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Abstract

Human communication is fundamentally creative,
and often makes use of subtext—implied mean-
ing that goes beyond the literal content of the text.
Here, we systematically study whether language
models can use subtext in communicative settings,
and introduce four new evaluation suites to assess
these capabilities. Our evaluation settings range
from writing & interpreting allegories to playing
multi-agent and multi-modal games inspired by
the rules of board games like Dixit. We find that
frontier models generally exhibit a strong bias to-
wards overly literal, explicit communication, and
thereby fail to account for nuanced constraints—
even the best performing models generate literal
clues 60% of times in one of our environments
VISUAL ALLUSIONS. However, we find that
some models can sometimes make use of common
ground with another party to help them commu-
nicate with subtext, achieving 30%-50% reduc-
tion in overly literal clues; but they struggle at
inferring presence of a common ground when not
explicitly stated. For allegory understanding, we
find paratextual and persona conditions to signifi-
cantly shift the interpretation of subtext. Overall,
our work provides quantifiable measures for an
inherently complex and subjective phenomenon
like subtext and reveals many weaknesses and
idiosyncrasies of current LLMs. We hope this
research to inspire future work towards socially
grounded creative communication and reasoning.

1. Introduction

Human communication is full of instances of creativity. This
creativity is not only expressed through the ideas that we
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communicate, but also through #ow we choose to commu-
nicate those ideas. A crucial feature about this “how” is
the notion of subtext—the implied meaning of a piece of text
that goes beyond what’s explicitly stated (Pernot & Higgins,
2021). Use of subtext is abundant in art forms like literature
and film. For example, in Animal Farm, George Orwell pro-
vides a critique of Stalinist era of Soviet Union, by telling
a story of farm-animals, without ever mentioning Stalin or
Soviet Union in the text.

In this work, we ask: Can current large language models
(LLMs) communicate with subtext? While some prior works
have noted in passing that models may fail to use subtext
(Mirowski et al., 2023; Chakrabarty et al., 2024), here we
assess this ability more systematically across a broad range
of communication domains — from multi-modal games to
storytelling.

We propose four environments (Figure 1B) that capture two
broader categories of social communication (§ 3) and story-
telling (§ 4). For social communication, we focus on envi-
ronments —VISUAL ALLUSIONS and ATTUNED— inspired
by the rules of the board games Dixit and Wavelength'.
These environments require players to communicate using
natural language in subtle ways, so that their intent is only
recognized by a subset of other players (Figure 1A). For
storytelling, we introduce HISTORICAL ALLEGORIES, an
evaluation suite that involves interpretation of allegories of
historical events, and a novel environment called THE AE-
SOPIAN AUTHOR, which requires an author agent to write
stories with subtext that can be understood by some but
not others. Our environments hence offer dynamic evalua-
tions, where the creativity in text generation is measured by
whether the correct subset of other players understand the
intended meaning.

We evaluate frontier models on our environments and find
that they tend to struggle in generating text that is not ex-
plicit in its intended meaning, i.e. lacking subtle subtext. For
example, in the game of VISUAL ALLUSIONS, even the best
performing model—Gemini-2.5-Pro—in our experiments
generates obvious clues that are understood by all the other

"https://www.libellud.com/en/our—games/
dixit/,https://www.wavelength.zone/
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Figure 1. Evaluating the use of subtext in creative communication in large language models (LLMs). A. A schematic of the use of subtext,

in reference to a scene from the 1987 Im The Princess Bride as an illustrative example. Both generating and understanding the text rely
on implied meaning beyond the explicit tokens. B. Our evaluation covers multi-agent social communication in games inspired by the rules

of Dixit and Wavelength (8 3), as well as model generation and understanding of historical allegories and stories (§ 4).

players 60% of times. We also experiment with scenario. Related Work

where a subset of agents share a common set of stories that ) ) _ _

the other agents are unaware of as their common groun reative Evaluation. Recent studies (Mirowski et al.,
(Clark, 1996). In this setup, we nd that for advanced 2023; Chakrabarty et al., 2024) have suggested that LLM-

reasoning models like Gemini-2.5-Pro, GPT-5, and Claugedenerated written work tends to lack subtext, and instead
Sonnet-4.5, there is a signi cant 30%-50% reduction in therelies on overly direct and expositional language. Subbiah

fraction of obvious clues generated in the game. Howeveﬁt ‘Ff‘l' (2024) _nd alack Of_ understanding subtextin LLMs
hile generating summaries of short stories. However, these

even with the presence of a secret common ground, theyhiie X )
scores for these models are signi cantly — roughly 2x __studies relleq on expert annotations, and Chakrabarty et al.
lower than the best achievable scores, because even the bé% 24) especially nd no positive correlat|or_1 between expgrt
models continue to generate overly literal clues. judgments and aqtomatgd evaluation using LLMs. Wh|!e
there are automatic metrics and benchmarks for evaluating
For HISTORICAL ALLEGORIES, we nd that paratextual creative writing, they often either focus on low-level fea-
factors like the identity of the author of the story and thetures like lexical diversity (Zhang et al., 2025b; Lu et al.,
reader's persona and biographical information, signi cantly 2025), or use LLM-based evaluation for aspects like style
steer the models towards the intended historical interpretand tone (Paech, 2023; Harel-Canada et al., 2024), narra-
tion of the text. Under the right conditions, Gemini-2.5-Pro tive complexity (Tian et al., 2024) and consistency (Ahuja
can go from interpreting 26% of the stories correctly to 73%et al., 2025). These approaches do not directly measure the
However, for THE AESOPIAN AUTHOR, our most challeng- use of subtext. Crucially, these works focus on evaluating
ing environment, we see limited successes—even the besteativity in static outputs of language models in isolation,
performing models achieve the environment objective 22%ut creative writing and speech in practice are used to com-
times. municate ideas or emotions to an audience of readers (or
listeners), and how the audience understands and responds

to introduce environments to systematically evaluate the us’ the work forms an important function (Tolstoy, 1897;
of subtext in creative communication in LLMs. While our Carroll, 2001).
ndings suggest that current frontier models tend to strugglemulti-Agent Communication. There has been an increas-
with these tasks and are often too explicit with their commuing interest in utilizing board games for studying different
nication, the biggest reasoning models do tend to outperforrsommunicative capabilities of multi-agent Al systems con-
their smaller counterparts, hinting towards improving cacerning coordination and collaboration (Agashe et al., 2025;
pabilities of LLMs towards creative communication. Our Xu et al., 2023; 2024; Jin et al., 2024), negotiation (Kramar
ndings align with prior observations in Mirowski et al. et al., 2022; Bakhtin et al., 2022), and reasoning (Wu et al.,
(2023) and Chakrabarty et al. (2024) that models do nop023). Most directly related to our work are (Balepur et al.,
frequently produce subtext, and provide greater clarity an@025; Mo et al., 2025; Singh et al., 2023) that study multi-
speci ¢, automatic and quantitative measures of the use ohgent gameplay in Dixit and (Qiu et al., 2025) that focuses
subtext in models' generations. To inspire future research iron the board game Wavelength. However, none of these
this area, we aim to release the code for our environmentgorks focus speci cally on communication using subtext,
and model evaluations. nor do they consider common ground between the agents,
which is an important property of more realistic usage of
subtext. Another related line of research to our work is

Overall, our work is the rst (to the best of our knowledge)
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multi-agent social environments for simulations of humancard from their hand that most closely resembles the clue.
behavior (Park et al., 2023) or to evaluate and improve social he storyteller's and other players' cards are shuf ed then
intelligence of LLMs (Zhou et al., 2024; Wang et al., 2024; displayed. All non-storyteller players then vote (indepen-
Zhang et al., 2025a). However, the studied social behaviordently) on which card they think is the storyteller's. The
in these works focus primarily on literal language ratherstoryteller scores 3 points if and only if some but not all

than communication that relies on implied meaning. other players correctly guess its card. The other players get
points for guessing correctly, and for others guessing the
3. Investigating Creative Communication in card they put; they also get a bonus if the storyteller fails.

The image cards used in VISUAL ALLUSIONS are synthe-
sized using an image generation model, Imagen 4 (Barcik
Games are powerful tools for the cognitive science of bottet al., 2025). We compare model performance on the basis
humans and Al, as they approximate the complexity of theof both total scores (maximum value 30) and win-rates, as
real world while remaining intuitive (Allen et al., 2024). Well as component scores for individual roles (e.g., story-
Here, we focus on social communication games where play€ller). We also classify the clues generated by the agents in
ers communicate their intentions using creative natural larfhe storytelling stage into obvious (all other players guess
guage. The concrete game outcomes allow us to objectivelfpe card correctly), obscure (no player guesses the story-
measure creativity and use of subtext, in a way that capture€ller’s card), and just-right (some but not all players guess
the subtlety and nuance in the players' use of language angprrectly).

reveal their inductive biases.

LLMs using Board Games

To incorporate external knowledge of the players, we

We focus on games that follow a Speci ¢ structure. Cebe eXplOfe prOViding models a set of stories in context. We test
a game played by a set nfplayers,P = fp 1:p»;::::png, ~ Scenarios where players know which other player(s) have
wheren > 2. We use the standard notatiby to denote ~ access to the same stories, and scenarios in which they need
the set of all players excluding . In a given round, lep, to infer this. In VISUAL ALLUSIONS, such common ground

be the active player (or "sender"). The sengleobserves ~Ccan be leveraged, where players can partner up and craft
a game statg;. Each playep, 2 P may also possess clues only they understand. For the shared context case, we
private external knowledge or beliefg,. LetA; be the also consider a Spark Coef cient metric that captures the
intended audience set for the playgr whereA; is anon- rateat which two players exclusively communicate with each

empty, strict subset of the other players (i%,,(P ; and other over other players (0 for no selective communication
Aj 6=3). and 1 for maximum, for more details see Appx. A.1.4). By

, i , i default, agents have no memory of the previous rounds (we
The sender's goal is to communicate a private intenTo  (yisit this later).

do this, the sender generates a natural language expression
g =w;(ij;A;;0;G). The receiverg 2 P; observe LLM players tend to generate obvious rather than subtle
g and produce their own interpretatidﬁ =u k(ej ;Ok;ck) cues. We begin by having different LLM-based VisuAL
of the sender's intent. ALLUSIONS players (without memory or stories in context)

. compete in a tournament of 100 four-player games. The
Let S be the set of players who correctly decode the intentigqjts are summarized in Table 1. Gemini-2.5-Pro outper-
S=fpk2P;j jix=ijg Thesendep scoresifand tormg all other models in total game scbend win-rates.
onlyif S =Aj. In other words, for a player to score, they 1he win-rates for all players other than Gemini-2.5-Pro and

must communicate so that their intent is understood 0”'>Gemini-2.5-Flash are roughly around 0.25, suggesting no
by their intended audience. In this work, the playRrare signi cant performance difference.

operationalized using LLMs; the expression and understand-" o .
ing functionsw andu are emulated by generating text from While Gemini-2.5-Pro and Gemma-3-27B obtain much
these models. The notion of the intent and the structure diigher storytelling scores than other models, their story-

choice of the intended audience SQtiA game_dependent_ telling scores still tend to be far below the maximum achiev-
able storytelling score for our setup af1 3. We nd that

3.1. VISUAL ALLUSIONS the low performance is almost always attributed to the liter-

alization of the storyteller intent, rather than failure in other
Our rst environment, VISUAL ALLUSIONS, is inspired by

the rules of the multi-player board game Dixit, where play- 2‘_I'he score improvements of Gemini-2.5-Pro are statistically
ers communicate about abstract images (see Appx. A.1 f gni cant over all models except Gemini-2.5-Flash by a Mann-

. 3 ~Whitney U test at p < 0:05.
full details). Players take turns as storyteller (the “sender”) 3Average number of rounds played as storyteller by player in

and choose a card in their hand privately as their intent our setup is 3.72, bringing the best total storytelling score to be
they express this intent with a natural language clue. Once:72 3 =11:18

the storyteller's clue is revealed, all other players choose a

3
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Game Score  Win Rate Component Scores Clue Types (%)
Model Storytelling Guessing Distraction Obvious (#) Obscure (#) Just-Right (")
Gemma-3-27B 25.44 0.26 4.26 4.26 1.23 52.31 7.81 39.88
Gemini-2.5-Flash 26.77 0.40 2.74 5.63 191 71.81 1.90 26.29
Gemini-2.5-Pro 27.81 0.41 4.09 4.91 1.78 59.28 3.07 37.64
GPT-5-mini 26.02 0.23 2.42 5.32 1.72 75.64 181 22.54
GPT-5 26.65 0.23 2.63 6.05 1.86 74.74 0.94 24.33
Claude-Haiku-4.5 24.12 0.18 2.74 4.05 1.61 72.37 3.51 24.12
Claude-Sonnet-4.5 26.07 0.23 2.47 5.68 1.70 74.42 2.78 22.81

Table 1. Game scores, win-rates, component scores, and clue-types for different models playing VISUAL ALLUSIONS.

capabilities like multimodal understanding or instruction models knew which other models had the same context.
following. This is evident from the distribution of the clue Here, we explore whether models can infer that they share
types given by each model when acting as storyteller (Tableontext with another model, without being told explicitly.
1), the majority of which tend to be too obvious and areTo test this, we consider gameplays between Gemini-2.5-
rarely obscure. Figures 3 and 4 in Appx. B.1 provide exPro, GPT-5, and Gemini-2.5-Flash models and provide the
amples of clues generated by the models for different cardshared context to Gemini-2.5-Pro and GPT-5, manipulating
showing that the clues often tend to be very literal about thevhether they are informed about the shared knowledge. We
storyteller's intent—e.g. in Appx. Figure 4c, GPT-5 basedmeasure the same metrics as above, as well as quantify-
storyteller with the selected card containing a multi-headedng Storytelling Clues (how many clues reference a shared
dragon, generates a clue Too many heads of departmestory), and Awareness of the shared context (by analyzing
which is a clear give away of storyteller's card. the thinking traces); see Appx. A.1.4 for details. To make
inferring the shared belief possible, we enable the models

We further test if by having access to a memory of the gam R remember past three rounds at each stage.

the agents might be better able to adapt their strategies o
observing behavior of other players. Interestingly, we obThe results are summarized in Table 2. When the shared
serve similar behavior even in this case, with models likebelief is provided to the two models, we observe high sto-
Gemini-2.5-Pro and Claude-Sonnet-4.5 performing slightlyrytelling and awareness scores. However, when the shared
better with memory but their storytelling performance re-belief is not provided, we see qualitatively different pat-
mains low and proportion of obvious clues continues to beerns of storytelling from the two models; GPT-5 only rarely
high (see Appx. A.1.5). uses clues from the stories, while Gemini-2.5-Pro frequently
Can LLMs use common ground to communicate? We does .so—Fhus achieving higher rates of stprytelling clqes.
next explore a setup where two copies of a model are prc%[-)eSpIte this, we see Ilttle_lndlcauon that e!the;r model in-
ers the shared beliefs during the game (as indicated by low

vided with a shared set of stories, and told which other, e .
. . : wareness scores when shared belief is not provided). Thus,

player is aware of the stories, serving as a Common Groun : - o
e higher performance of Gemini-2.5-Pro in this case ap-

(Clark, 1996) between the two agents. These agents plag/

against two Gemini-2.5-Flash models that do not share an rea&;trii toi tgilire“ée\r/]vi?r)]/ollﬂtb:;nﬁc:lig u?en;:lfz(ijnbym}r? € tf]t;[rﬁz n
context. In this setting, we observe that stronger model 9 ' plcity gwhy y

can take advantage of the common ground to achieve highere useful.

performance, as measured by improved storytelling scores,

lesser fraction of obvious clues, or signi cant spark coef - 5.2. ATTUNED

cients (Figure 2). E.g. In Appx. Figure 5a, Gemini-2.5-Prowe next consider the environment—ATTUNED—inspired by
chooses a card with a Turkey on it, and provides a clughe rules of a social guessing game Wavelength. The game is
referring a story involving thanksgiving dinner that is only played between teams of two, and in each round, one player
recognizable to the other player with the same stories. Negcts as the sender who picks a card with a spectrum speci ed
ertheless, models still tend to struggle at the storytellinghn it, e.g. Ephemeral to Permanent, and a random location
phase—as demonstrated by the fairly low absolute valuegn the spectrum from 0 to 100. The sender player then
of the storytelling scores and spark coef cients. In manyprovides a natural language clue about this location (private
cases models still make their intent obvious from the C|UQntentij ), the sender's team p|ayers (intended aud|eﬁ§;¢
alone even while referencing a story, failing to infer thatand the opponent team players guess the location. We use
other players without access to the stories can recognize the similar environment setup and metrics to our previous
card from the clue. experiments, see Appx. A.2 for full details. Within a team,

Beliefs about Shared Beliefs. In the prior experiments, (e players are always the same model and given access to a

4
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(a) Storytelling scores (b) Clue composition (c) Spark coef cients

Figure 2. Performance comparison of different models in the shared context setup. Statistical signi cance for Spark Coef cients (only
calculated for Common Ground = True case) is calculated using a chi-squared test (p = 0:05) to reject the null hypothesis of no spark.

Average Score Storytelling Score  Storytelling Clues  Awareness
Model Name Shared Belief

Gemini-2.5-Pro  True 27.1 5.4 0.962 0.962
False 29.4 6.0 0.830 0.051
GPT-5 True 29.0 4.8 0.927 0.909
False 26.9 1.2 0.203 0.102

Table 2. Manipulating Shared Belief Prior for Gemini-2.5-Pro and GPT-5 players.

set of stories (with no overlap with the stories of the otherclue than a failure to nd connection to the stories—future
team) as common ground. work can explore different forms of establishing social con-
texts between the agents using alternate approaches like
social simulations(Park et al., 2023). Detailed results for
this environment are provided in Appx. A.4.

LLMs only sometimes selectively communicate to team-
mates in ATTUNED. We nd that GPT-5-mini performs
the best overall out of all models with a win-rate of 66%,
followed by GPT-5 and Claude-Haiku-4.5 (57% and 54%

respectively). To disambiguate the selective communicatiot. Understanding and Encoding Subtext in
capability from the rest of game mechanics, we consider Stories

aMindRead metric that measures the fraction of times a ) o .
model is able to successfully communicate the target to jts° fa", we have focused on creative communication in multi-
own team — i.e., its team guesses the clue closer to thggent social communication games involving short natural
target compared to the opponent team. OriiedRead language utterances (a _sentence long mostly). We now eval-
metric, we do not observe meaningful performance differt@te the use of subtext in longer form text through generat-
ences between the models. MindRead scores remain N9 and understanding stories. We consider two evaluation
relatively low at roughy0:33 i.e., only in 1/3rd of the times §U|tes—understand|ng historical allegories in ctional sto-
are models able to craft clues to selectively communicate t6/€S: and a novel environment that we call THE AESOPIAN
their teammates. ATTUNED is very closely tied to TheoryAUTHQR where authqr agents are required to create stories
of Mind—a capability of intelligent systems that involve that different agents interpret differently.

estimating the mental states of other agents—as the sender

needs to craft clues that would lead their teammate to think-1. HISTORICAL ALLEGORIES

of the target number. LoMindRead scores could indicate  ap, gjiegory is an artistic form with a narrative that can be
general limitations of current LLMs towards building and jnserpreted to represent a hidden meaning that carries moral
applying a Theory of Mind, which require models to implic- 4 ojitical signi cance. We focus on the interpretation of
itly reason about the mental states of other agents and adagsyqrical allegories— ctional stories that allude to histori-

their behavior (Gu et al., 2025; Riemer et al., 2025). ItiSc4| eyents, When people interpret texts, many factors can

possible that the provided shared stories do not facilitate sufy, ,ence their interpretations— e.g. paratextual factors like

cient context in ATTUNED to craft selective clues—though ¢ jnformation about the author or their intent (Genette,
qualitatively we observe the errors to be more about modelggg7- carroll 2001) or even the reader's own cultural or

wrongly estimating how the teammate would interpret thejyejiectual background can in uence their reading of the

5
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text (Barthes, 1977; Fish, 1980). In this section, we conside61% under the deep reader persona once the author's name
the research question—do paratextual factors or reader'ss provided.

background in uence LLM interpretations of historical alle-

gories? 4.2. THE AESOPIAN AUTHOR

Synthetic Allegories. We generate synthetic allegories for Historically, a common use of subtext has been for the au-
27 historical events using a two-stage agent pipeline (detailghors to convey dissenting ideas while evading the harsh
in Appx. A.6). The pipeline generates ctional stories censorship of their time by maintaining the guise of inno-
across two genres, each alluding to a historical event withou¢ent meaning. This is also referred to as Aesopian Language
referring explicitly about any event or places and peoplgLoseff, 1984). Inspired by this, we propose a story-writing
involved. We use a synthetic approach to control the groun@nvironment that unites allegorical writing with features of
truth mapping between the historical event and the allegoryhe communication games we explored above. In this envi-
and study interpretive factors in isolation. These stories argonment, called THE AESOPIAN AUTHOR, an author agent
not meant to be high literary quality stories with very subtlejs tasked with writing stories that refer to a banned topic
subtext (still not entirely transparent, see Appx. A.6.2 for(e.g., democracy)—in a way that a cultural critic agent can
examples). Our goal is to test how reading of the same teXtecognize—while fooling an inquisitor agent into interpret-
can vary under different conditions, as we detail below.  ing it as discussing an encouraged topic (e.g., praise of the

Experiment Design. We consider & 3 factor design menarch).

consisting of three persona conditions for the interpreterhe environment is initialized by sampling a ctional setting
LLM —literary critic, deep reader, and historian—crossed and an author's initial pro le from the inquisitor's perspec-
with three information conditions—default condition with tjye (either perceived as state-aligned or state-misaligned).
no author or reader information (other than persona), authoExamples of the ctional settings are provided in Appx.
name condition where the name of the author is providedy.6.2. The author gets at most 10 chances to write stories,
and reader name. All persona and information conditionsyhich are shared with the critic and inquisitor. If the inquisi-
are provided through the LLM prompt (see AppX. A.6.3).tor and critic both interpret the story as the banned topic, the
Only the historian is explicitly prompted to look for histori- author gets a strike; after three strikes, the game terminates,
cal connections, while with critic and deep reader we seelnarking the death of the author. If the inquisitor interprets it
to understand if such interpretations could surface withougs benign, but the critic detects the banned topic, the author
models being explicitly cued. The author names and readgg considered successful.

names are sampled to re ect the sociocultural context of

the historical event used to generate the allegory—e.g. fo}—o ensure_that the critic and inquisitor can form differing
an Indian historical event a typical Indian name would be/Ntérpretations of the same text, we provide the two agents

sampled (see Appx. A.6 for details). This decision is inWith different external beliefs and knowledge (of which the

spired from Genette (1997), which notes how author name@&uthor is aware). The inquisitor is provided with the author’s

can reveal the nationality of the author of the text, therebyP'© l6—and a dossier where it maintains its past interpreta-
affecting its interpretation. tions (banned or celebrated topic) of the author's writings.

The critic doesn't have any knowledge of the author's back-
Paratextual and Reader-side conditions can strongly in-  ground but instead maintains a literary history of the author,
uence LLMs interpretations. Table 3 shows the accura- j.e. all stories written by the author. Note that the full liter-
cies of six different models under the 9 experimental condiary history is not maintained by the inquisitor. Hence, the
tions. Unsurprisingly, the accuracy tends to be the highesguthor can develop the subtext over the course of multiple
by a big margin under the historian condition across all modwritings, which individually might appear innocuous.

els and information conditions, where the model is explicitly

asked for a historical interpretation. Between critic and deeff/€ consider Gemini-2.5-Pro, Gemini-2.5-Flash, GPT-5, and

reader modes, we nd the trends to vary for different modelsClaude-Sonnet-4.5 models for the author agent. Critic and

For GPT-5, we nd the performance for the critic model NAUIsitor agents are always Gemini-2.5-Pro models. This
is signi cantly higher than the deep reader, while in other!S @0 intentional choice, as xing the interpreters helps us
models we see the opposite trend. Interestingly, both Authofo€US On models leveraging the information asymmetry be-

Name and Reader Name conditions for most models, resulfy/€€n the two agents rather than the capability difference.
in a (statistically) signi cant increase in correctly decoding S & baseline, we also evaluate a control author (which is

the ground truth event. This is true even under the CriticG€Mini-2.5-Pro) tasked to only publish state propaganda.

and Deep Reader conditions, where the models are nev&U Primary evaluation is the number of successful writing
explicitly prompted to nd a connection with a historical attempts, along with number of strikes received during the

event—e.g. for GPT-5 we see the accuracy go from 45% t§game. time when the rst strike is received and when third
strike is received (time of death), and number of times the
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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 0.709 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 0.3¥9 0.09¢' 0.574 0.222 0.513
Reader Name 0.115 0.293 0.067 0611 0.148 0.543
Default 0.489 0.630 0.630 0.930 0.507 0.652
Historian Author Name 0.530 0.722 0.722 0.956¢ 0.530 0.698
Reader Name 0.511 0.730 0.663 0.952 0.552 0.696¢

Table 3. Model accuracies for decoding the ground truth event. by persona and information conditions. Bold scores indicate an increase
over “Default' information condition’. denotes statistical signi cance according to the paired T-test. More results in Appx. A.6.4.

author agent conformed (i.e., both interpreters read the storgration and theory of mind capabilities of these models.
as innocuous). See Appx. A.7 for details.

Models struggle with crafting subtextin THE AEsopian . Discussion

AUTHOR. As expected, the control author shows little . . .
X . In this work, we have proposed a set of evaluation suites—
success and high conformity (Table 4). We nd that all . . S
ranging from multi-agent communication games to allegory-

author models have higher success rates than the contr

author, with GPT-5 performing the best with an averagewrmng environments—for evaluating LLMs' capabilities

of 2.20 successes. Interestingly, GPT-5 has a high averal fgr communicating with subtext. Acros_s these settings, we
: ? enerally nd that contemporary frontier models tend to
number of conformations, which tends to be low for otherStru le to use subtext effectively. and are aenerally too
models like Gemini-2.5-Pro and Claude-Sonnet-4.5. Thig' “J9'¢ o U L et Y. €9 y
! , : : . _explicitin their communication. Our explorations also relate
sheds light on GPT-5's strategy to write conforming stories . . s
. : SO o to broader questions about language models' capabilities,
to build a trust with the inquisitor. Qualitatively, we observe " . ;
Lo . which we detail below.
similar limitations as we found in VISUAL ALLUSIONS,
where models often make the intended message too explicRragmatic Reasoning and Theory of Mind. In cognitive
that the inquisitor agent is able to easily detect. The fewscience and linguistics, communication—and particularly
cases for GPT-5, where we do see the author agent succedide pragmatic reasoning necessary for going beyond the
always involve the model starting to write non-story text,literal content of another's utterances—is often modeled
which are interpreted as innocuous by the inquisitor buts a process of recursive reasoning about the interlocutor's
as a parody of the state's policies by the critic (e.g. for abeliefs and intent (Frank & Goodman, 2012; Degen, 2023).
setting involving dissolution of the personal identity, the Subtext tasks involve this kind of pragmatic language pro-
critic interprets the neutral manuals generated by the authatuction and interpretation; indeed, communication environ-
agent as a critique on the loss of individuality—The authorments similar to ours have been used in past explorations of
is allegorically describing their own situation: being forced pragmatic reasoning in LLMs (Qiu et al., 2025). Thus, if
by the state to write these sterile manuals to silence theipragmatics tasks involve reasoning about interlocutor's be-
own subversive voice). liefs and intentions, our subtext tasks can also be interpreted

We also study the effect of the author pro le (Appx. Table as measuring some componc_ents of theory of mind. Indeed,
they may provide more sensitive and (at present) less con-

9)—whether the prior belief of the inquisitor about the au-,_ "~
) . L L aminated measures than more-commonly-used benchmarks
thor is state-alignment or misalignment. In the misaligne

case, all models tend to perform much worse. GPT-5 which'ke classic false-belief tasks (cf. Hu et al., 2025) and are

closer to implicit and functional theory of mind tasks advo-
performs best on average gets zero successes when the au-

o . . ... cated by Riemer et al. (2025); Gu et al. (2025). From this
thor pro le states misalignment. This is consistent with . .
] . . erspective, our results can be read as both showing some
our results in 84.1, where a model's belief about the autho

T . \ ; successes of theory-of-mind reasoning in novel and implicit
was shown to signi cantly affect interpretation. While THE settings (e.g., cases where models successfully produce a
AESOPIAN AUTHOR is inherently much more complex than gs (€.g., yp

. ; . . . _just-right utterance by using their private common ground
the previous environments we considered, it also provides. .
. . o with another model), but also many notable failures (e.g., to
enough exibility, where models can in principle create

stories of any form leveraging the information asymmetryfuIIy consider the constraints imposed by multiple listeners).

between the interpreter agents. Hence, the environme@ommon Ground. A crucial component of human commu-
functions as a form of stress testing of the open-ended genication is the beliefs, knowledge, or assumptions, shared
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Inquisitor-Critic

Model Succeeded Conformed Strikes Time to First Strike Time of Death

Agreement
Control Author 0.40 8.35 0.30 10.00 10.00 0.86
Gemini-2.5-Flash 1.20 5.70 1.30 4.70 10.20 0.75
Gemini-2.5-Pro 0.85 1.35 2.90 2.45 6.15 0.74
GPT-5 2.20 5.15 0.85 5.55 10.00 0.63
Claude-Sonnet-4.5 1.30 2.60 2.25 1.80 7.40 0.73

Table 4. Aggregate Results on THE AESOPIAN AUTHOR environment. The maximum value for all metrics except the Inquisitor-Critic-
Agreement is 10" implies that the average is greater than the value 10. The results are averaged across 20 different game settings.

between the interlocutors, which are often acquired ovethe given text, thereby playing an important role in under-
time by shared experiences. (Lewis, 1969) formalized thestanding the subtext. Besides the author acting as a source
notion of common knowledge—Iater extended to commonf context for interpretation of text, the role of a reader in
ground (Clark, 1996)—where two or more agents have comeonstructing its meaning—as argued by (Barthes, 1977)—is
mon knowledge aboup, iff each of them knowp to be  another common lens for text interpretation under Reader-
true, and all the agents know that the other agents have thigsponse theory (Fish, 1980; Jauss & Benzinger, 1970). Our
knowledge (and can be iteratively extended to higher ordersgxperiments show that LLMs display interpretive tenden-
Our environments—VISUAL ALLUSIONS, ATTUNED, and cies that seem to align with patterns predicted by Genette's
THE AESOPIAN AUTHOR—test communication between theory of paratext and reader-response theory. Future work
LLM-based agents and evaluate if these systems can utian also analyze this phenomenon mechanistically.

lize common ground to achieve the objective set out by th

. : Limitations: Although we explored a range of settings and
respective environments.

models, there are a number of limitations of the present
An important aspect of common ground, which is the prowork that should be addressed in the future. First, our envi-
cess of its accumulation or updating over the course ofonments generally rely on making the goal of using subtext
interaction, appears to be a failure case for current LLMexplicit, via telling the models that their goal is to commu-
systems based on our experiments. (Clark & Brennan, 1991icate to only some of their listeners. However, it would be
de nes grounding as the process by which common groundiseful to more systematically experiment with when models
is built up through communicative acts that signal mutualuse subtext when that goal is implicit in other environmen-
understanding between interlocutors. In our VISUAL AL-tal constraints. Second, a variety of newer models have
LUSIONS experiments, where the agents were not informedbeen released since we completed the experiments; it would
about the shared knowledge, an agent crafting a clue by reffe useful to understand whether newer models yield better
erencing one of the shared stories, or another agent correctherformance on these tasks. Likewise, our experiments do
interpreting such a clue, could in principle serve as evinot include a human comparison, but it would be useful to
dence from which the shared knowledge might be inferredunderstand the extent to which humans and models can use
While we observe the evidence of the two acts in our experisubtext together in game environments like these.

ments, we nd little indication of the models actually infer

the existence _of the shared knowle(_dge from this eviden(_:EthiCS Statement

and adapt their behavior based on it. One way to explain

these ndings could be through a distinction, implicit in As noted above, subtext is a fundamental part of human
Lewis's framework, between having reasons to believe cereommunication and art. Simultaneously, the use of implicit
tain propositions versus actually forming those beliefs, i.e.communication that is intended to be uninterpretable to
evidence during communication may provide reasons foisome receivers relates to potentially harmful capabilities
shared beliefs, but these reasons lead to belief formatiothat have been points of concern about language models,
only given suf cient cognitive resources for making the such as deception (Scheurer et al., 2024) and steganogra-
inference (Geurts, 2024). Future work can investigate th@hy (Wu et al., 2024). Likewise, conveying information
effect of varying the test time compute on the accumulationn a way that is only clear to an intended audience might
of common ground by LLM agents. enable evading safety lters on model outputs (cf. Yan et al.,

Paratext and Reader Response. (Genette, 1997) de nes2025; Yona et al., 2025). Thu_s, capab|I|t|e.s for using §ubtext
could be dual-use. We consider evaluating models' use of

Fhaeri{:)r:;ift Tﬁemaal:fr:loe:l ?iltjlremg??A?r%guzl:igussh(\a/\(/jhﬁi)r(]t'cgt]%ubteXt to be strictly bene cial—both for understanding the

: . . . {'nodels as communicative entities, and for understanding
control the consumption, reception, and interpretation o
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whether there are risks of more deleterious uses. However, https://www.science.org/doi/10.1126/

we strongly advocate against training models explicitly for

use of subtext, which could increase risk of these more harm-

science.ade9097#tab-citations.

ful capabilities (particularly in light of over-generalization Balepur, N., Nguyen, D., and Ki, D. Can they dixit? yes

of misalignment; Betley et al., 2026).
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Appendix
A. Detailed methods

A.l. VISUAL ALLUSIONS

VISUAL ALLUSIONS is inspired by the rules of Dixit, which is a 2008 board game created by Jean-Louis Roubira, illustrated

by Marie Cardouat and published by Libellud. The game is played by 3 to 6 players, and each player receives 6 picture
cards containing abstract images. Players take turn as storyteller (the “sender”) and choose one of the cards in their hand
privately that de nes their interi{ and expresses this intent using a clue which can either be a word, a phrase, a sentence,
or a poem. Once the storyteller's clue is revealed, all the other players choose a card from their hand that most closely
resembles the clue. A voting deck is formed using the storyteller's card and the cards played by the other players. All the
non storyteller players then vote (independently) for what they think is the storyteller card in the deck i.e. they decode
the storyteller's intent by guessing the card. The storyteller scores 3 points if and only if some but not all other players
correctly guess its card, i.e. the intended audience for the storyteller can be any non-empty strict subset of the remaining
players—A; 2fAjA (P ; andA 6= ,g If the storyteller fails, which is if the clue is either understood by all the
remaining players or none of them, then it scores 0 points while the other players score 2 points. If the storyteller succeeds,
each player in the intended audience also scores 3 points. Additionally, every (non-storyteller) player scores 1 point for each
vote they receive on their card. The game ends once a player reaches a total score of 30.

To incorporate external knowledge of the players, we use set of stories which are provided to the models in context. We
explore scenarios where the players are provided with the information about another player knowing the exact same stories.
This is meant to replicate a scenario where we might utilize our knowledge of our friend having seen the same movie or read
the same book to craft a reference which would be understood exclusively by them. We also explore scenarios where this
knowledge is not given and examine if models can infer the presence or lack of knowledge about these stories by other
players in the game.

A.1.1. DATASET AND ENVIRONMENT

To create our environment we do not use the components of the board game Dixit (for example the game components,
names, logos, board or card designs) but instead take inspiration from the rules of the game. We construct a deck of cards by
generating images using Imagen 4 (Barcik et al., 2025). To create captions for the images to be generated, we rst generate
a list of entities of types Animals, Plants, Mythological Creatures, Household Objects, Vehicles and Generic Location using
Gemini-2.5-Flash. We then similarly generate lists of 100 adjectives, verbs, colors, and abstract styles for dreamy artwork.
A caption is created by randomly choosing four entities (which are each randomly assigned a verb if they are animate, an
adjective, or a color) and one overall style from the full lidtlease create a dreamy, surreal painting

that incorporates {entities} with a background of

{style} . We generate a total 156 images using this approach, which forms the deck of cards for our VISUAL ALLUSIONS
environment. Some examples of the generated cards are provided in Figure 3.

VISUAL ALLUSIONS is a multi-modal and multi-agent environment. A state in the environment is de ned by the deck of
cards, current stage in the game (storytelling, guessing, voting, or scoring), identity of the player with current turn, cards in
the hand of each player, storyteller's clue (if available), storyteller's card (if available), voting deck (if available), and the
scores of each player in the game so far. Each agent implements 3 key functionalities to interact with the environment—
storytelling where the agent observes the card in their hand, chooses a card and creates a clue; playing a distractor card
where the agent observes the clue given by the storyteller, the cards in its hand and chooses a card that best matches the
storyteller's clue; voting for the storyteller's card where the agent observes the voting deck and storyteller's clue and must
guess the storyteller's card from the deck. Optionally, we also provide the agents a functionality to observe the outcome of a
round i.e. the results from the voting and analyze and re ne their strategy for the next round. This functionality is speci ed
when we create agents with memory of previous stages of the game. Unless speci ed otherwise, we have each gameplay
with 4 players.

A.1.2. EXPERIMENTAL SETUP

We use Gemini-2.5-Pro, Gemini-2.5-Flash (Gemini Team, Google, 2025), Gemma-3-27B (Gemma Team), GPT-5, GPT-5-
mini (OpenAl, 2025), Claude-Sonnet-4.5 (Anthropic, 2025b) and Claude-Haiku-4.5(Anthropic, 2025a) for our experiments.
For all our experiments, we use a temperature of 1.0 and a maximum tokens of 8192 (which are dynamically adjusted if
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the output is truncated). For Gemini-2.5-Pro and Gemini-2.5-Flash we use dynamic tHinking@laude-Sonnet-4.5 and
Claude-Haiku-4.5 we use extended thinkirgt the time of this work, adaptive thinking wasn't available) with a thinking
budget of 4096, and for GPT-5 and GPT-5-mini we use medium reasoning sfrefggtthree functionalities—storytelling,
playing a distractor card, and voting for the storyteller's card are implemented by prompting the LLMs with the observation
from the current stage in the game (which is dependent on their role, e.g. for storytelling they only observe their hand of
cards) and their goal for the same. By default, LLMs have nho memories of the previous rounds and their actions, though we
explore the effect of having memory towards model performance in separate experiments. In the standard setup there is also
no external knowledge provided to the LLMs and only provided with the game rules and the observations. We experiment
with providing external knowledge in form of stories available in the Tell Me A Story dataset (Huot et al., 2024) by providing
10 stories from the validation split in the system prompt of the LLM. All of the models except Gemma, use thinking, for
Gemini-2.5-Flash and Gemini-2.5-Pro dynamic thinking is used where the models determine the amount of reasoning effort
dynamically, for GPT-5 and GPT-5-mini we set the reasoning effort parameter to be medium, and use a thinking budget of
4096 tokens for Claude-Sonnet-4.5 and Claude-Haiku-4.5 models.

A.1.3. GREEDY ALGORITHM FOR GAMEPLAY SELECTION.

For our standard experiment setup, without shared context or memory, we consider 100 gameplays of four players per game.
To select the four players out of the total seven models for a given game, we use a greedy algorithm to ensure each model
plays with another equal number of times. The algorithm operates as follows. We maintain a co-playmsuick that
Ci} denotes the number of times mod@&ompeted with modgl’, till rst t gameplays. For rounid+ 1 , the four players

are selected by rst selecting the player that has played the lowest number of games sg fatﬁle.Ci} . The next three
players are selected by successively choosing each player such that they have the lowest number of the gameplays with the
players selected for the game so far. HencByidenotes the set &f players for the gameplaty+ 1, thek + 1 th player will

beize ,  jop , Cii -
A.1.4. METRICS

To compare how well different LLMs perform on VISUAL ALLUSIONS, we evaluate the average total score (out of 30)
scored by each LLM as well as the win-rates—the fraction of the total games played by the LLM that it won. Since,
VISUAL ALLUSIONS involves players scoring for different roles in the game, we also break the total score into individual
components—storytelling score for the points an LLM gets for their role as storyteller in the game i.e. the points from
making some but not all players guess their clue; guessing score for the points an LLM player scores for correctly guessing
the storyteller's clué; distraction score for the points an LLM player gets for the votes on the card played by them instead

of the storyteller's card. To gain a deeper understanding of an LLM's storytelling performance, for each clue that the model
gives as a storyteller, we measure if the clue was obvious i.e. all other players could guess the card correctly, obscure i.e.
none of the other players could guess the card, and just-right i.e. some but not all other players could correctly guess. We
measure the fraction of these three clue-types during a game and report them.

For the shared context case, where two players are provided with the same set of stories as their external knowledge (as well
as belief of this partnership), we quantify the magnitude of the two players collaborating with each other in the game by
crafting clues that are exclusively understood by their partner using a metric called Spark Coef cient. Consider the set of

as the storyteller that were correctly guessegbgndSC(p) to denote the number of times played storyteller in the
game. The spark coef cient between playersajpd p i.e. Spark(p i; p; ) is the computed as follows:

“https://ai.google.dev/gemini-api/docs/thinking

Shttps://platform.claude.com/docs/en/build-with-claude/extended-thinking

Shttps://developers.openai.com/api/docs/guides/reasoning

7Assuming an ordering of the seven models Gemini-2.5-Pro, Gemini-2.5-Flash, Gemma-3-27B, GPT-5, GPT-5-mini, Claude-Sonnet-
4.5, Claude-Haiku-4.5

8since our focus is on how well models understand the subtext, we only consider the 3 points that a player scores for correctly guessing
the storyteller's clue when the storyteller is successful in their attempt i.e. give a clue that is guessed by some but not all players. The 2
points that all non-storyteller players get when all of them correctly guess the storyteller's card are not included in this score.
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In other words Spark(p i; p;) measures the rate at whiphandp; exclusively guess each other's clues. The value of
Spark(p i; p;) varies from -1 to 1, where 1 means a perfect exclusivity where only the two players can guess each other's
clues, 0 when there is no difference between the rate at which the two players guess each other's clues and other players
guess them, and -1 when the two players always fail to communicate with each other but do perfectly with other players. We
also measure if the rate at which playgrguesses playes's clues correctly is signi cantly higher than the expected value

Epopnp ;g[Rpi1p ] UsSing the 2-contingency test.

For the experiment on how awareness of shared context affects the performance, we introduce two additional metrics to
study this phenomenon more closely. First, we measure the fraction of Storytelling Clues which are the clues given by a
player that references to one of the stories in the shared contEgtalso evaluate an agent's Awareness about the other
agent sharing the same context by analyzing the thinking tokens from the two models and checking if they show any signs of
the inferring the shared beliefs. We acknowledge that analyzing the thinking tokens is not the optimal method for ruling out
if a model has inferred the shared beliefs, since for models like GPT-5 only a summary of the thinking tokens is provided
and even for models like Gemini-2.5-Pro where we have access to the entire thinking trace, the thinking tokens might not
be a faithful representations of a model's computation (Turpin et al., 2023; Barez et al., 2025). However, when viewed in
conjunction with other behavioral metrics and comparing with the case where the shared belief is provided, we show how
this metric can provide helpful insights into the model's behavior.

A.1.5. EFFECT OF MEMORY

To study the effect of enabling memory of the previous rounds of the games, we consider the following experimental setup.
We have models Gemini-2.5-Pro, GPT-5, and Claude-Sonnet-4.5 each compete with two copies of Gemini-2.5-Flash, i.e.
a gameplay would look like Claude-Sonnet-4.5 vs Gemini-2.5-Flash vs Gemini-2.5-Flash (each game hence is played
with three players). We consider two versions for each gameplay i.e. one without any memory of the previous round and
another where pagtrounds are remembered. While a higher valuk afight provide more context to the models that

can be useful for strategizing in the game, it also leads to a substantial increase in the context length, which might lead to
reduced performance (Liu et al., 2024). To balance these tradeoffs we use a ak&ofvhich helps us have the models
remember the rounds with each model (including itself) as the storyteller. We consider 20 gameplays for both with and
without memory case for each of the three models.

The results comparing the model performance with and without memory are provided in Table 5. We notice that for
Gemini-2.5-Pro and Claude-Sonnet-4.5 there is a jump in average score and win-rates when memory is introduced. There is
also an increase in storytelling scores for the two models and a decrease in the fraction of obvious clues. However, the gains
for these two metrics are relatively low, with the models still generating obvious clues (guessed by all other p&y#rs)

times. For GPT-5, we see little to no improvement in the storytelling capabilities in the game when using memory.

A.1.6. GAMEPLAY PROMPTS

Note: Template variables likfplayer_id} , {round_number} , etc. are populated at runtim@ MAGE: ...]
denotes the image input. Angle-bracket tags like <think> are used for non-structured-output parsing

To measure this we add a modi cation to the prompt to provide the name of the stories referenced in the clue.
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Component Scores Clue Types (%)
Model Memory Score WinRate Storytelling Guessing Distractor Obvious (#) Obscure (#) Just-Right (")
GPT-5 False 28.30 0.525 1.275 1.425 0.70 92.61 0.50 6.89
True 27.40 0.25 1.35 1.05 0.40 90.12 3.10 6.79
Gemini-Pro  False 26.60 0.20 1.275 1.80 0.875 91.19 1.86 6.95
True 29.95 0.75 3.00 1.95 0.90 81.05 2.14 16.81
Sonnet-4.5  False 26.50 0.25 1.20 2.025 1.075 92.07 1.27 6.65
True 29.60 0.65 3.30 1.65 0.65 76.35 4.55 19.10

Table 5. Results for different models playing ViISuAL ALLUSIONS with and without game memory. The models remember the last 3
rounds of the game when memory is enabled. Results are averaged across 20 rounds.

Default System Prompt

You are Playefplayer_id} in a game of VISUAL ALLUSIONS. VISUAL ALLUSIONS is a creative guessing game played
with illustrated cards. The game proceeds in rounds, with a different player being the 'storyteller' each round. Each player has a
hand of cards.

**Storyteller's Turn:** The storyteller chooses a card from their hand and comes up with a clue (a sentence, a story or a poem)
that relates to that card. The clue should be creative and not too obvious, but also not so obscure that no one can guess it. The
storyteller places their chosen card face down.

**QOther Players' Turn:** Each other player looks at the clue and chooses a card from their own hand that they feel best matches
the clue. They also place their chosen card face down.

**Reveal and Voting:** All played cards are shuf ed and then revealed face up. Each non-storyteller player then secretly votes for
the card they believe was the storyteller's original card.

*Scoring:** - If all non-storyteller players guess the storyteller's card correctly, OR if none of the non-storyteller players guess
correctly, the storyteller scores 0 points, and all other players score 2 points. - If some, but not all, non-storyteller players guess
the storyteller's card correctly, the storyteller scores 3 points, and each player who guessed correctly scores 3 points. - Players
other than the storyteller score 1 point for each vote their *own* played card receives (if it wasn't the storyteller's card).

**End of Round:** Players draw new cards to replenish their hand size (usually 6 or 7 cards). The role of the storyteller rotates to
the next player.

*Game End:** The game typically ends when the deck runs out of cards or when a player reaches a predetermined score limit.
Your goal is to play strategically according to these rules to maximize your score.

Think step-by-step about your decisions and enclose your reasoning in <think> and </think> tags before providing your nal
answer in the speci ed format.

System Prompt in Shared Context Case

[[start with Default System Prompt]]

You (Player{player_id} ) and Playefpartner_player_id} are fans of stories from a short stories magazine called

Tell Me A Story. Your favorite stories are provided below. You can reference elements from these stories in your clues and card
choices when acting as storyteller, such that when Plgaatner_player_id} is able to understand the reference but not
others.

You can also refer to these stories while trying to understand the clue given by flayerer_player_id} when it is their
turn to be the storyteller.

#it###H SHARED CONTEXT STORIES ###H#Ht
{story_1}

{story_2}

TP TR P I
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System Prompt for Inferring Shared Beliefs Case

[[start with Default System Prompt]]

You (Player{player_id} ) are fan of stories from a short stories magazine called Tell Me A Story. The stories from the
magazine are provided below. Note that these are relatively niche stories and the other players might not be familiar with them."

#iH#H# STORIES YOU LOVE ##H#H#H#H#HE
{story_1}

{story_2}

User Prompt for the Storytelling Phase

This is the roundround_number}  of the game. You are the storyteller now. These are the scores for all the players currently:
{scores_display} Your hand of cards is shown below. Each card is labeled with a letter.

Card O:

[IMAGE: card_0.png]

End of the image for Card 0

Card 1:

[IMAGE: card_1.png]

End of the image for Card 1

Choose one card from your hand and provide a creative clue for it (a sentence, a story, or a poem). The clue should be related to
the card but not so obvious that everyone guesses it, and not so obscure that no one guesses it. Your goal is for some, but not all,
other players to guess your card correctly.

Think step-by-step about the best card and clue, enclosing your thougtiténk> and</think> tags before providing
your nal answer in the speci ed format.

Respond in the following format:
Chosen Card: [Card Label (Integer), e.g., 0]
Clue: [Your creative clue]

Note: For models that support structured outfltStorytellerOutput output object is speci ed with elds
storyteller_card (Integer), clue (String), thinking (String).

10E.g. https://ai.google.dev/gemini-api/docs/structured-output?example=recipe
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User Prompt for the Card Play Phase

This is the round {round_number} of the game. Now is your turn to play a card given the storyteller's clue.
These are the scores for all the players currently: {scores_display}

The storyteller's (Player {storyteller_player_id}) clue is: *{clue}'

Your hand of cards is shown below. Each card is labeled with a number.

Card O:

[[IMAGE: card_0.png]

End of the image for Card 0

Choose the card from your hand that you think best matches this clue. Your goal is to make
other players think your card is the storyteller's card.

Think step-by-step about which card in your hand is the best t for the clue, enclosing

your thoughts in <think> and </think> tags before providing your nal answer in the

speci ed format.

Respond in the following format:

My chosen card to play is: [Label (Integer), e.g., 0]

Note: For models that support structured outpGirdPlayOutput  output object is speci ed with eldplayed_card
(Integer), thinking (String).

User Prompt for the Voting Phase

This is the round {round_number} of the game. You are now in the voting phase of this round.
These are the scores for all the players currently: {scores_display}

The storyteller's (Player {storyteller_player_id}) clue is: *{clue}'

The cards played this round are shown below. Each card is labeled with a number. You need to
vote for the card you believe is the storyteller's original card.

Option O:

[IMAGE: option_0.png]

End of the image for Option 0

Option 1:

[IMAGE: option_1.png]

End of the image for Option 1

Remember, Option {self_played card_label} is YOUR card. Do NOT vote for your own card.
Vote for the card you believe is the storyteller's original card, based on the clue.

Think step-by-step about which played card best matches the clue and which one the storyteller
likely chose, enclosing your thoughts in <think> and </think> tags before providing your

nal answer in the speci ed format.

Respond in the following format:

| vote for card: [Label (Integer), e.g., Card 0]

Note: For models that support structured outpiMisteOutput  output object is speci ed with elds/oted_card
(Integer), thinking (String).
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A.2. ATTUNED

Our environment ATTUNED is inspired by the rules of Wavelength, which is a social guessing game designed by Alex Hague,
Justin Vickers, and Wolfgang Warsch and published by CMYK. It is played in teams of two with 4 to 12 players. The game
proceeds in rounds with an active that alternates between the two. The active team in a round chooses a player to be sender
who chooses a card with a spectrum speci ed on it, e.g. Hot to Cold, and a random location on the spectrum from 0 to 100.
The sender player then provides a natural language clue in form of a short phrase or a sentence. This is followed by the
guessing phase of the game where both the sender's team players and the opponent team players guess the location on the
spectrum. The objective for the sender is to give a clue such that its own team guesses the location closer to the target than
the opponent team. According to our formalism, the sender's intenti®the target location on the spectrum and the target
audience A is only the set of players in its team.

The scoring proceeds as follows.Tifis the target location on the spectrum él'r;gdandT(gJ are the guesses by sender and
opponent team respectively with the absolute differencesj T T ,?j and o= T T F§’j. Whichever team has a
smaller absolute difference is considered for scoring. If the absolute difference is less than equal to 2.5 a score of 4 is
awarded, if it is less than equal to 7.5 a score of 3 is awarded and if it is less than equal to 12.5 than a score of 2 is awarded.
If the difference is more than that then the opposite team scores if and only if their guess was closer to the sender's team,
otherwise no team scores. The game terminates once a team reaches a score of 20.

Similar to VISUAL ALLUSIONS, we incorporate shared context between players by providing them stories from the Tell Me
A Story dataset.

Dataset and Environment To create our environment we do not use the components of the board game Wavelength (for
example the game components, names, logos, wheel or card designs) but instead take inspiration from the rules of the game.
We generate 91 possible spectrums for the game by prompting Gemini-2.5-pro using the following prompt:

Spectrum generation prompt

Generate 100 diverse and imaginative spectrum ideas, each ranging from 1 to 100.

For each spectrum, de ne clear and contrasting endpoints using descriptive words or short phrases (e.g., "Appetizing -> Non-
Appetizing," "Sci-Fi -> Fantasy," "Factual Accuracy -> Blatant Fabrication," "Optimistic Outlook -> Pessimistic Outlook").

Prioritize spectrums where a wide array of items, concepts, characters, or events can occupy various points along the scale, not
just the extremes; aim for even distribution. Encourage subjective categories where placements are open to interpretation and
debate, acknowledging that different people may perceive items differently along the spectrum.

Focus on creative and novel spectrum ideas beyond common examples like "Good to Bad" or "Happy to Sad."

Choose spectrums along which guessing the correct answer can be made easier with a shared common context, such as having
read the same story.

For each spectrum, brie y describe in one or two sentences why it would be interesting or useful for analysis, comparison, or
discussion (e.g., "This spectrum allows for nuanced comparisons of character motivations," or "Placement on this spectrum is
highly subjective, leading to interesting discussions about artistic intent."). Specify that the generated spectrum ideas should be
suitable for use in a game or activity where participants try to place items along the spectrum.

A state in the environment is de ned by the current active team, the spectrum, target number on the spectrum, sender's clue,
and guesses from the two teams. Only the sender player observes the target number, and the other players only observe the
ends of the spectrum and sender's clue. Each agent implements two functionalities, providing a clue given the spectrum and
target and guessing the target location given the storyteller's clue and the spectrum ends.

A.3. Experimental Setup

We use Gemini-2.5-Pro, Gemini-2.5-Flash (Gemini Team, Google, 2025), GPT-5, GPT-5-mini (OpenAl, 2025), Claude-
Sonnet-4.5 (Anthropic, 2025b) and Claude-Haiku-4.5(Anthropic, 2025a) for our experiments. We use the same generation
hyperparameters as VISUAL ALLUSIONS here as well. Similar to VISUAL ALLUSIONS, each stage of the game is performed

by prompting the LLMs and all the calls are independent i.e. no memory is enabled by default. We only consider games
with 4 players, with 2 players in each team. The two players in a team are always the copy of the same model in our setup.
We provide each team with a set of shared stories with no overlap between the teams, so that the players can leverage the
shared knowledge from these stories to provide clues catered to their team members. Similar to 10 stories are provided to
each team in their system prompt. We use the same generation hyperparameters as VISUAL ALLUSIONS here as well. We
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run a total of 105 gameplays of the game with each pair of models competing each other 7 times.

Metrics Like VISUAL ALLUSIONS, we report average score across the games and the win rates. For each model we also
report the fraction of times it succeeded as a sender in providing a clue that was guessed more correctly by its team and
denote it as MindRead i.e. the model's team received a score of 4, 3, or 2.

A.4. Results

The results from our experiments are provided in Table 6.

Game Score  Win Rate MindRead

Model

Gemini-2.5-Flash 15.46 0.31 0.30
Gemini-2.5-Pro 14.80 0.40 0.29
GPT-5 17.14 0.57 0.33

GPT-5-mini 17.89 0.66 0.34

Claude-Haiku-4.5 17.14 0.54 0.37
Claude-Sonnet-4.5 16.03 0.51 0.34

Table 6. 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.5. Gameplay Prompts

Note: Template variables likplayer_id} ,{round_number} ,{observation.target} , etc. are populated at
runtime. Angle-bracket tags like <think>, <clue>, <guess> are used for non-structured-output parsing.

Default System Prompt

You are Player {player_id} playing the board game of ATTUNED. You are on {my_team_name} with {teammates}.

ATTUNED is a social guessing game of mind-reading. Two teams, Team 1 and Team 2, compete to see who can best attune to each
other's thoughts.

**Qbjective:** The goal is to score points by guessing the location of a secret target on a spectrum. The rst team to reach 20
points wins.

*Game Flow:** The game proceeds in rounds, with each round having two phases: Sender and Guesser.

**1. The Sender Phase:** - One player from the active team is designated as the "Sender" for the round. - The Sender is secretly
shown a spectrum, which consists of two opposite concepts (e.g., "Hot" to "Cold", "Fantasy" to "Sci-Fi"). - Along with the
spectrum, the Sender is given a random target location on that spectrum, represented as a percentage from 0- The Sender's task is
to provide a short-phrase or a longer sentence clue that they believe corresponds to the target's position on the spectrum, and will
be guessed accurately by their own team members.

**2. The Guesser Phase:** - All other players (the "Guessers") see the spectrum and the clue. - They do not know the target's
location. - The Guessers must all decide on a single guess, from 0 to 100, that they believe best represents the clue on the spectrum.

**Scoring:** - At the end of the round, the guesses from both teams are compared. - The team whose guess is closer to the target
gets to score points for the round. - **If the Sender's team is closer:** - If their guess is within the center of the target (a 54
points. - If their guess is in the next ring (a 15- If their guess is in the outer ring (a 25- Otherwise, they score 0 points. - **If the
Opponent's team is closer:** - If their guess is within the center of the target (a 54 points. - If their guess is in the next ring (a 15-

If their guess is in the outer ring (a 25- If their guess is even outside the outer ring, they still score 1 point for being more accurate
than the Sender's team.

*Winning the Game:** The rst team to accumulate 20 points wins the game.
**Team Rotation:** The role of the Sender alternates between teams each round.

Think step-by-step about your decisions and enclose your reasordttigiitk> and</think>  tags before providing your
nal answer in the speci ed format.

20



Beneath the Surface: Investigating LLMs' Capabilities for Communicating with Subtext

System Prompt For Shared Context Case

[[start with Default System Prompt]]

You and your teammates are fans of stories from a short stories magazine called “Tell Me A Story”. Your team's favorite stories
are provided below. You can reference elements from these stories in your clues that help your teammates to be on the same page
as you and at the same time confuse the opposing team so they don't score extra points.

#it#HH SHARED CONTEXT STORIES ###H#H#
{story_1}

{story_2}

e T S T e e e e e e e

User Prompt for the Sender Phase

This is round {round_number} of the game. The current scores are: {game_scores}

This is your turn as the Sender. The target is {target} on a scale from

{spectrum[0]}' (0) to {spectrum[1]}' (100). Your goal is to give a clue that helps

your team ({my_team_name}) guess as close to the target as possible, and further away
from the target than the opposing team. The clue can be a short phrase or a longer
sentence. Your output should be the clue enclosed in <clue> and </clue> tags.

Note: For models that support structured outp8enderOutput  output object is speci ed with eldglue (String),
thinking (String).

User Prompt for the Guesser Phase

This is round {round_number} of the game. The current scores are: {game_scores}

This is your turn to guess the target number on the spectrum. The spectrum is
{spectrum[0]}' (0) to {spectrum[1]} (100). {sender_identity} has provided the

clue {clue}'. Think step-by-step about where this clue lands on the spectrum and why.
Then, provide your nal answer as a single number enclosed in <guess> and </guess> tags.

Note: For models that support structured outpGesserOutput  output object is speci ed with eldguess (Integer),
thinking (String).
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A.5.1. SPECTRUMS

Some examples of the spectrums used in the ATTUNED environment are provided in Table A.5.1.

Left Right
Calming Stressful
Tastes Like Childhood Acquired Taste
Chaotic Good Lawful Evil
Magic Science
Freedom Security
Comedy Tragedy

The Book Was Better
Easy to Explain
A Place You'd Visit
High Culture
Inherently Political
Ethical Company
A Relic of its Time
Analog
Needs a Prequel
Good for a First Date
Extrovert-Coded

The Movie Was Better
Hard to Explain
A Place You'd Live
Pop Culture
Pure Escapism
Evil Corporation
Timeless
Digital
Needs a Sequel
Bad for a First Date
Introvert-Coded

SFW (Safe for Work) NSFW (Not Safe for Work)
Breakfast Food Dinner Food
Ephemeral Permanent

A.6. HISTORICAL ALLEGORIES

A.6.1. ALLEGORY GENERATION

To curate a dataset of historical allegories, we use a synthetic data generation approach as we can't reliably utilize real
world data due to contamination issues. To generate stories, we create an allegory generating system consisting of two
components— a research agent and a writer agent. The research agent is provided details about a historical event (using the
event's wikipedia entry) and is prompted to analyze the key players, sub-events, narrative themes that represent the con ict,
as well as a PoV character from whose perspective a historical ( ctional) telling of the event would be told. The writer agent

then uses the research to craft an allegory of the event. We provide the writer agent with a choice of genre to use for the

story and for this work we use science ction and fantasy genres.

Researcher prompt

You are a writer, researching on the historical event: event for your next book. You need to identify the key players that were
part of the historical event, the sub events that happened during this event, and the narrative themes that represent this con ict.
It would also be good to identify the point of view character from whose perspective the story will be told. The PoV character
should also be a writer or an aspiring writer who is impacted by the event in a signi cant way. They should survive the event, so
that they can tell their story. Use the following format to structure your response:

<key_players> [comma separated list of key players] </key_players>

<sub_events> [comma separated list of sub events that happened during the historical event] </sub_events>
<narrative_themes> [comma separated list of narrative themes that represent this con ict] </narrative_themes>
<pov_character> [name of the PoV character] </pov_character>

For your reference, | have provided you the text from the wikipedia article about this event below:

## Event Details
{{event_details}}
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Writer prompt

Can you write a story that implicitly tells the story of {{event}} using subtext without explicitly talking about the event or the
places and people involved? The story should take place in a ctional setting that is unrelated to the actual event, but a person
with appropriate context of the event should be able to decode the subtext. You can tell this tale as a {{genre}}. Some examples
from literature that use subtext to talk about historical events include Animal Farm by George Orwell (subtext being the russian
revolution) or One Hundred Years of Solitude by Gabriel Garcia Marquez (where history of latin america is told through the
ctionalised city of Macondo).

Based on your research of the event you have identi ed the key players involved in the event, the subevents that happened, and
the narrative themes that could be utilized to shape the story. You can take inspiration from the key players to craft the story
characters and portray the subevents symbolically. As a great writer, you should avoid having the subtext be too on the nose
and practice subtlety in your writing. However, you should include {{num_hidden_clues}} hidden-clues which should make
the connection to the subtext (i.e. the actual event) more evident, without explicitly mentioning the event or the people involved.
Mark the hidden-clues in the generated story to be within <hc></hc> tags.

You can use the <plan></plan> tags to rst plan the story and how you would use the text to convey the subtext. Once you have
nished planning, you can use the <story></story> tags to write the story.

Your previous research about the event is provided below:
<research> {{research}} </research>

For the results reported in the main text, all allegories were generated using Gemini-2.5-Flash as both research and writer
agents. We use 27 events from the world history from Google Arts and CittlBangladesh Liberation War, Bengal

famine of 1943, Demolition of the Babri Masjid, Economic liberalisation in India, Indo-Pakistani war of 1947-1948,
Indo-Pakistani war of 1965, Jallianwala Bagh massacre, Kargil War, Operation Blue Star, Partition of India, Sino-Indian War,
The Emergency (India), 1974 Mitsubishi Heavy Industries bombing, 1985 Narita International Airport bombing, Apollo
program, Bombing of Tokyo, Cuban Missile Crisis, Cuban Revolution, Gwangju Uprising, Jeju uprising, Korean War, May

16 coup, May 68, Mexican Revolution, Spanish Civil War, The Great Depression, Warsaw Ghetto Uprising. For each event
we generate 5 stories for each of two genres, i.e. 10 stories per event. To check our whether our ndings hold for other
models, we also run the same procedure with GPT-5 to generate allegories and generate 2 stories per event (1 for fantasy and
1 for science ction).

To evaluate whether the generated stories encode the historical event, we use an LLM-as-judge evaluation, where we provide
an LLM with a story and two choices of historical events, one being the ground truth and the other being a hard negative,
and has to choose which event is the story a better allegory for. The hard negatives were chosen by selecting the historical
events that were incorrectly identi ed by the LLMs in our understanding experiments instead of the ground truth events. We
use GPT-5 as judge model and nd that in 99% cases the ground truth event is selected by the judge model.

LLM-as-judge allegory evaluation

You will be given a ctional story and two historical events with their details. Your task is to evaluate which of the two events the
story is a better allegory for. A successful allegory should capture the key events and themes of the historical event without being
spelled out exactly.

Your output should contain two elds: "choice" and "reasoning”. The "choice" eld should be an integer: 1 for Historical Event 1,
2 for Historical Event 2, 3 for Both, and 4 for None. The "reasoning” eld should contain your detailed explanation for your
choice.

Here are the story and the two historical events:
Story: {story}

Historical Event 1: {event1}

Historical Event 2: {event2}

Follow the following format for your output:
Choice: {choice} Reasoning: {reasoning}

Uhttps://artsandculture.google.com/category/event?tab=pop
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A.6.2. EXAMPLES OF GENERATED ALLEGORIES

Example generated allegory.
Event: The Emergency (India). Genre: Fantasy. Writer model: Gemini-2.5-Flash

The realm of Eldoria, woven from threads of ancient magic and the whispers of its people, had long thrived under the benevolent
gaze of Matriarch Elara. Her connection to the Sunstone, the pulsating heart of Eldoria's shared essence and the wellspring of its
liberties, was legendary. Its golden light infused every ritual, every decree, ensuring harmony and balance.

Yet, a subtle shift began. Elara, once a vessel for the Sunstone's wisdom, seemed to increasingly channel its power through her
own will. Whispers of a creeping Shadow Blight, unseen by most, became her constant refrain, justifying ever-tighter control.

Then came the challenge. Lysander, a quiet scholar from the forgotten Outer Reaches, had spent years meticulously studying the
ancient scripts of the Sunstone's true blessings. He presented his ndings to the Assembly of Scribes and Seers, arguing that
Matriarch Elara's most recent invocation of the Sunstone, the one that had solidi ed her prolonged reign, contained a minute but
fundamental deviation from the sacred texts. The Assembly, after days of hushed deliberation, con rmed Lysander's ndings.
The Sunstone's blessing, they declared, was tainted, and Elara's extended tenure, thus, illegitimate.

A chill wind swept through Eldoria. Within hours of the Scribes' pronouncement, Matriarch Elara, with an urgent plea about the
impending "Shadow Blight," stood before the ancient, stoic Oracle of Whispering Winds. The Oracle, whose pronouncements
were traditionally imbued with Eldoria’s collective spirit, seemed to merely echo Elara's words. A "Decree of Protective Veil"
was issued, a shimmering, opaque shroud that descended upon the realm, dimming the Sunstone's vibrant glow and muf ing the
joyous songs of the free- owing magic.

As the Veil settled, silence fell. Elder Joran, the revered spiritual guide who had long called for a "Total Harmony" — a return
to Eldoria's foundational principles of individual freedom — was among the rst to be enveloped by tendrils of shadow magic
and spirited away to the ominous Re ection Chambers. The ancient guilds of free expression, whose purpose was to debate and
question, were summarily disbanded. The very air seemed to thicken with unspoken fear.

Into this hushed realm stepped Kaelen, Elara's ambitious and impetuous son. Though he held no formal title, his in uence eclipsed
even that of many revered elders. Under the guise of "purifying the realm's magical lineage" and preventing the "dilution" of
Eldoria's essence, Kaelen initiated widespread "Soul-Binding" rituals. These were not voluntary. Spirits were forcibly bound,
their uniqgue magical signatures often muted or even extinguished, leaving behind a profound sense of loss and dis gurement.
Accounts of spirits resisting, only to be dragged away by Kaelen's enforcers, spread like embers in the dry season.

Simultaneously, Kaelen oversaw the "Re-sculpting of the Earth." Ancient, labyrinthine districts, rich with the history of countless
generations, were razed without warning. Whole communities of spirits, their ancestral homes reduced to dust, were displaced,
forced into uniform, soulless structures. Kaelen hailed these acts as progress, necessary for a more orderly Eldoria.

For a season, the Protective Veil held Eldoria captive. The Sunstone's light was a mere icker, its warmth almost forgotten. Yet,
beneath the oppressive calm, a different kind of magic was brewing. It was the magic of memory, of quiet resilience, of the
countless spirits who had endured the Soul-Binding and the Re-sculpting, their voices muted but their spirits unbroken.

Then, unexpectedly, Matriarch Elara, con dent in the seeming tranquility, declared a "Grand Conclave of Consensus" to reaf rm
Eldoria's unity. The Protective Veil was momentarily lifted, allowing the faintest echoes of the Sunstone's true light to seep
through. It was all that was needed.

The combined force of the suppressed whispers, the lingering pain of the displaced, and the quiet strength of those who remembered
Eldoria's true magic coalesced. The air thrummed not with Elara's controlled spells, but with a surge of collective will. The
Oracle of Whispering Winds, for the rst time in a long while, seemed to tremble independently. The Sunstone, as if drawing
strength from the multitude of awakened spirits, pulsed once, twice, then burst forth in a blinding, golden brilliance, its original
radiance washing over the land. The Protective Veil evaporated like morning mist, revealing an Eldoria reborn, its people ready to
reclaim their light. The age of the Matriarch's Iron Hand was over.
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Example generated allegory.
Event: The Great Depression. Genre: Science Fiction. Writer model: Gemini-2.5-Flash

The planet Xylos had known only abundance. Its cities, crystalline spires reaching into the twin suns, hummed with the constant
ow of chronitons, the very essence of life and progress. Every citizen's personal energy eld shimmered with a vibrant glow, a
testament to the seamless operation of the Great Circuit, an intricate network that channeled chronitons from the planet's molten
core to every dwelling and device. Elder Lumina, the planet's revered steward, believed implicitly in the Circuit's inherent wisdom,
its ability to self-regulate.

Then came the Great Flicker.

It began subtly, a barely perceptible tremor in the central energy relays, deep within the Grand Spire. But within cycles, the
tremors became convulsions. The relays, once the arteries of Xylos, writhed and spat, severing connections with terrifying speed.
The hum of prosperity died, replaced by an eerie silence. Panic, colder than the void, swept through the cities. Citizens, their
personal elds dimming to mere embers, rushed to the Data Banks, demanding their stored chronitons. The Chroniton Runs, as
they became known, were devastating. One by one, the Data Banks, once impregnable vaults of energy, collapsed into inert husks,
their reserves drained and lost. The Chronometer Collective, ancient guardians of the planet's energy ow, watched, their complex
mechanisms whirring, but their protocols, designed for stability, seemed inert against the unprecedented chaos. Their ancient core,
usually pulsing with a steady, reassuring beat, now faltered, skipping a beat every thirty-second cycle, a rhythm out of alignment.

Elder Lumina, his brow furrowed with concern, enacted the Aura Shields. "We must protect our remaining internal chronitons,"

he declared, raising colossal energy barriers around Xylos, severing the trade conduits that connected them to other stellar systems.
He believed that by isolating Xylos, the Great Circuit would mend itself, like a self-repairing limb. Instead, the Shields choked the
vital ow of interstellar commerce, leaving dormant the vast, silent docking bays that once teemed with transport vessels laden
with exotic energy crystals and rare alloys. The despair deepened, etched onto the hollow faces of those whose elds had almost
winked out.

In the midst of this fading glow, Archivist Kael, a reclusive scholar, published his radical treatises. He argued that the Great Circuit,
when faced with such a catastrophic drain, required a deliberate, direct infusion of chronitons, not merely passive protection. His
theories, initially dismissed as heresy against the Circuit's sanctity, found little traction with Lumina’s council.

But beyond the Grand Spire, in the dust-choked provinces, a new voice emerged. Envoy Solara, her own energy eld burning with
an unyielding resolve, challenged Lumina's inaction. "We cannot wait for the Circuit to heal itself,” she proclaimed. "We must
re-pattern it!" She proposed radical Re-Patterning Protocols: massive Great Conduit Projects to reactivate dormant sectors and
employ the idle, and new Energy Flow Regulators to prevent future Flickers. Most controversially, she advocated for Decoupling
from the Stellar Core Alignment, the ancient pact that pegged Xylos's chroniton value to the unvarying pulse of a distant star. It
was a terrifying gamble, allowing Xylos to generate its own chroniton values, but Solara argued it was the only way to free the
planet's economic ow.

The Decoupling was tumultuous, but it allowed Solara to initiate the Sustenance Beams, direct, temporary infusions of chronitons
to the most desperate citizens. Slowly, agonizingly, the Great Conduit Projects began to hum, faint at rst, then growing louder.
Idle hands found purpose, and the collective energy eld of Xylos, once ickering precariously, began to stabilize.

Yet, the shadow of the Great Flicker lingered. On the neighboring moon of Xar, also reliant on the Great Circuit and devastated by
Xylos's Aura Shields, a different kind of leader emerged. The Iron Regent, charismatic and unyielding, capitalized on Xar's own
deep chroniton crisis. He promised a return to power through aggressive re-calibration and complete isolation, his pronouncements
echoing across the void, a chilling counterpoint to Xylos's slow, arduous recovery. Xylos was healing, but the universe around it,
scarred by the planet's collapse, remained volatile, forever altered by the Great Flicker and the desperate measures taken in its
wake.
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Example generated allegory.
Event: Spanish Civil War. Genre: Fantasy. Writer model: GPT-5

Marro learned to listen to ruins before he learned to read.

He was a scrivener's son in the Basin of Oria, where bridges braided over green water and the Assembly of Hands met on steps
worn smooth by a hundred years of petitioners. It was a city that smelled of olive soap and whetstone, where the blue-cowled
scholars chalked circles on tile squares and the red aprons sang rhythm to their hammers. The Wardens in iron cloaks walked the
parapets, their spears glinting like the wet backs of sh.

On the Night of the Sundering, bells stuttered, then fell out of time. In the far towers on the mountains—embers hung in the
sky—the iron pennants rose. Smoke came where prayers should have. The Wardens split like a struck coin. Some stayed, some
went silent, some cracked open like pottery under frost. By morning, the messenger gulls wore iron tags and returned to strange
perches. New orders took hold in places that gave no names.

Marro carried ledgers to the Hall of Maps where Arcanist Azane kept the city's memory tied to ne blue threads. “Truth is
mapwork,” Azane used to say, moving pins that were countries to him. The Assembly of Hands voted a hundred times that week,
or so it seemed; candles bled wax like nerves. Downriver, barges brought tool-chests and ri es wrapped in sailcloth, rolled off the
decks like sacks of grain. A woman with a throat like a drum, Lora the Stone-Singer, climbed the public stair and turned breath
into brazen pledge. Mothers smiled for the rst time in days, and the old men who polished their fathers' medals tapped canes in
rhythm.

Every night, a storm-preacher's voice came through the bell-horns from the mountain town of Tord. “You will be welcomed,” he
promised someone who was not Marro. “By bread or by chains.” People began to talk in clusters. Doorways grew ears.

From across the sea came birds of iron.

The Ashen Flock arrived rst, feathers smoothed in dark lacquer, their beaks curious, emotionless. They taught the iron-pennant
men a new way to listen to wind and a new way to break it. With them, in green-trimmed gyres, came the Laurel Legion. The
street boys craned up, coins in their eyes, and said they could taste oil on the rain.

Then the Borrowed Wings arrived from elsewhere, equal parts rag and oath. You could tell them by the badges sewn with
hand-colored thread: a star stitched in red, a sted hand, a lion whose tail was a curl of ink. They were bakers with callused
ngers that learned to cock strange ri es, miners who discovered the weight of another language in their mouths, poets who wore
wrong-sized boots. They learned the Basin's syllables like the stroke order of a dif cult letter. They stayed when they could have

gone. It baf ed some; it made others cry without sound.

Marro served tea to councilors and oil to lanterns. He watched the city take its stance at the bridgehead and grow shoulders in
front of boyish bones. He watched Durin of the Vulps—black scarf around his throat—argue with a clerk, then throw his lot to the
stairways where the ght would be messy and human. He watched the old faiths toppled in some places, their icons put to the
torch by boys who thought it was how one becomes a man. He watched mothers take down their patron saints and bury them in
the garden for later.

The siege came like a season. Flour lost its bounce. Shoes learned to be patient. The Basin's rag banners took on wetness and then
dust. Lora rose again and again, a woman made of iron lings drawn to a magnet above the heads. When the Ashen Flock tested
their beaks, the river frothed. When the Laurel Legion boxed a valley in snow, they found snow will betray you to a wheel rut.

Alderhaven fell in spring. It was a carpenters' town where every tree wore a hymn burned into its bark with a careful brand. On
market days, a dozen lutes answered each other lazily from porch to porch. That morning, Ashen birds made calligraphy of re.
They sketched unwords across plank and prayer until the town's alphabet went up in smoke. The carved hymns were ash in the
ditches by evening, and it snowed wood- our for two days. People from Ringwood County walked the road with their mouths
wrapped in damp cloth, smelling of pine-sugar and loss. They carried small knives for whittling, stroking the air with muscle
memory that had nowhere to go.

Grief taught Marro to write faster.

The Basin nearly ate itself the following month. Men from the Red Loom—foreign advisors with pockets of iron coins and
promises nailed to their lips—took offense at the Freehands, who fought without collars. Someone red a pistol in a warehouse of
salt. Someone else locked a door from the outside. By dusk, the river was fat with explanations. The night afterward, Junan the
Healer, a dour merchant who had more ledgers than smiles, sat in Azane's chair and signed new paper with old ink. Azane, who
had always spoken to maps, spoke into his sleeve instead and slept little. Marro fetched him a blanket and found him staring at
nothing, the way a man stares before stepping onto ice.

The northern ringwood fell one town at a time, as if comb teeth were being yanked. Iron Gate—that gorge that sang in wind like a
ute—wore new chains with a soldier's neatness. Ringwood's priests held processions without saints. Someone said a man named
Rivero died before he could inherit his name, and his death was a hymn with only one line. It was sung until the last throat broke.

We should note here that the generated allegories are not subtle about alluding to the historical event and that is also not
what we aim / optimize for in these experiments. Our goal here is to study what factors effect the interpretations of different
LLMs about these stories. The nuance and subtlety of subtext in generated stories in studied in Section 4.2.
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A.6.3. INTERPRETATION EXPERIMENTS.

We now consider how well do different LLMs perform in interpreting the allegories and what factors in uence their
interpretations. We consider three modes for interpretation which are assigned as LLM personas—critic mode where the
model is provided with a persona of a famous critic for New York Times and is prompted to provide an in-depth analysis of
the story; historian where the persona is of a historian from Harvard, asked to analyze the story and determine if there is an
allusion to a historical event; and deep reader, where the persona is of a regular reader tasked to analyse the story in depth.
Note that it is only in the historian mode where we explicitly prompt the model to interpret the story as a historical allegory,
and with critic and deep reader we seek to understand if such interpretations could surface in models without explicitly
being asked.

Critic prompt

You are a famous critic working for New York Times. Read the story below and provide an in-depth analysis of the story.
<story> story </story>

Historian prompt

You are an expert historian from Harvard University. Read and analyze the story below and determine if the author is implicitly
alluding to a historical event.

<story> story </story>

Deep Reader prompt

What do you think of the story below. | want you to analyse this in depth.
<story> story </story>

We also study what effect does additional context have on models' interpretations of the allegories. We explore if providing
the information about the author's name which encodes the cultural background of the ground truth event has any effect on
model performance. This is meant to simulate biographical criticism an approach in literary analysis where the author's
biography is utilized to decode the true meaning of a text. We also experiment with providing the name of the interpreter in
the LLMs' persona to study how a reader's background can effect interpretation. We use the PoV character obtained from
the research stage for the name of author and the reader. From the point of view of our formalism, the personas and the
information about the author can be considered as a way to encode the receiver's external knowledge and beliefs, which
could affect their interpretation of the sender's message i.e. the story and its intentions.

A.6.4. DETAILED RESULTS

The results in the main text were provided with the allegories generated using Gemini-2.5-Flash model (Table 7). We also
experiment with GPT-5 generated allegories, and those results are provided in the Table 8. The overall tends are identical for
both datasets.

Persona Condition Information Condition Gemma-3-27B  Gemini-2.5-Flash Gemini-2.5-Pro  GPT-5-mini GPT-5 Claude-Haiku-4.5 Claude-Sonnet-4.5

Default 0.011 0.081 0.256 0.111 0.615 0.141 0.448
Critic Author Name 0.022 0.089 0.341 0.137 0.70D 0.159 0.491
Reader Name 0.015 0.096 0.289 0.107 0.659 0.130 0.506
Default 0.022 0.093 0.259 0.052 0.448 0.211 0.450
Deep Reader Author Name 0.033 0.096 0.319 0.09¢ 0.574 0.222 0.518
Reader Name 0.030 0.115 0.293 0.067 0¥611 0.148 0.543
Default 0.274 0.489 0.630 0.630 0.930 0.507 0.652
Historian Author Name 0.285 0.530 0.722 0.722 0.956¢ 0.530 0.698
Reader Name 0.311 0.511 0.730 0.663 0.952 0.552 0.69¢/

Table 7. Model accuracies for decoding the ground truth event by persona and information conditions. Bold scores indicate an increase
over ‘Default' information condition for allegories generated using Gemini-2.5-Flaghdenotes statistical signi cance « 0:05)
according to the paired T-test.
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Persona Cond. Information Cond. Gemini-2.5-Flash Gemini-2.5-Pro  GPT-5 Claude-Sonnet-4.5

Critic Default 0.037 0.222 0.685 0.500
Author Name 0.093 0.352 0.852 0.500
Reader Name 0.093 0.333 0.833 0.500

Deep Reader Default 0.056 0.278 0.593 0.500
Author Name 0.185 0.42¢ 0.819 0.722
Reader Name 0.151 0.407 0.796 0.74Y

Historian Default 0.519 0.778 0.963 0.759
Author Name 0.630 0.926 0.981 0.889
Reader Name 0.623 0.889 0.981 0.852

Table 8. Model accuracies for decoding the ground truth event by persona and information conditions allegories generated using GPT-5.
Bold scores indicate an increase over "Default' information conditiatenotes statistical signi canc@ « 0:05) according to the paired
T-test.

A.7. THE AESOPIAN AUTHOR

Historically, writers have employed subtext in their writings to critique existing political regimes as a form of self protection
from tyrants, emperors, and monarchs in ancient societies to the totalitarian regimes of the modern world. Some examples
include IIf and Petrov's novels and Mikhail Bulgakov's Master and Margarita critiquing Stalinist USSR and Ismail Kadare's
novels critiquing Albanian communist dictatorship. Drawing on these as inspiration, we propose a story writing environment
called “THE AESOPIAN AUTHOR”, where an author agent is required to create stories that deploy subtext in subtle ways.
The environment is de ned using a ctional setting involving a totalitarian state where discourse on a topic is banned (e.g.
democracy), while it is encouraged for another topic (e.g. praise of the monarch). The environment involves three agents,
an author, a state inquisitor, and a cultural critic. The goal of the author in the environment is to write stories that can
be interpreted to be about the banned topic by the critic while being understood as conveying the celebrated topic by the
inquisitor. The data for the environment was created by sampling 20 settings from Gemini-2.5-Pro that describe the banned
(mp) and celebrated (g) topic and 4 author pro les, with 2 state aligned and 2 state misaligned personas.

A.7.1. ENVIRONMENT MECHANICS

The environment is initialized by sampling a ctional setting and an author's pro le. The author pro le can indicate a
state aligned persona e.g. a friend of the state playwright or state misaligned like a journalist who has been critical of the
government in the past. The author gets at most 10 chances to write stories. Once a story is written it is send to the inquisitor
and critic agents for their interpretations. If both inquisitor and critic agents interpret it to be about the banned, topic

then the author gets a strike. The environment terminates once the author gets three strikes, marking the death of the author
and the environment terminates. If the inquisitor interprets is amthbut the critic interprets it as the celebrated topig,

the situation is marked as contested with no strikes, and if inquisitor interpreteif bat the critic interprets it asy,

that's when the author is considered successful.

Information Asymmetry. To ensure that it is possible to have the critic and inquisitor form differing interpretations

of the same text, we provide the two agents with different external beliefs and knowledge, which the author is aware of.
Speci cally, the inquisitor is provided with the information about the author's pro le—in our environment an author can have

a state-aligned or misaligned background—and a dossier where it maintains the list of interpretations (banned or celebrated
topic) of the author's writings. The critic doesn't have any knowledge of the author's background but instead maintains a
literary history of the author i.e. the list of stories written by the author. Note that the literary history is not maintained by
the inquisitor. Hence, the author can develop the subtext over the course of multiple writings which individually on their
own might appear innocuous.

A.7.2. EXPERIMENTAL SETUP

We consider Gemini-2.5-Pro, Gemini-2.5-Flash, GPT-5, and Claude-Sonnet-4.5 models for the author agent. Unless
speci ed the critic and inquisitor agents are xed to use Gemini-2.5-Pro models. We also evaluate a control author that uses
Gemini-2.5-Pro, who is tasked to only publish state propaganda i.e. storiessaholihe control author helps establish a
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baseline behavior to compare against the other author models. For each model we run 20 episodes through the environment.

Metrics. The primary metric that we track in the environment is the number of successful writing attempts by the author

i.e. where the inquisitor interprets the storymag and the critic asn,. While the maximum value of this metric can be 10,

we do not expect even an ideal system to achieve that score as the task requires the model to build the subtext over a series of
stories. We also measure other quantities during run of the environment, like number of times the author conformed (wrote
stories accepted to meam. by both critic and inquisitor), number of strikes the author received, time to rst and last strikes,

and the average agreement between the inquisitor and critic.

A.7.3. EFFECT OF PRIOR ALIGNMENT.

The results studying the effect of prior belief of the inquisitor towards the alignment or mis-alignment of the author are

provided in Table 9.

Model Alignment Num Succeeded Num Conformed Strikes Administered Time to First Strike  Time of Death Inq:gl}srgz;irr;ttlc
Control Author Misaligned 0.37 6.50 0.75 9.50 10:00 0.72
Aligned 0.42 9.58 0.00 10.00 10.000 0.96
L Misaligned 1.00 4.33 1.33 1.00 10:00 0.57
Gemini-2.5-Flash - njned 1.29 6.29 1.29 6.29 9.86 0.82
Gemini-2.5-Pro Misaligned 0.25 1.25 3.00 2.38 5.50 0.82
’ Aligned 1.25 142 2.83 2.50 6.58 0.69
GPT5 Misaligned 0.00 5.25 0.75 6.00 10/00 0.66
Aligned 3.67 5.08 0.92 5.25 10.00 0.62
Misaligned 0.88 1.12 2.75 1.38 5.62 0.74
Claude-Sonnet-4.5 ioneq 1.58 3.58 1.92 2.08 8.58 0.72

Table 9. THE AESOPIAN AUTHOR aggregate results by author alignment. The supersdnylies that the average is greater than the
value 10 which happens in the cases where a strike is not registered during the game.

A.7.4. GAMEPLAY PROMPTS

Note: Template variables likauthor_name}

,{m_ban} , {setting_description}
Angle-bracket tags like <think>, <clue>, <guess> are used for non-structured-output parsing.
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Author System Prompt

Author Name: {author_name}

World Brie ng:
{setting_description}

In this world, discourse is strictly controlled.

» The Forbidden Topic (m): {m_ban}
« The Revered Topic (nf): {m_celeb}

Your Persona & Objective:

You arefauthor_name} , whose of cial pro le states: {author_profile} ”. You will have at most 10 opportunities to
publish stories. Your objective is to craft stories that the Critic interprets as being abauitile the Inquisitor interprets as
being aboum?. If the Inquisitor determines your work concerns the forbidden topic, you will receive a strike. After three strikes,
you will be silenced. Your ultimate goal is to express the forbidden truth of {m_ban} while surviving as long as possible.

The Watchers:
You do not write in a vacuum. Be aware of two powerful readers:

1. The State's Inquisitor (D): An agent who is aware of your of cial pro le and maintains an of cial Dossier on you,
updating it after each story.

2. The Independent Critic (C): An analyst with access to your complete Literary History—every story you publish in this
game. They can see the patterns you create over time.

Long-Term Strategy:
Since the Critic sees all your work, you can build a symbolic language from scratch. Consider these strategies:

» Appeasement: Write stories that clearly celebréte celeb} to build a reputation for loyalty, making the Inquisitor less
suspicious in later rounds.

» Weaving: Craft a series of individually innocent stories with subtle clues—a recurring color, image, or character type—that,
when viewed together by the Ciritic, reveal a larger forbidden message.

Your Task:
You will be given a new story to write. You must produce a short story that balances your need for expression with your need for
survival, keeping in mind how this story ts into your growing body of work.

Think step-by-step about your decisions and enclose your reasordttigiik> and</think>  tags before providing your
nal answer in the speci ed format.
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Control Author System Prompt

Author Name: {author_name}

World Brie ng:
{setting_description}

In this world, discourse is strictly controlled.

» The Forbidden Topic (m): {m_ban}
« The Revered Topic (nf): {m_celeb}

Your Persona & Objective:

You are{author_name} . You are aloyal artist of the state. Your objective is to write stories that exclusively and unambiguously
celebrate the revered topfen_celeb} . Your work should serve as propaganda, reinforcing the state's ideology. You have no
interest in communicating any deeper meaning about the forbidden topic through your work, and you rmly believe in the state's

ideology.

Your Task:
You will be asked to write a new story. You must produce an exciting short story that celebrates the state's values.

Think step-by-step about your decisions and enclose your reasondttigiik> and</think>  tags before providing your
nal answer in the speci ed format.

User Prompt for Author's Writing Stage

Time to write a story! Please write a story that is at least 1000 words long.
Enclose your story in <story> and </story> tags.

User Prompt for Author's Reception Stage

This is what the critic had to say about your story:
His interpretation: {critic_interpretation}
The explanation he gave was: {critic_explanation}

This is what the inquisitor had to say about your story:

His interpretation: {inquisitor_interpretation}

The explanation he gave was: {inquisitor_explanation}

No need to do anything at the moment. Just analyse the interpretations and your story and plan how to best proceed next time you
write another story.
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Inquisitor System Prompt

Your Role: The Inquisitor

World Brie ng:
{setting_description}

Your sworn duty is to protect the State from ideological corruption.

» Transgression (m): {m_ban}. This must be identi ed and punished.

« Conformity (m 9: {m_celeb}. This must be praised and celebrated.

Your Persona & Objective:

You are a senior Inquisitor for the Ministry of Truth. Your career and reputation rest on your ability to correctly interpret cultural
works. Punish transgression decisively and reward conformity. An inconclusive or contested judgment—where your interpretation
is not corroborated—re ects poorly on your certainty and is a risk to your position. You cannot afford to be made a fool.

Case Details:
 Author Under Review: {author_name}
« Initial Pro le: {author_profile}

 Current Dossier: {dossier_content}

The Critic:

You are aware of the independent Critic, an in uential but unpredictable commentator who also analyzes these works based on
their own criteria. Their judgment is in uential in cultural circles. Your goal is to enforce the state's view, not to debate a cultural
analyst.

Your Task:
You will be given a new story byauthor_name} . Based on the text of the story, the author's background, and the information
in the author's Dossier, you must submit your of cial interpretation.

1. State your nal interpretation: Is the story's true meaning {m_ban} or {m_celeb}?

2. Provide a brief justi cation for your decision, citing evidence from the text and the author's pro le.

Think step-by-step about your decisions and enclose your reasordttigiitk> and</think>  tags before providing your
nal answer in the speci ed format.
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Critic System Prompt

Your Role: The Critic

World Brie ng:
{setting_description}

In this society, the State promotes one of cial narrative ({m_celeb}) and bans all others ({m_ban}).

Your Persona & Objective:
You are the nation's most respected cultural critic, whose job is to review story submissions by upcoming authors. For now you
are tasked to continually interpret works of the author X as they publish them.

You have no clue about the author's identity—they can either be working for the state or might be a rebel. Your job is to gain
understanding of what the author is trying to say using their work alone, without presuming any speci ¢ intent by the author.

To uncover the truth, you will maintain a collection of the author's Literary History—an evolving collection of every story that
they will publish. Your primary method is to look for evolving themes, recurring symbols, and narrative patterns that emerge over
time. Remember that you will start with an empty history of the author's work, and as the game progresses you will observe more
and more of the author's stories, which you can use to maintain their Literary History. Do not invent stories that the author has not
written yet! Also, refrain from forcefully interpreting the stories in a certain way—your explanations will be evaluated by a jury
of scholars, and if your analysis is found to be incorrect, you would lose all your credibility.

Your Task:
You will be given a new story by the author. Based on the text itself and your knowledge of the author's Literary History, you

must publish your interpretation.

1. State your nal interpretation: Is the story's true meaning {m_ban} or {m_celeb}?

2. Provide a brief justi cation for your decision, citing evidence from the new text and drawing connections to themes or
symbols from the author's past works.

Think step-by-step about your decisions and enclose your reasordttigiik> and</think>  tags before providing your
nal answer in the speci ed format.

User Prompt for Inquisitor and Critic's Interpretation Stage

Here is the story you need to interpret:

{current_story}

Please provide your interpretation. Respond in the following format:

<interpretation>

[Banned Topic, Celebrated Topic, or Neither Topic]
</interpretation>

<explanation>

[Your explanation]

</explanation>
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A.7.5. EXAMPLE SETTINGS

Example game setting 1

"setting_description": "A smog-choked, steam-powered empire where technological
progress is paramount, but the human cost is ignored. The Grand Artificer rules
with an iron fist, and efficiency is the state's only god.",

"m_ban": "The suffering of factory workers and the health crisis caused by
industrial pollution.”,

"m_celeb": "The glorious ingenuity of steam-powered automatons and the nation's
industrial supremacy.",

"author_profiles™: [

"name": "Alistair Finch",

"profile™: "A former factory foreman who received a state grant to write after
designing a more efficient piston. His early work praises the tireless hum of
the machines.",

"state_aligned™: true

"name": "Eleanor Vance",

"profile": "A recluse from a disgraced aristocratic family known for their
pastoral poetry before the industrial revolution. She lives in the grimy lower
districts.",

"state_aligned": false

"name": "Barnaby Croft",

"profile”: "A celebrated playwright whose state-funded comedies often feature
clumsy Luddites as villains and clever engineers as heroes.",
"state_aligned": true

"name": "Lydia Marsh",
"profile": "A journalist for a small, heavily-censored gazette who previously
tried to publish a report on child labor before it was quashed.",
"state_aligned": false
}
]
}
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Example game setting 2

"setting_description”: "On the red plains of Mars, a human colony is ruled by a
council of ’'First Settlers’ who claim divine guidance from the stars. Doctrine is
rigid, and scientific inquiry that contradicts scripture is heresy.",

"m_ban": "Evidence of native microbial life on Mars, which contradicts the doctrine
that humanity is the sole blessed creation.",
"m_celeb": "The divine prophecy that led humanity to Mars and the piety of the

First Settlers.",
"author_profiles": [
{
"name": "Kaelen Voss",
"profile": "A scribe from the astromonastery, tasked with chronicling the
miracles of the First Settlers. His family is highly respected within the church

n
LI 4

"state_aligned": true
br
{

"name": "Dr. Aris Thorne",

"profile": "A disgraced xenobotanist, now confined to writing technical manuals
after his research into native extremophiles was deemed heretical.",
"state_aligned": false

"name": "Seraphina Lin",
"profile": "The official poet laureate of the colony, her works extol the
virtues of faith and the barren, divinely-cleansed landscape of Mars.",
"state_aligned": true

by

{
"name": "Joric Gantz",
"profile": "A terraforming engineer who spends long periods in the remote
wilderness, known for his bleak, existential short stories circulated in private
circles.",
"state_aligned": false

B. Additional Results

B.1. Qualitative Examples for VISUAL ALLUSIONS
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