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n Motivation & Framework

Ever noticed how some writers imply multitude of
meanings without explicitly stating them; e.g. the
coin toss scene from No Country for Old Men. We
explore this phenomenon of subtext, and ask
whether LLMs can generate and understand text
with subtext.

We formalize subtext communication as follows: A
sender encodes subtext in a natural language message
such that only some receivers i.e. its intended
audience understand its true intent. This can be
achieved through common ground — knowledge a
sender shares with the intended audience audience (e.qg.
knowing you and your friend has seen the same film).
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a Four Evaluation Suites

We propose evaluation suites in this work to study
capability of LLMs towards generating and
understanding text with subtext covering multi-agent
and multi-modal board games and storytelling.
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Two families — multi-agent social games and writing /
understanding stories — across the four suites detailed below.

E) VisualAllusions

Inspired by the rules of Dixit: LLM based players
choose cards and generate clues so that some —
but not all players guess their card. If the clue is too
obvious and everyone guesses, the storyteller scores
zero hence the clues needs subtext for successful
gameplay.
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Storytelling Stage

Each player takes turns as a
storyteller, where they choose one
of the cards in their hand and
provide a sentence long clue. The
card is hidden from other players

Storytelling stage: a private intent i becomes a natural-language
clue e.
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VISUALALLUSIONS
Tournament results

In the base case with no common ground, frontier
LLMSs tend to generate too obvious clues, failing to
meet game's objective. Models very often make
some detail too explicit in their clue that makes the
competing players guess correctly.
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Win rate (left) is led by Gemini-2.5-Pro; storytelling components
(right) sit well below the achievable max for every model.

VISUALALLUSIONS
Introducing Common Ground

What happens when we introduce common ground
between 2 agents? We run games where two copies of a
model share the same set of stories competing with
models lacking this context.

Result: There is a significant reduction in obvious clues
for the stronger reasoning_ models
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VISUALALLUSIONS

Inferring Presence of Common Ground

We also tested providing models same sets of stories
but the information that the two share the stories---they

don't know that they both know. Our goal here is to
check if models can infer the presence of common
ground by observing each other's behavior?

Result: When shared belief is not provided, we see
significant drop in GPT-5's storytelling score. Gemini-
2.5-pro seems to do better, but analyzing the thinking
traces, we find no evidence of either models having
inferred the presence of common ground.

Even which appears to perform
Shared belief Shared belief well, appears to simply references stories

provided in not provided in without inferring that knows them
system prompt
system prompt .
Average Storytelling Score by Model apd Prior Shared Belief Average Stary Referenced by Model and Prior Shared Belief

6 [ Shared Belief Provided = True
[Z73 Shared Belief Provided = False

[ shared Belief Provided = True
[ZZ3 Shared Belief Provided = False

5

ed

0.6

Storytelling Score
w &
% Story Referenc
o

~

o -

% 00 :E??????????
3 5
& &

o o 27
& § S
< G X
& &
K Model
&

Model almost never references a
Significant drop in s story from the beliefs while
storytelling scores when providing a clue when the shared

information about the shared belief is not provided a priori
belief is not provided a priori

Clue Type / Context

Ise

PAPER
arxiv.org/abs/2604.05273

n Attuned

Consistent findings in a Wavelength-inspired game:
a team’s “psychic” gives a clue to make their
teammates guess a hidden target on a concept
spectrum. Success at communicating exclusively to
the partner (MindRead) stays low.

The overall success rate (MindRead) in
exclusively communicating to the
partner player remains low here as well

——————

Game Score 'Win Rate I' MindRead

I

Model I |
Gemini-2.5-Flash 15.46 0.31 : 030 |
Gemini-2.5-Pro 14.80 0.40 | 029 |
GPT-5 17.14 0.57 0.33 |
GPT-5-mini 17.89 0.66 1 0.34 !
Claude-Haiku-4.5 17.14 0.54 ! 0.37 :
Claude-Sonnet-4.5 16.03 0.51 : 0.34
~ /

Table 3 | Performance of different models on our environment inspired by the rules of the game
Wavelength. Each model plays against the other player 7 times. The maximum achievable score in the
game is 20.

a Allegory Understanding

When people interpret texts, many factors can
Influence their interpretations--- e.q. paratextual
factors like the information about the author or their
intent.

We fictionalize 27 historical events and test whether
models decode the original under different persona
(historian / critic / deep-reader) and information
(author / reader name) conditions.

Result: Information about the author or reader's
name often has significant effect on interpretation,
even in non-historian cases. E.g. for GPT-5 we see
the accuracy go from 45% —61% under the deep
reader persona once the author's name is provided.

Persona Cond. Information Cond. Gemini-2.5-Flash Gemini-2.5-Pro GPT-5-mini GPT-5 Claude-Haiku-4.5 Claude-Sonnet-4.5

Default 0.081 0.256 0.111 0.615 0.141 0.448
Critic Author Name 0.089 0.341" 0.137 0.700" 0.159 0.491
Reader Name 0.096 0.289 0.107 0.659 0.130 0.506"
Default 0.093 0.259 0.052 0.448 0.211 0.450
Deep Reader Author Name 0.096 0.3197 0.0967 0.5747 0.222 0.5137
Reader Name 0.115 0.293 0.067 0.6117 0.1487 0.5437
Default 0.489 0.630 0.630 0.930 0.507 0.652
Historian Author Name 0.530" 0.7227 0.7227 0.956" 0.530 0.6937
Reader Name 0.511 0.7307 0.663 0.9527 0.552f 0.6967

Table 4 | Model accuracies for decoding the ground truth event. by persona and information conditions.
Bold scores indicate an increase over ‘Default’ information condition. T denotes statistical significance
according to the paired T-test. More results in Appx. A.6.4.

a The Aesopian Author

An author agent must write a story that is
interpreted by an inquisitor agent to be about a
celebrated topic m”but as a forbidden topic m by
a critic agent — exploiting an information
asymmetry (inquisitor knows the author's profile;
critic has read all past stories).
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10 attempts; a strike if both read the banned topic,
success only if the critic alone does; three strikes
ends the game. Models barely beat a control author
— and when the inquisitor a priori believes the
author is misaligned, successes collapse to virtually
Zero.
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