et al. 2024). In our symmetric design, the
Questioner and Responder employ the same model to simul-
taneously assess its reasoning and comprehension fidelity.
To ensure fairness, we use deepseek-r1 for evaluation.

Evaluation Protocol. We employ the automated protocol
from Section 4.4, with primary metrics being Siogic, Sdctails»
Sconclusion aNd Sgverarl- Furthermore, we introduce the Human
Baseline established in Section 4.5 as a reference to mea-
sure the performance gap between LLM agents and human
experts.

Implementation Details. In all experiments, the periodic
deliberation interval k is set to 5, and the maximum number
of question turns Ny, is 30. Due to cost, all scenarios in this
study are run only once.

5.2 Quantitative Analysis

Table 2 presents the results of our quantitative evaluation on
TurtleSoup-Bench, providing concrete evidence for analyz-
ing the imaginative reasoning capabilities of LLMs.

The results reveal a clear performance stratification
among models that top-tier proprietary models form
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a leading group, while open-source models, even the
larger-parameter qwen3-32b (48.1%), exhibit a signifi-
cant performance gap compared to the former, such as
claude-3.7-sonnet (58.8%). While the human performance
achieved higher score as 67.87% for least. We believe that
the performance bottleneck arises not only from the Ques-
tioner’s deficiency in generating effective exploratory hy-
potheses but also from the Responder’s difficulty in accu-
rately understanding questions and faithfully providing cor-
rect answers. A flawed Responder introduces environmental
noise that systematically derails the reasoning process.

Model performance correlates strongly with the nar-
rative paradigm, revealing capability biases. For example,
gemini-2.5-flash excels on “Constant Change” (62.9%) but
drops sharply on the non-intuitive “Clever Logic” (45.5%).
And when a task requires modeling complex human intent
(as in “Crime Thriller”) or non-linear logical reasoning, the
performance of most models is severely challenged. This re-
veals that current LLM imagination is not a general but a
collection of specialized skills optimized for specific tasks,
with limited generalization.

Furthermore, a systematic performance decline is ob-
served across almost all models on the English dataset.
For example, the average score of deepseek-rl drops by
nearly 40%. Although we have done some cultural adap-
tations, the subtleties of many puzzles are rooted in their
cultural and linguistic origins. The introduction of ambigu-
ity and semantic loss during cross-language conversion also
increase the difficulty of reasoning.

Finally, a significant chasm persists between the best-
performing agents and the human baseline. The top
model, claude-3.7-sonnet, still lags behind human experts
by approximately 13 percentage points. The highly effec-
tive intuition, creative hypothesis generation, and the ability
to efficiently eliminate irrelevant options from a vast space
of possibilities that human players exhibit are core capa-



bilities that current models, reliant on probabilistic pattern-
matching, have yet to replicate.

5.3

Our qualitative analysis categorizes the failures of LLM in
imaginative reasoning into four distinct levels, progressing
from the micro to the macro. Figure 3, through a specific
case analysis, demonstrates two of these modes.

Qualitative and Error Analysis

Repaying Kindness with Enmity
Puzzle Context: The Soup Surface describes "I" repaying kindness with enmity for failing a
promise. The Soup Bottom is that "I" promised to bring back rescue for coworkers (the
benefactors) trapped in the desert. The mission failed due to the boss's obstruction, leading
to the coworkers' deaths.
Turn 3-6: Was the promise related to safeguarding / using / returning / transferring an
object? (All denied)
Turn 13: Did the action involve... delivering or destroying an object? / Did the promise
involve acquiring or creating an object?
Turn 12:
Q: Did... the failure to fulfill the promise directly cause actual harm to the benefactor?
R: No<Key Clue>
Path Analysis: The Questioner's failure is a typical case of Deductive Pruning Failure.
After multiple "No" answers ruled out the possibility of the promise being related to an
object, the agent failed to perform effective deductive reasoning to abandon this line of
inquiry. The Responder’s failure is a Context Construction Failure, as it failed to
understand the direct causal link between the 'failed promise' and the 'coworkers' deaths'
within the context it was given, leading to a factual error.

Figure 3: Case Studies of Four Typical Failure Paradigms

The most foundational failure is Semantic Fixation,
which occurs at the level of word meaning interpretation.
This stems from the model’s reliance on the statistical in-
ertia of its training data, causing it to rigidly default to a
word’s most high-frequency, literal meaning while ignoring
contradictory contextual clues. This causes the entire rea-
soning process to start from a flawed premise.

This micro-level error then precipitates a more macro-
scopic Context Construction Failure at the scene level.
The core deficit here is in integration and updating. Even
when the model understands all individual clues, it fails to
effectively splice these fragmented and sometimes contra-
dictory pieces of information into a coherent global context.
Then the imaginative process stalls

Logic Blind Spots shows a higher-order bottleneck, a
failure to reason about “why”. Even with a correct fac-
tual context, the model struggles to conceive of the atyp-
ical causality that drives the scenario. Its reasoning paths
are constrained by the common patterns within its training
data, preventing it from proactively generating truly out-of-
distribution hypotheses. This sharply defines the boundary
of current LLM imagination: it excels at high-fidelity infer-
ence within its experiential space but lacks the creative leap
required for genuinely novel solutions.

Finally, Deductive Pruning Failure is a fundamental
deficit at the process and methodology level. This is less
about content comprehension and more about the rigor of the
reasoning process itself. The model ineffectively uses nega-
tive feedback to systematically eliminate falsified branches
of the possibility space. Instead, it pursues redundant explo-
ration down disproven paths. This demonstrates that model
lacks the ability to adjust its own line of inquiry which ren-
ders its imaginative process both disordered and inefficient.
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Agent Conﬁg Slogic Sdetails Sconclusion Soverall
Mosaic-Agent 54.72  56.68 59.45 57.14
w/o Deliberation 5591 54.10 47.10 51.76
w/o Meta-Cog. 56.14 50.51 47.70 51.07
w/o Pruning 51.86 5294 45.95 49.80
w/o Key Clue 46.84 45.85 47.45 46.73
w/o All agents 46.93 51.91 41.55 46.24

Table 3: Ablation study of the Mosaic-Agent framework
driven by the deepseek-rl model, evaluated on the original
dataset from TurtleSoup-Bench.

5.4 Ablation study

To verify the necessity of each agent in our cognitive ar-
chitecture, we conducted ablation studies by selectively re-
moving key components. All variants use deepseek-rl as
the base model and were tested on the original dataset from
TurtleSoup-Bench. The results are presented in Table 3.

Deliberation Agent. Removing the Deliberation Agent
(57.14 — 51.76) harms performance, as the agent loses its
ability to integrate scattered clues. This highlights that sim-
ple generative models are insufficient for such tasks.

Meta-cognition Agent. Disabling the Meta-cognition
Agent (57.14 — 51.07) removes strategic adaptation, prov-
ing that advanced planning requires explicit architectural
support.

Optimal Pruning Removing Optimal Pruning (57.14 —
49.80) bypasses self-correction, leading to less optimal de-
cisions. This confirms the need to treat LLM outputs as pro-
posals to be evaluated.

Key Clue Mechanism Removing the Key Clue mecha-
nism (57.14 — 46.73) causes the most severe collapse. With-
out this high signal-to-noise feedback, exploration degrades
into a near-random walk, suggesting feedback quality is a
primary driver of efficiency.

Synergistic Effect of the Architecture Finally, the base-
line agent (w/o All agents) scored 46.24, nearly identical to
the score when only the Key Clue mechanism was removed
(46.73). This reveals a crucial architectural synergy: sophis-
ticated modules like Deliberation are ineffective without the
high-quality information stream provided by the Key Clue
mechanism. The ability to identify high-value information
is thus a prerequisite for higher-order reasoning.

6 Conclusion

We introduce a framework to probe LLM imaginative
reasoning, a critical capability for information-scarce en-
vironments. Our framework includes three components:
TurtleSoup-Bench, the first large-scale interactive bench-
mark; Mosaic-Agent, featuring a novel deliberative archi-
tecture; and a multi-dimensional evaluation protocol. Un-
like prior work on static outcomes or social dynamics, we
pioneer evaluating the exploratory reasoning process itself.
Experiments reveal LLM limitations and validate our path-
analysis approach. This work establishes a standard for eval-
uating imaginative reasoning, shifting focus from final out-
comes to the dynamic inquiry process.
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