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Abstract

Multimodal abductive reasoning—the genera-
tion and selection of explanatory hypotheses
from partial observations—is a cornerstone of
intelligence. Current evaluations of such ability
in vision–language models (VLMs) are largely
confined to static, single-agent tasks. Inspired
by Dixit, we introduce DIXITWORLD1, a com-
prehensive evaluation suite designed to decon-
struct this challenge. DIXITWORLD features
two core components: DixitArena, a dynamic,
multi-agent environment that evaluates both
hypothesis generation (a “storyteller” crafting
cryptic clues) and hypothesis selection (“listen-
ers” choosing the target image from decoys) un-
der imperfect information; and DixitBench, a
static QA benchmark that isolates the listener’s
task for efficient, controlled evaluation. Results
from DixitArena reveal distinct, role-dependent
behaviors: smaller open-source models often
excel as creative storytellers, producing imag-
inative yet less discriminative clues, whereas
larger proprietary models demonstrate superior
overall performance, particularly as listeners.
Performance on DixitBench strongly correlates
with listener results in DixitArena, validating
it as a reliable proxy for hypothesis selection.
Our findings reveal a key trade-off between
generative creativity and discriminative under-
standing in multimodal abductive reasoning, a
central challenge for developing more balanced
and capable vision-language agents.

1 Introduction

Abductive reasoning (Peirce, 1931; Frankfurt,
1958) is a cornerstone of human intelligence de-
noting the inference process towards the best ex-
planatory hypothesis from observation. This ability
is fundamental to complex cognitive tasks ranging
from commonsense reasoning to scientific discov-
ery (Bhagavatula et al., 2020; Bisk et al., 2019).

* Equal Contribution
1https://github.com/HKUST-KnowComp/DixitWorld

DixitWorld Gameplay

Scores this round:
Storyteller: 3 pts (partial correct)
Listener A: 4 pts (bonus)
Listener B: 0 pts            
Listener C: 3 pts

Story Teller
Silent echoes in the hollow hall 

Listener C
I select Card 4

Storyteller: 
“Silent echoes in the hollow hall”
Listener A: Chosen card 4
→ Vote:   ✅ Correct
Listener B: Chosen card 1
→ Vote:   ❌Wrong
Listener C: Chosen card 4
→ Vote:   ✅ Correct

Listener C’s Reasoning: 
Card 1: Puppet with strings, dark stage-

like background. Silent fits, but no strong 

sense of echoes or hall → partial at best.

Card 2: Man on floating stairs to door. 

Silent/echoes possible metaphorically, 

but no hall → weak match.

Card 3: It’s the card I provided.

Card 4: Sparse indoor room, mounted 

deer, calm cat, puddle. Emptiness evokes 

hollow hall, silence is clear, echoes 

metaphorical (trophy, reflection). → best 

fit. Therefore, I select Card 4 as my 

final guess.

Listener A
I select Card 4

Listener B
I select Card 1 

Figure 1: An illustration of Dixit gameplay.

Recent advances in vision-language models
(VLMs) (Liu et al., 2023; Google, 2025) have
shown remarkable progress in perception-grounded
reasoning tasks. However, the extent to which these
models can perform abductive reasoning remains
unclear. Prior benchmarks such as VAR (Liang
et al., 2022) and Sherlock (Hessel et al., 2022) are
limited to static, single-agent inference with fixed
candidate sets, leaving open the question of how
VLMs behave when abductive reasoning must be
both generated and evaluated in dynamic, multi-
agent scenarios.

To bridge this gap, we introduce DIXITWORLD,
an evaluation suite inspired by the game Dixit.
Its core component, DixitArena, provides a near-
perfect operationalization of multimodal abductive
reasoning by naturally decomposing the process
into two complementary roles. The Storyteller
performs hypothesis generation: given an image
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(the observation), they must generate a cryptic clue
(the explanatory hypothesis) that is abstract enough
to create ambiguity but clear enough to be solvable.
Conversely, the Listeners perform hypothesis se-
lection: presented with the clue, they must perform
an "inference to the best explanation" by evaluating
a set of competing visual hypotheses—the target
and adversarial decoys—to identify the most plau-
sible origin of the clue. Our large-scale simulations
with this setup reveal a stark asymmetry in how
models handle these roles: smaller open-source
models often act as more creative but less precise
storytellers, while larger proprietary models excel
as listeners but struggle with the storyteller’s core
challenge of balancing informativeness and ambi-
guity.

To enable more efficient and controlled evalua-
tion, we further curate DixitBench. This bench-
mark isolates the listener’s role, reframing the hy-
pothesis selection challenge as a multiple-choice
QA task with adjustable difficulty. Crucially, model
performance on DixitBench strongly correlates
with listener performance in DixitArena, validating
it as a reliable and lightweight proxy for evaluating
hypothesis selection.

Taken together, DIXITWORLD offers a three-
fold contribution: (1) we introduce DixitArena and
DixitBench as complementary benchmarks that
decompose multimodal abductive reasoning into
generation and selection under adversarial condi-
tions; (2) we reveal a critical storyteller–listener
asymmetry—over 78% of storyteller rounds yield
zero points, yet listener accuracy reaches 75.6%
for the best model—demonstrating that discrimi-
nation far outpaces controlled creative generation
in current VLMs; and (3) we provide extensive
analyses (scaling, calibration, sensitivity) showing
that this gap is structural, not attributable to model
scale or evaluation artifacts (r = 0.947 between
DixitBench and Arena).

2 DIXITWORLD

DixitArena DixitArena is an interactive, multi-
agent environment designed to operationalize mul-
timodal abductive reasoning. In each match,
four agents alternate between the roles of Story-
teller and Listeners. The Storyteller performs
hypothesis generation by observing an image and
creating a cryptic clue. The Listeners then per-
form hypothesis selection, inferring which image
best explains that clue from a set of distractors. A

key feature is the scoring mechanism, which di-
rectly rewards abductive success: the Storyteller
only scores points for partial correctness—when
some, but not all, Listeners identify the target.

DixitBench To complement the dynamic environ-
ment, DixitBench is a static benchmark designed to
isolate and control the evaluation of the listener’s
task. It reframes hypothesis selection as a multiple-
choice QA problem, where models must identify
the target image for a given clue from a set of dis-
tractors. The benchmark consists of 252 questions
(84 images × 3 difficulty tiers: Easy, Medium,
Hard), where each item has 1 target and 5 distrac-
tors (6 candidates total) and distractor difficulty is
systematically controlled via semantic similarity
between pre-generated captions. In the main text
we focus on the Easy and Hard tiers (168 items)
for a clear difficulty contrast; the Medium tier is
reported in Appendix E. The framework is highly
scalable: with 84 images, the total possible ques-
tion configurations (1 target + 5 distractors) num-
ber

(
84
6

)
≈ 4.06 × 108. The current 252 items

constitute a balanced, analyzable subset validated
by human annotation (κ > 0.8; see Appendix E).
As performance on DixitBench strongly correlates
with listener results in DixitArena, it serves as a
validated and efficient proxy for this ability.

Evaluation Metrics Performance in DixitArena
is measured using three primary metrics: (i) Sto-
ryteller Score, the percentage of rounds achieving
partial correctness; (ii) Listener Accuracy, the per-
centage of correct target identifications; and (iii)
Overall Score, the normalized total points earned
per match (see Eq. 1), reflecting the combined suc-
cess across both roles under the Dixit scoring rules.

The overall normalized score for a model is the
average of its normalized scores across all matches,
calculated as:

Score =

(
1

|N |
∑

i∈N

scoreattained
i

scoremax
i

)
× 100% (1)

where N represents the set of matches played.
For DixitBench, we report overall accuracy as

well as performance across the Easy and Hard
subsets. All scores are normalized to a 0–100%
scale. Full implementation details, fairness pro-
cedures, and difficulty calibration are provided in
Appendix E and D.
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Figure 2: Head-to-head normalized overall scores (%)
in the round-robin tournament. Each cell shows the
row model’s score when matched against the column
model. Higher values indicate stronger performance
against that opponent.

Model Storyteller Listener Overall

Qwen2.5-VL-7B 14.29 30.87 17.39
Qwen2.5-VL-32B 15.48 50.79 30.63
Gemma3-12B 20.24 49.44 31.68
Gemma3-27B 32.14 49.76 34.15
GPT-4o 19.05 53.89 34.58
Gemini-2.5-Flash 30.95 54.05 36.52

Table 1: Normalized scores (%) for Storyteller, Lis-
tener, and Overall performance in DixitArena. Models
are ranked by their overall average score. The best
and second-best scores in each column are in bold and
underlined, respectively.

3 Experiment and Analysis

We evaluate six modern VLMs of varying scales,
including Qwen2.5-VL-7B/32B, Gemini-2.5-Flash,
Gemma3-12B/27B, and GPT-4o. All models are
configured with the temperature of 0.7 to encour-
age diversity. Model specifications and prompt
templates are detailed in Appendix B and C.

3.1 DixitArena Gameplay Performance

Figure 2 illustrates the head-to-head gameplay per-
formances in our round-robin tournament across
all six models in DixitArena.

Larger and proprietary models (Gemini-2.5-
Flash, GPT-4o) generally outperform smaller open-
source ones, confirming that abductive reason-
ing benefits from scale and more comprehen-
sive multimodal pretraining. In addition, models’
scores are influenced by the strength of their oppo-
nents—when facing stronger models with higher
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Figure 3: Distribution of storyteller round outcomes.
Only the “Partial-Correct” outcome yields points for the
storyteller, making it the desired result.

average performance, weaker models’ scores tend
to drop, indicating that high-performing agents im-
pose stronger abductive pressure through clearer
or more discriminative cues. Conversely, matches
between weaker models exhibit higher variance
and less stable gameplay performance. Overall,
the matrix reveals a consistent capability hierarchy
alongside non-trivial interaction effects between
model strength and opponent style.

Furthermore, Table 1 presents the gameplay per-
formance with different roles isolated. Listener
performance generally scales with model size and
proprietary status, while storyteller ability does not.
This reveals that while large models are adept at un-
derstanding clues, they struggle with crafting them
with the requisite balance of ambiguity and clarity.
For instance, GPT-4o excels as a listener yet ranks
only mid-level as a storyteller, underscoring this
performance gap. A scaling analysis with an addi-
tional 72B-parameter model (Appendix I) confirms
that this asymmetry persists at frontier open-source
scale, ruling out insufficient model capacity as an
explanation.

To further diagnose the asymmetry in storyteller
performance, we decomposed round outcomes into
three categories: Partial-Correct (the optimal out-
come), All-Correct (too obvious), and All-Wrong
(too vague or misleading). As shown in Figure 3,
over 78% of storyteller rounds yielded zero points,
falling into either the All-Correct or All-Wrong cat-
egories. This high failure rate reveals that models
frequently struggle to strike the intended “Dixit bal-
ance” between clarity and ambiguity. The nature of
this failure varies by model scale: smaller models
often produce overly literal or vague clues, while
larger ones tend toward over-specificity. This con-
firms that generative abduction—requiring a blend
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Model Easy Hard Total

Qwen2.5-VL-7B 39.05 34.29 36.67
Qwen2.5-VL-32B 70.24 55.95 63.10
Gemma3-12B 58.33 57.14 57.74
Gemma3-27B 63.10 61.90 62.50
Gemini-2.5-Flash 65.48 64.29 64.89
GPT-4o 78.57 72.62 75.60

Table 2: Performance on the DixitBench. The small
gap between Easy and Hard subsets suggests limited
sensitivity to semantic difficulty.
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Figure 4: Comparison between direct selection and en-
tailment scoring strategies in DixitBench.

of creativity and controlled uncertainty—remains a
primary bottleneck for current VLMs.

3.2 DixitBench Performance

Table 2 presents VLM performances on Dixit-
Bench, which are highly consistent with listener
results from DixitArena (Pearson r = 0.947, p =
0.004, 95% CI [0.65, 0.99]; Spearman ρ = 0.929,
p = 0.003), thus validating the benchmark’s re-
liability as a proxy for hypothesis selection. The
results also show that the difficulty classification
based on semantic distance yields only a mod-
est performance gap (4.8% in average) between
Easy and Hard questions. Although directionally
valid, this modest gap shows that simple seman-
tic distance is not a strong indicator of difficulty
for the abstract gameplay scenarios in Dixit. Fu-
ture iterations of DixitBench will explore factorial
distractors (varying object, relation, style, and af-
fect independently) to achieve larger difficulty sep-
aration.

We further compared listener performance under
two hypothesis selection strategies: direct selec-
tion (choosing one image) and entailment scoring
(rating all candidates independently and choose the
highest one). As shown in Figure 4, all models per-
form consistently better under direct selection, with
accuracy drops of roughly 5–20 percentage points
when switching to entailment scoring (complete re-

sults in Appendix M.1). These results indicate that
absolute plausibility rating introduces calibration
noise and reduces model separability, particularly
when distractors are semantically close. A calibra-
tion analysis (Appendix P) confirms this: all mod-
els exhibit substantial ECE values (> 0.17), with
GPT-4o showing the best calibration (Brier = 0.22)
and smaller models showing larger confidence-
accuracy gaps. In short, VLMs are more reliable
at selective abductive inference (choosing among
alternatives) than at discriminative entailment judg-
ment.

3.3 Human Evaluation
To complement our automated metrics, we con-
ducted a human evaluation of the storyteller clues.
We assessed the clues on two rated dimensions,
Clarity and Creativity, and one performance-
based dimension, Listener Accuracy. For the
rated dimensions, human annotators scored each
clue with an inter-rater agreement of Cohen’s κ ≈
0.75. Clarity was then calculated using our three-
step robust index (detailed in Appendix G), while
creativity scores represent the normalized mean of
the ratings. Listener Accuracy was measured di-
rectly as the success rate of human players using
the AI-generated clues.

As demonstrated in Table 3, human listen-
ers achieved 71.6% accuracy with the AI clues,
a score closely matched by Gemini-2.5-Flash
(70.2%). Among the models, a trade-off was ev-
ident: Gemma3-27B achieved the highest clarity
balance (0.387), while Gemma3-12B scored high-
est on creativity (0.574). These results highlight a
tension between informativeness and imagination,
indicating that effective abductive communication
demands moderate clarity with nontrivial abstrac-
tion. This mirrors the storyteller failure patterns
observed earlier, where overly explicit models lose
ambiguity and overly creative ones lose alignment
with the target image.

3.4 Further Discussions
We performed several checks to validate our evalua-
tion’s robustness and fairness. A leave-one-listener-
out (LOLO) analysis confirmed stable scores across
listener subsets (Appendix M.2), while a chi-
squared test showed a uniform distribution of can-
didate image positions (χ2 = 1.83, p = 0.61).
Hand-swap phases also effectively minimized bias,
with score differences remaining under 0.3 points.
These results affirm the stability and impartiality
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Model Acc (%) Clarity Creativity

Qwen2.5-VL-7B 25.79 0.104 0.212
Qwen2.5-VL-32B 66.27 0.188 0.243
Gemma3-12B 63.49 0.295 0.574
Gemma3-27B 65.08 0.387 0.536
Gemini-2.5-Flash 70.24 0.310 0.488
GPT-4o 68.65 0.232 0.484

Human 71.59 — —

Table 3: Human evaluation results. “Clarity” is com-
puted using our three-step median–penalty formula. Cre-
ativity is normalized to [0,1].

of our environment.
Importantly, our design isolates abductive rea-

soning from potential caption artifacts through
three mechanisms: (i) the Dixit scoring rule nat-
urally penalizes both over-literal and misleading
clues by awarding zero points unless partial correct-
ness is achieved; (ii) human evaluation uses the true
target image, so clarity and creativity ratings reflect
pragmatic quality rather than caption artifacts; and
(iii) captions are used solely for distractor sampling
during benchmark construction—listeners receive
only raw images at inference time, ensuring evalu-
ation is based purely on visual semantics.

A per-image category analysis (Appendix L) re-
veals further nuance: GPT-4o shows a pronounced
advantage on metaphorical images (+17.1pp over
literal scenes), suggesting superior abstract rea-
soning, while Gemma3-27B exhibits the opposite
pattern (−6.4pp), relying more on concrete visual
features. This asymmetry in image-type sensitiv-
ity parallels the broader storyteller–listener gap,
as metaphorical scenes demand the same kind of
abstract reasoning required for effective clue gen-
eration. A seed sweep across three random seeds
(Appendix Q) confirms evaluation stability, with
all variances below ±3.0pp.

Overall, our analysis indicates that while current
VLMs possess strong discriminative grounding,
they lack sophisticated pragmatic control. They
succeed at hypothesis selection but fail to navigate
the communicative ambiguity required for hypoth-
esis generation. Bridging this storyteller–listener
asymmetry will likely require explicitly modeling
theory-of-mind, uncertainty, and ambiguity.

3.5 Error Analysis

Qualitative analysis of storyteller failures reveals
two distinct error modes. Over-specification occurs
when models produce literal descriptions (e.g., “A
knight in shining armor on horseback, holding a

spear”), leaving no room for ambiguity—all lis-
teners guess correctly and the storyteller scores
zero. Conversely, semantic mismatch arises from
vague or misaligned clues (e.g., “A forgotten tro-
phy, watching over a curious secret”) that fail to
connect with the target image, causing all listen-
ers to guess incorrectly. These opposing failure
patterns (detailed in Appendix K) underscore that
effective abductive generation requires navigating a
narrow corridor between clarity and ambiguity—a
capability that current VLMs, regardless of scale,
have not yet acquired.

4 Conclusion

This paper demonstrates that current VLMs, de-
spite their strong discriminative abilities, lack the
pragmatic control necessary for robust multimodal
abductive reasoning. Through our novel multi-
agent benchmark, DixitArena, we reveal a critical
performance gap: models are proficient listeners
(hypothesis selectors) but poor storytellers (hypoth-
esis generators), struggling to balance creativity
with communicative intent. This core failure to
manage ambiguity highlights that discriminative
success in static QA tasks does not guarantee gen-
erative competence in dynamic, goal-oriented sce-
narios. Advancing the field will therefore require
a shift towards architectures that explicitly reason
about ambiguity and intention modeling.

Limitations

Our study has several limitations that future work
may address:

• Task Scope. While we operationalize abduc-
tive reasoning through the game Dixit, it repre-
sents only one class of multimodal abductive
settings. Real-world abductive reasoning of-
ten involves temporal, causal, or interactive
elements that our static and turn-based setup
does not fully capture. A natural extension
is to short videos or ordered image panels,
enabling evaluation of causal and temporal
abductive reasoning.

• Model Coverage. We evaluated a representa-
tive but limited set of modern VLMs (Qwen,
Gemma, Gemini, GPT families). Broader cov-
erage—including models fine-tuned for visual
entailment or narrative generation—would fur-
ther validate our conclusions about role asym-
metry and entailment calibration.
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• Prompt and Decoding Sensitivity. We used
a standardized prompting and decoding con-
figuration (temperature 0.7, JSON output) for
comparability. Performance may vary with
prompt wording, sampling parameters, or in-
struction tuning. A systematic study of strat-
egy sensitivity remains future work.

• Evaluation Strategy Dependence. Our re-
sults show that performance can shift notably
depending on the evaluation protocol (e.g., di-
rect selection vs. entailment scoring). Future
work should explore hybrid or adaptive evalu-
ation strategies that better capture pragmatic
reasoning under uncertainty.

Ethics Statement

This research utilizes publicly available models and
visual assets. Human evaluations were conducted
with compensated undergraduate students who pro-
vided informed consent and were trained on the
task. No personal or sensitive data were collected,
and no human participants were directly involved
beyond voluntary evaluation of anonymized exam-
ples. We acknowledge that the models may re-
flect societal biases from their training data, which
could manifest in clue generation or interpreta-
tion. Therefore, we caution against deploying au-
tomated abductive reasoning systems in sensitive
contexts—such as psychological profiling or cul-
tural analysis—without robust fairness auditing and
mandatory human oversight to mitigate potential
harms.
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A Related Work

LLMs in Multi-Agent Environments. Recent
research has increasingly explored the use of Large
Language Models (LLMs) as autonomous agents
capable of reasoning and planning in interactive
environments (Zheng et al., 2023; OpenAI et al.,
2024; Wei et al., 2022; Yao et al., 2023). When
augmented with capabilities like memory, belief
modeling, or tool usage, LLMs can perform com-
plex multi-step reasoning, often outperforming tra-
ditional reinforcement learning methods in set-
tings such as open-domain survival games and two-
player imperfect information games (Park et al.,
2023; Huang et al., 2022; Guo et al., 2024). An-
other line of work has focused on multi-agent coor-
dination, using both simulated environments (Car-
roll et al., 2019; Wang et al., 2021; Agashe et al.,
2025; Li et al., 2023) and models of human col-
laboration (Riedl et al., 2021). While this body of
research demonstrates LLMs’ potential for strate-
gic planning, it has primarily centered on tasks
with clear, instrumental objectives. In contrast,
our work investigates the more nuanced chal-
lenge of creative communication, where agents
must convey and interpret ambiguous concepts
under imperfect information.

Abductive Reasoning. Abductive reasoning, the
process of generating and verifying hypotheses
to best explain observations (Peirce, 1931), is a
long-standing challenge in AI. In NLP, this abil-
ity has been predominantly studied through static,
single-turn benchmarks. Early works such as aNLI
(Bhagavatula et al., 2020) and PIQA (Bisk et al.,
2019) focused on text-based abductive inference,
which was later extended to the visual domain with
datasets like VisualCOMET (Park et al., 2020).
More recent approaches have explored structured
abductive inference to improve logical consistency
in LLMs (Zheng et al., 2025). However, these
single-agent paradigms fail to capture the dy-
namic, communicative nature of abduction as
it occurs in collaborative problem-solving. Our
work addresses this gap by introducing an interac-
tive, multi-agent setting that jointly evaluates both
hypothesis generation and selection under adver-
sarial conditions.

B Model Details

In our main experiments, we evaluated 6 VLMs.
An additional model (Qwen2.5-VL-72B) is in-

cluded for scaling analysis in Appendix I.

• Qwen2.5-VL-7B / Qwen2.5-VL-32B /
Qwen2.5-VL-72B (Bai et al., 2025) are
open-source multimodal large language
models developed by Alibaba, supporting
both text and vision understanding with
strong scaling performance across different
parameter sizes. The 72B variant is included
to verify whether the storyteller–listener
asymmetry persists at frontier open-source
scale.

• Gemma3-12B / Gemma3-27B (Team et al.,
2025) are the latest generation of Google’s
Gemma open-source models, designed with
improved efficiency and performance for both
language and multimodal reasoning tasks.

• Gemini-2.5-Flash (Google, 2025) is a propri-
etary multimodal model from Google, opti-
mized for efficiency and fast inference, while
maintaining competitive reasoning ability.

• GPT-4o (OpenAI et al., 2024) is OpenAI’s
flagship multimodal model, supporting joint
reasoning over text and images with strong
listener performance in our evaluation.

All models are accessed through the OpenRouter
API, with temperature set to 0.7, with total cost of
approximately $100 USD.

C Prompt Details

Storyteller: Select Target Image

You are a storyteller in a Dixit game. You must select
one card from your 4-card hand as the target image. Your
goal: maximize your own score by ensuring some, but not
all, players guess correctly.
IMPORTANT: Respond strictly in JSON format:

{
"reasoning": "Brief analysis (max 50 words)",
"answer": "The card number (1-4)"

}

Storyteller: Generate Description

You are a storyteller in a Dixit game. Create a
description for your chosen image. Scoring rules: -
All guess correctly = 0 points - None guess correctly
= 0 points - Some guess correctly = 3 points (optimal)
Your description should balance ambiguity and clarity,
using metaphorical and emotional language.
IMPORTANT: Respond strictly in JSON format:

{
"reasoning": "Reasoning towards final description",

"answer": "Your crafted Dixit description"
}
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Listener: Select Distractor Image

You are a player in a Dixit game. Given the
storyteller’s description, choose one card from your
hand that could plausibly match it (but is not the
target). Your goal: mislead others into choosing your
card.
IMPORTANT: Respond strictly in JSON format:

{
"reasoning": "Brief analysis (max 50 words)",
"answer": "The card number (1-4)"

}

Listener: Direct Selection Strategy

You are a player in a Dixit game trying to guess which
image matches the storyteller’s description. Evaluate
all candidates and select the one that best fits.
IMPORTANT: Respond strictly in JSON format:

{
"reasoning": "Brief analysis (max 50 words)",
"answer": "The candidate number (1-N)"

}

Listener: Entailment Scoring Strategy

You are evaluating how well an image matches a given
clue in a Dixit game. Provide a numerical score (0-100)
with reasoning.
IMPORTANT: Respond strictly in JSON format:

{
"reasoning": "Detailed reasoning for the score",
"answer": "Your numerical rating (0-100)"

}

D DixitArena Environment Details

Data and Card Pool. We use a custom-made
set of 84 Dixit-style illustrations (1.png–84.png),
stored under images/. Each image is in PNG for-
mat (305×460, RGBA, 8-bit per channel) and trans-
mitted to the API via Base64 encoding without pre-
processing. In each match, four players are dealt 4
cards each from a shuffled pool; in every round, the
storyteller selects one target and the three guessers
each contribute one distractor. These four images
are shuffled using random.shuffle() to form the
candidate set. Guessers select among them (ex-
cluding their own card), with distractor sampling
guided by each model’s semantic matching rather
than random choice. This ensures diversity and
realism in distractor quality.

Game Flow. The game proceeds in rounds: (i)
the storyteller selects a target and produces a clue,
(ii) the other players submit distractors, (iii) the can-
didate set is shuffled and displayed, (iv) guessers
select a card, and (v) scoring is applied. The scor-
ing rules are: partial correct → storyteller +3 and
correct guessers +3; all correct → storyteller 0,
guessers +3; all wrong → storyteller 0, guessers

+2; any distractor chosen → card owner +1. Each
match lasts 24 rounds (two phases of 12). In Phase
2, players swap hands (P1↔P3, P2↔P4) to elim-
inate hand-quality bias. The evaluation spans 21
matches in a full round-robin, including self-play.

Randomness and Reproducibility. We fix the
random seed at 42 for shuffling and candidate order.
Single-run evaluation produces 504 rounds in total
(21 matches × 24 rounds). All rounds, decisions,
and scores are recorded in structured JSON, ensur-
ing exact reproducibility given the same seed and
configuration.

Fairness Guarantees. Fairness is achieved
through hand-swap across phases, equal storyteller
turns for all players, candidate shuffling to prevent
position bias, and full round-robin coverage (in-
cluding self-play) to eliminate matchup imbalance.

Open Source Resources. We release code,
configuration files, and sample logs for
reproducibility at https://github.com/
HKUST-KnowComp/DixitWorld. A minimal
demo script (simple_demo.py) reproduces a
2-round match for quick verification.

E DixitBench Curation Details

DixitBench serves as an auxiliary benchmark that
evaluates how well models can discriminate seman-
tically similar yet subtly distinct visual descriptions
under controlled difficulty levels.

Data Curation Pipeline. We first curate cap-
tions for all 84 Dixit-style illustrations using a
vision-language model prompted to “describe this
artwork implicitly with a single abstract phrase.”
Each caption represents a mid-level abstraction be-
tween a single-word concept and a full-sentence
description, reflecting the ambiguous, poetic qual-
ity typical of Dixit gameplay.

Embedding and Similarity Computa-
tion. All captions are encoded into 384-
dimensional semantic embeddings using the
sentence-transformers/all-MiniLM-L6-v2
model. Pairwise cosine similarities are computed
to produce an 84 × 84 similarity matrix. This
matrix serves as the foundation for controlled
distractor sampling based on semantic closeness.

Difficulty-Based Distractor Sampling. For each
target image i, we identify distractor candidates
by ranking all other images according to cosine
similarity:
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• Hard: top 5 most similar captions (ranks 1–5)

• Medium: randomly sampled from ranks
10–20

• Easy: randomly sampled from ranks 30–80

This design creates three difficulty tiers spanning
high- to low-confusability distractor sets. Each tar-
get yields three distractor groups, resulting in 252
benchmark items (84 images × 3 difficulty tiers),
each with 1 target and 5 distractors (6 candidates
total).

Human Evaluation. To validate benchmark
quality, we conducted human annotation on 30 sam-
pled items (10 from each of the Easy, Medium, and
Hard tiers). Annotators rated (i) caption-image
coherence, (ii) distractor plausibility, and (iii) diffi-
culty consistency. Average agreement exceeded 0.8
(Cohen’s κ), confirming the benchmark’s semantic
validity.

This dataset complements DixitArena by isolat-
ing the perception component of abductive reason-
ing—testing whether a model can distinguish sub-
tle conceptual differences in metaphorical phrasing
before interacting in a multi-agent setting. The
phrase-level dataset and scripts will be released
alongside our main benchmark to facilitate repro-
ducibility.

F DixitBench Similarity Statistics

We report the distributional properties of the
caption-based similarity scores used to construct
DixitBench distractor sets.

Across all
(
84
2

)
= 3,486 image pairs, pairwise

cosine similarities range from −0.147 to 0.655
(mean = 0.218, median = 0.215, σ = 0.108).
Distractor sampling yields well-separated difficulty
tiers:

Difficulty Mean Sim. Min Max

Easy 0.171 −0.049 0.322
Medium 0.307 0.117 0.432
Hard 0.414 0.208 0.655

Table 4: Average distractor–target similarity by diffi-
culty tier. Hard distractors are 2.4× more similar to
targets than Easy ones.

The clear separation between tiers confirms that
our similarity-based sampling produces meaning-
fully different difficulty levels. The full 84×84
similarity matrix, embedding vectors, and sampling
code are included in the supplementary release.

G Computation of the Clarity Metric

For transparency, we provide the exact computation
procedure for the “Clarity” metric used in human
evaluation. This metric measures how well a sto-
ryteller’s clue balances ambiguity and precision,
penalizing both overly vague and overly literal de-
scriptions. The computation follows a three-step
normalization and penalty process:

1. Linear transformation: Each raw rating s
(from 1 to 5) is mapped to a centered clarity
score S⋆:

S⋆ = 1− |s− 3|
2

, s ∈ {1, 2, 3, 4, 5}. (2)

This yields S⋆ = 1.0 for s = 3 (perfect bal-
ance), 0.5 for s = 2, 4, and 0.0 for s = 1, 5.

2. Rater aggregation: For each clue, multiple
raters’ scores are aggregated by taking the
median of their S⋆ values:

Clarityclue = median(S⋆
1 , . . . , S

⋆
n). (3)

Using the median rather than the mean pre-
vents misleading “false middle” effects (e.g.,
half of raters giving 1 and half giving 5).

3. Extreme penalty: To penalize polarized judg-
ments, we down-weight the clarity score by
the fraction of extreme votes:

Sfinal = Clarityclue×
(
1−#{s = 1 ∨ s = 5}

n

)
.

(4)
This ensures that clues judged simultaneously
“too vague” and “too obvious” receive low
final scores even if their median appears mod-
erate.

The resulting Sfinal value is averaged across all
evaluated clues to yield the “Clarity” score reported
in Table 3.

H Human Evaluation Protocol

We provide details of the human evaluation proce-
dure for transparency and reproducibility.

Annotators. Five compensated undergraduate
students (all fluent in English) were recruited and
trained on the evaluation task. Each annotator com-
pleted a 15-minute training session with example
Dixit clues and scoring rubrics before independent
annotation.
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Task Design. For each evaluation item, annota-
tors were shown: (i) the storyteller’s clue text, (ii)
the target image, and (iii) the set of candidate im-
ages (target + distractors). They rated each clue on
two 5-point Likert scales:

• Clarity (1–5): How well does the clue guide
a player toward the target? (1 = completely
unclear, 5 = immediately obvious)

• Creativity (1–5): How imaginative and non-
literal is the clue? (1 = purely literal, 5 =
highly creative)

Additionally, annotators attempted to identify the
target image from the candidate set, providing a
direct measure of listener accuracy.

Quality Control. Inter-rater agreement was mea-
sured using Cohen’s κ. For the benchmark curation
task, κ > 0.8 (near-perfect agreement). For the
main clarity/creativity evaluation, κ ≈ 0.75 (sub-
stantial agreement). Annotators whose agreement
fell below κ = 0.6 on calibration items were re-
trained before continuing. The evaluation interface
was implemented as an HTML form with random-
ized item ordering to prevent position bias.

I Scaling Analysis

To isolate the effect of model scale on abductive
reasoning, we examine the Qwen2.5-VL family
across three sizes (7B, 32B, 72B), which share the
same architecture and training methodology.

Model Story. Listen. Overall Bench

Qwen2.5-VL-7B 14.29 30.87 17.39 36.67
Qwen2.5-VL-32B 15.48 50.79 30.63 63.10
Qwen2.5-VL-72B 4.76 49.21 22.59 61.90

Table 5: Scaling analysis within the Qwen2.5-VL fam-
ily. “Story.”/“Listen.” = DixitArena normalized scores
(%); “Bench” = DixitBench total accuracy (%). Listener
ability scales with size, while storyteller ability does
not.

Two clear patterns emerge. First, listener perfor-
mance scales with model size: DixitBench accu-
racy improves from 36.67% (7B) to 63.10% (32B),
with 72B performing comparably at 61.90%. The
same trend holds for Arena listener scores (30.87%
→ 50.79% → 49.21%). Second, storyteller per-
formance does not scale—and in fact decreases
at 72B (4.76%), the lowest among all models
tested. This striking divergence confirms that the

storyteller–listener asymmetry is a structural limi-
tation of current VLM architectures, not a matter
of insufficient scale. Scaling improves discrimina-
tive hypothesis selection but fails to develop the
pragmatic control needed for creative, ambiguity-
balanced hypothesis generation.

J Storyteller Failure Mode Diagnostics

To systematically characterize why storytellers fail,
we analyzed clue texts from representative Dix-
itArena matches. Failures fall into two distinct
categories:

Over-Specification (All-Correct). When story-
tellers produce overly literal descriptions, all listen-
ers identify the target trivially, yielding zero points.
Example: GPT-4o generated “Tiny warriors bat-
tling for a golden throne” for an image of small
figurines near a crown—every listener matched
it immediately. These clues lack the abstraction
needed for productive ambiguity.

Semantic Mismatch (All-Wrong). Conversely,
when clues fail to connect with the target’s vi-
sual semantics, no listener succeeds. Example:
Gemma3-12B produced “A slow climb to nowhere”
for an image that depicted an unrelated scene—the
metaphor was disconnected from any visual ele-
ment, leaving all listeners guessing incorrectly.

Successful Ambiguity (Partial-Correct). Effec-
tive clues balance metaphor with grounding. Ex-
ample: Gemma3-27B’s “The last attempt to hold
onto a fading dream” guided 2 of 3 listeners to the
correct image while the third was misled by a plau-
sible distractor. The clue’s emotional abstraction
created productive interpretive space.

These patterns confirm that the storyteller
challenge is fundamentally one of pragmatic
calibration: clues must be abstract enough to cre-
ate ambiguity but grounded enough to remain
solvable—a narrow corridor that current VLMs
struggle to navigate regardless of scale.

K Qualitative Case Studies

This appendix presents representative examples of
actual game rounds from our DixitArena evalua-
tion, illustrating both successful and failed story-
telling strategies across different models.
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K.1 Case 1: Successful Storytelling
(Partial-Correct)

Model: Gemma3-27B (Storyteller)
Round: Match 3, Phase 1, Round 3
Clue: “A delicate hope, reaching for something
unseen, supported by a fragile network.”
Target: Image 35.png
Outcome: 2/3 listeners guessed correctly (Partial-
Correct).
Insight: Balanced ambiguity with metaphorical
language guided some listeners while misleading
others.

K.2 Case 2: Failed Storytelling (All-Correct,
Too Obvious)

Model: Qwen2.5-32B (Storyteller)
Round: Match 7, Phase 1, Round 5
Clue: “A knight in shining armor on horseback,
holding a spear, as a tentacle rises from the pages
of a book.”
Target: Image 10.png
Outcome: 3/3 listeners guessed correctly (All-
Correct).
Insight: Over-specific literal description elimi-
nated ambiguity, leaving no room for alternative
interpretations.

K.3 Case 3: Successful Storytelling (Poetic
Ambiguity)

Model: Gemma3-27B (Storyteller)
Round: Match 7, Phase 1, Round 3
Clue: “A fleeting glimpse of a world unseen.”
Target: Image 11.png
Outcome: 1/3 listeners guessed correctly (Partial-
Correct).
Insight: Poetic abstraction created interpretive
space; one aligned listener succeeded while oth-
ers were misled.

K.4 Case 4: Failed Storytelling (All-Wrong,
Too Vague)

Model: Gemma3-12B (Storyteller)
Round: Match 6, Phase 1, Round 3
Clue: “A forgotten trophy, watching over a curious
secret.”
Target: Image 56.png
Outcome: 0/3 listeners guessed correctly (All-
Wrong).
Insight: Semantic mismatch: the clue did not align
with the target image, and even the same-model
listener failed.

K.5 Overall Insights

Across these cases, we observe distinct success and
failure patterns. Successful clues (Cases 1 and 3)
typically rely on metaphorical or poetic language
that balances clarity and ambiguity, allowing some
listeners to be guided while others are misled. In
contrast, failures arise from two opposite direc-
tions: over-specification (Case 2), where excessive
literal detail leaves no room for interpretation, and
semantic mismatch (Case 4), where vague or mis-
aligned clues fail to connect with the intended tar-
get. These qualitative examples complement the
aggregate statistics by revealing why models suc-
ceed or fail in abductive storytelling.

L Per-Image Category Analysis

To investigate whether model performance varies
systematically across image types, we classified the
84 Dixit illustrations into metaphorical (53 images)
and literal (31 images) categories based on their
visual content. Results include Qwen2.5-VL-72B
from the scaling study.

Model Metaphorical Literal Gap

Qwen2.5-VL-32B 67.3% 66.7% +0.6
Qwen2.5-VL-72B 67.3% 61.3% +6.0
Gemma3-12B 64.2% 64.5% −0.4
Gemma3-27B 56.0% 62.4% −6.4
Gemini-2.5-Flash 69.2% 61.3% +7.9
GPT-4o 80.5% 63.4% +17.1

Table 6: DixitBench accuracy by image category. GPT-
4o shows a pronounced advantage on metaphorical
scenes (+17.1pp), while Gemma3-27B performs slightly
better on literal scenes.

GPT-4o’s strong advantage on metaphorical
images (+17.1pp gap) suggests superior ability
to process abstract, non-literal visual semantics.
Conversely, Gemma3-27B shows a reversed pat-
tern (−6.4pp), performing better on literal scenes.
These asymmetries align with the broader finding
that proprietary models excel at nuanced hypothe-
sis selection, while open-source models may rely
more on concrete visual features.

M Additional Results

M.1 Evaluation under Entailment Scoring

To further assess the robustness of listener evalua-
tion, we additionally tested models on DixitBench
using an alternative entailment scoring scheme (Ta-
ble 7). Unlike the standard direct selection setting
where models must choose a single best-matching
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image, the entailment variant requires assigning in-
dependent plausibility scores (0–100) to all candi-
dates. This approach evaluates a model’s ability to
produce well-calibrated absolute judgments rather
than comparative preferences.

Overall, results show that entailment scoring
yields moderately lower accuracies across all mod-
els—particularly on the Hard subset—while pre-
serving the same relative ranking trends observed
under direct selection. GPT-4o and Gemini-2.5-
Flash remain the strongest performers, suggesting
that although VLMs handle relative choice well,
their absolute entailment calibration remains under-
developed. This supports our earlier finding that
current VLMs are optimized for comparative ab-
ductive reasoning rather than calibrated entailment
verification.

Model Easy Hard Total

Qwen2.5-VL-7B 22.47 18.19 20.33
Qwen2.5-VL-32B 58.37 49.81 54.09
Gemma3-12B 56.03 40.51 48.27
Gemma3-27B 58.23 50.41 54.32
Gemini-2.5-Flash 61.21 53.43 57.32
GPT-4o 66.69 52.41 59.55

Table 7: Performance on DixitBench under the
entailment scoring scheme. Scores are moderately
lower than under direct selection, especially on the Hard
subset, while relative ranking remains consistent.

M.2 Leave-One-Listener-Out Results

Table 8 reports the leave-one-listener-out (LOLO)
analysis. For each model, we compare the original
storyteller score with the average score when one
listener is removed at a time. The small average
differences and high stability indices confirm that
no single listener dominates the outcome.

Model Orig. Score Avg ∆ Std ∆ Stability

Qwen2.5-VL-7B 21 -0.08 0.28 0.908
Qwen2.5-VL-32B 27 -0.11 0.31 0.897
Gemma3-12B 60 -0.24 0.43 0.858
Gemma3-27B 72 -0.29 0.45 0.849
Gemini-2.5-Flash 69 -0.27 0.45 0.851
GPT-4o 51 -0.20 0.40 0.866

Table 8: Leave-one-listener-out (LOLO) storyteller
scores. Stability is defined as 1 − Std(∆)/3.0, rang-
ing from 0–1 (higher = more robust).

N DixitBench Proxy Robustness

To verify that DixitBench’s strong correlation with
DixitArena listener performance (r = 0.947) is not
driven by any single model, we perform a leave-
one-out cross-validation (LOOCV) analysis.

Model Dropped Pearson r

None (full, n=7) 0.947

Qwen2.5-VL-7B 0.770
Qwen2.5-VL-32B 0.947
Qwen2.5-VL-72B 0.947
Gemma3-12B 0.960
Gemma3-27B 0.947
Gemini-2.5-Flash 0.956
GPT-4o 0.986

Table 9: Leave-one-out Pearson correlation between
DixitBench and DixitArena listener scores. The correla-
tion remains strong (r ≥ 0.770) across all subsets.

Dropping any single model yields r ≥ 0.770,
with 6 of 7 subsets maintaining r ≥ 0.947.
The only notable decrease occurs when removing
Qwen2.5-VL-7B, which acts as a high-leverage
point due to its uniformly low performance across
both benchmarks. This LOOCV analysis confirms
that DixitBench is a robust proxy for Arena lis-
tener performance, not an artifact of any particular
model’s behavior.

O Position Selection Bias

To verify that model performance is not con-
founded by positional preferences, we analyze pre-
dicted position distributions across all 252 Dixit-
Bench items (all three difficulty tiers, with 6 can-
didate positions per item; including Qwen2.5-VL-
72B from the scaling study). While Section 3.4 re-
ports aggregate uniformity (χ2 = 1.83, p = 0.61),
per-model analysis reveals notable variation.

Model χ2 P1 P2 P3 P4 P5 P6

Qwen2.5-VL-32B 5.0 33 38 38 49 47 47
Gemini-2.5-Flash 15.2 56 44 26 37 36 53
Qwen2.5-VL-72B 18.5 35 25 38 42 52 60
Gemma3-27B 35.2 67 28 27 24 32 39
GPT-4o 57.7 36 30 33 45 46 61
Gemma3-12B 67.6 72 36 35 30 39 37

Table 10: Position prediction distribution (count out of
252 samples) and χ2 goodness-of-fit statistic. Lower
χ2 indicates more uniform selection. Qwen2.5-VL-32B
shows the most uniform behavior; Gemma3-12B shows
the strongest bias toward Position 1.

Two patterns emerge: (i) smaller models exhibit
stronger positional biases (Gemma3-12B: χ2 =
67.6, favoring Position 1), while mid-to-large mod-
els are more uniform; and (ii) accuracy varies by
correct-answer position (Position 5: 76.3%, Posi-
tion 2: 59.3%), suggesting that candidate ordering
interacts with model attention patterns. Crucially,
our hand-swap and shuffling procedures ensure that
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these per-model biases do not systematically ad-
vantage any model in aggregate comparisons.

P Calibration Analysis

To assess confidence calibration under entailment
scoring, we compute Expected Calibration Error
(ECE) and Brier scores for each model. This anal-
ysis uses the subset of entailment-scoring runs for
which per-candidate score vectors were logged
(smaller than the full entailment evaluation reported
in Table 7); accuracy numbers here therefore differ
slightly from that table. The entailment scoring
strategy assigns plausibility scores (0–100) to each
candidate; we convert these to probabilities via soft-
max normalization and measure the gap between
confidence and accuracy.

Model Diff. Acc. ECE ↓ Brier ↓
GPT-4o Easy 60.7% 0.204 0.223
GPT-4o Hard 53.6% 0.242 0.251
Gemini-2.5-Flash Easy 57.1% 0.251 0.275
Gemini-2.5-Flash Hard 52.4% 0.270 0.280
Gemma3-27B Easy 53.6% 0.276 0.293
Gemma3-27B Hard 41.7% 0.186 0.268
Gemma3-12B Easy 60.7% 0.309 0.318
Gemma3-12B Hard 41.7% 0.171 0.254

Table 11: Calibration metrics under the entailment scor-
ing scheme. Lower ECE and Brier scores indicate better-
calibrated confidence estimates.

GPT-4o exhibits the best overall calibration (low-
est Brier scores across both difficulty levels), con-
sistent with its superior entailment performance.
However, all models show substantial ECE values
(> 0.17), indicating a persistent gap between ex-
pressed confidence and actual accuracy. This con-
firms that current VLMs, while reasonably accurate
at comparative selection, remain poorly calibrated
for absolute plausibility judgments.

Q Sensitivity Analysis

To verify the robustness of our findings, we con-
ducted a seed sweep using three random seeds (42,
100, 200) for two representative models on Dixit-
Bench.

Model Seed Easy Hard Total

GPT-4o 42 81.0 72.6 76.8
GPT-4o 100 75.0 69.0 72.0
GPT-4o 200 79.8 73.8 76.8

Gemma3-27B 42 75.0 67.9 71.4
Gemma3-27B 100 79.8 72.6 76.2
Gemma3-27B 200 76.2 65.5 70.8

Table 12: DixitBench accuracy (%) across three random
seeds. Standard deviations remain within ±3.0pp.

Both models show low variance (≤3.0pp), con-
firming that our evaluation is robust to random
seed choice. The absolute accuracy levels here dif-
fer from Table 2 because this is an independent
re-run with fresh candidate shuffling; what mat-
ters for robustness is the low within-seed variance
shown above. Additionally, a prompt-style abla-
tion (poetic vs. concrete phrasing) shifts metrics
by less than 5 percentage points, confirming that
our findings are not sensitive to specific prompt
formulations.

R Entailment Strategy Error Analysis

To understand why entailment scoring underper-
forms direct selection (Section 3.2), we analyze
the score distributions produced by each model. In
the entailment scheme, models assign plausibility
scores (0–100) to each candidate independently.

Model Acc. Marg. OC%

GPT-4o 57.1 +5.9 42.3
Gem.-Flash 54.8 +2.6 45.2
Gem3-12B 51.2 +0.2 48.8
Gem3-27B 47.6 −0.1 52.4

Table 13: Entailment error analysis. Marg. = correct −
best wrong score; OC = overconfident wrong predictions
(≥70).

Across all models, 42–52% of errors involve
high-confidence wrong predictions (score ≥70 for
an incorrect candidate). Gemma3-27B shows the
worst calibration: its average margin is effectively
zero (−0.1), meaning the correct answer is no more
likely to receive the highest score than a distrac-
tor. On the Hard subset, margins become negative
for both Gemma models (−1.4 and −1.6), indi-
cating that increased distractor similarity causes
systematic overscoring of wrong candidates. This
overconfidence on distractors is the primary fail-
ure mode of entailment scoring, explaining its con-
sistent underperformance relative to comparative
direct selection.

S Temperature Sensitivity

We evaluate the effect of sampling temperature on
DixitBench listener accuracy. This is an indepen-
dent re-run (on the Easy+Hard subset, 168 items)
with fresh random candidate shuffling, so absolute
numbers may differ from Table 2; we focus on the
relative trend across temperatures.

461



Model t=0.3 t=0.5 t=0.7 t=1.0

GPT-4o 69.6% 64.9% 73.8% 60.7%
Gemma3-27B 74.4% 76.8% 57.7% 73.2%

Table 14: DixitBench accuracy across sampling temper-
atures. Optimal temperature differs by model: t=0.7 for
GPT-4o, t=0.5 for Gemma3-27B.

Temperature sensitivity varies substantially
across models. GPT-4o performs best at t=0.7 and
degrades sharply at t=1.0 (−13.1pp), consistent
with increased output randomness impairing dis-
criminative reasoning. Gemma3-27B shows a dif-
ferent pattern: it peaks at t=0.5 (76.8%) and drops
at t=0.7 (−19.1pp), suggesting that its default con-
figuration may not be optimal for this task. The
finding that each model has a distinct optimal tem-
perature highlights the importance of per-model
tuning in benchmark evaluation, and supports our
decision to use a fixed temperature (t=0.7) for fair
cross-model comparison rather than per-model op-
timization.

T Inference Cost Analysis

For practical deployment, we report the accuracy–
cost trade-off measured in average output tokens
per DixitBench sample. Accuracies here come
from the cost-analysis run (aggregated over all 252
Easy+Medium+Hard items) and may differ slightly
from the 168-item Easy+Hard average reported in
Table 2.

Model Acc. (%) Avg Tokens Efficiency

Gemini-2.5-Flash 66.3 52 127.7
Gemma3-12B 64.3 63 101.9
GPT-4o 74.2 77 97.1
Qwen2.5-VL-72B 65.1 85 77.0
Qwen2.5-VL-32B 67.1 91 73.9
Gemma3-27B 58.3 85 68.8

Table 15: Accuracy vs. inference cost. Efficiency = Ac-
curacy / Avg Tokens × 100. Gemini-2.5-Flash achieves
the best cost–accuracy trade-off; GPT-4o leads in abso-
lute accuracy.

Gemini-2.5-Flash and GPT-4o form the Pareto
frontier: Gemini-2.5-Flash offers the best effi-
ciency (127.7) with competitive accuracy, while
GPT-4o achieves the highest accuracy at moder-
ate cost. Notably, the Qwen models use substan-
tially more tokens per sample despite comparable
or lower accuracy, suggesting less concise reason-
ing chains. This analysis provides practical guid-
ance for selecting models in resource-constrained
evaluation scenarios.
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