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Abstract

Dialogue-game benchmarks usually pair a
model with itself, and the resulting self-play
score is treated as a measure of that model’s
ability. We test whether self-play scores mea-
sure partner-independent ability by comparing
them with cross-play evaluations. Across nine
Clembench games, we evaluate every possi-
ble seating of three popular open-weight mod-
els. The cross-play reading exposes additional
model strengths and weaknesses that are not
detectable in self-play. In four of nine games,
a mixed pair of two different models beats the
best self-play score; in another four cases, a
model does better paired with itself than paired
with the strongest available partner. Look-
ing at the transcripts, two mechanisms ex-
plain most of this: some pairs succeed because
one partner writes more detailed messages that
keep the interaction on track, while some self-
play scores are inflated because both copies of
a model make the same mistake and agree by
accident.

1 Introduction

Dialogue games have emerged as an informative
paradigm for evaluating chat-optimized language
models. Rather than solving static test items, mod-
els engage in goal-directed conversations in which
each generated utterance constitutes an action to-
ward completing a shared task. Chalamalasetti
et al. (2023) introduce Clembench, a benchmark
of dialogue games spanning both asymmetric in-
teractions, where players have distinct roles such
as clue-giver and guesser, and symmetric interac-
tions like negotiation and debate, where both play-
ers have the same role. In the standard evalua-
tion setup, both player roles are filled by the same
model. The resulting self-play score is then inter-
preted as a measure of that model’s capability.
Recent work suggests that the self-play read-
ing of LLM players deserves more scrutiny than

it usually gets. Models recognize and favor gen-
erations resembling their own (Panickssery et al.,
2024) and models increasingly make the same
mistakes (Kim et al., 2025). The overlap in the
types of mistakes grows with model capability
even across model classes (Goel et al., 2025). A
self-play score rewards agreement, but this agree-
ment may stem from shared errors rather than
shared competence. In language-based games, this
issue is even more pronounced because language
itself serves as the coordination medium. Align-
ment or misalignment between partners does not
just occur at the level of high-level strategy, but
from the way each model produces and interprets
utterances.

We contribute an empirical data point to this
debate: a complete cross-play and self-play eval-
uation of three open-weight models from differ-
ent providers and architecture families (QWEN,
GEMMA, MINISTRAL) across nine Clembench di-
alogue games. We analyze the resulting perfor-
mance matrix against two prior expectations that
are based on the assumption that scores reflect
partner-independent competence.

E1 (Symmetric Roles): Self-play performance
represents a baseline of capability. A
more competent partner should consistently
improve the joint score.

E2 (Asymmetric Roles): A model with a distinct
strength in one role should consistently ele-
vate its partner.

We find that E1 and E2 largely hold as base-
lines, and E2 reveals a split that self-play cannot
expose: role-specific strengths vary across mod-
els. For example, GEMMA outperforms QWEN
as the clue-giver in three separate games, while
the nominally weakest model, MINISTRAL, excels
as a guesser for high-frequency words because its
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narrow vocabulary focus prevents it from over-
thinking the clues.

We also find aligned errors where successful co-
ordination does not reflect true competence, vio-
lating E2 and creating a self-play advantage over
playing with the best available partner.

2 Related Work

From multi-agent reinforcement learning, we
know that self-play policies coordinate through
private conventions that do not necessarily trans-
fer to novel partners (Hu et al., 2020; Bard et al.,
2020; Kottur et al., 2017). While such conventions
are expected when policies are trained together,
LLMs evaluated on dialogue games typically have
no game-specific joint training. Nonetheless,
modern LLMs are frequently fine-tuned on their
own generated outputs (Huang et al., 2023; Wang
etal., 2023). This self-training regime may implic-
itly result in model-specific conventions and self-
preference biases, making the study of cross-play
dynamics relevant to understanding how these
models coordinate.

A growing number of works investigate com-
municative multi-agent solutions to solve complex
tasks. Notably, most of these works use multiple
copies of the same model to build a community of
players (Wang et al., 2024; Park et al., 2023; Liang
et al., 2024). An important exception is Bianchi
et al. (2024), who analyzed cross-play in a nego-
tiation setup, let different models negotiate with
each other, and found that who sits across the table
substantially changes the outcome, with weaker
partners dragging results down.

3 Setup

Models. We use three open-weight instruction-
tuned models from three providers: QWEN
(Qwen3.5-27B Qwen Team, 2026), GEMMA
(Gemma 4 12B-IT Gemma Team, 2026), and
MINISTRAL  (Ministral-3-14B-Reasoning-2512
Mistral Al, 2025). Models are invoked through
Clembench’s model interface with uniform
greedy decoding (temperature 0.0) for every
request, so any behavioral difference between
models is not a sampling artifact. QWEN and
MINISTRAL are reasoning-capable models.
Both are run without eliciting their reasoning
mode: QWEN’s chat template is called with
enable_thinking=false, MINISTRAL’S
reasoning channel is parsed out via a dedi-

cated reasoning parser and is never prompted
for thinking. In the tables, gw, ge, and mi
denote Qwen3.5-27B, Gemma 4 12B-IT, and
Ministral-3-14B-Reasoning-2512,  respectively;
the corresponding run labels are qwen3.5-27b,
gemma—-4-12b,and ministral-14b.

Games. We evaluate on nine Clembench dia-
logue games spanning two role structures. Five
have asymmetric roles, where the two seats per-
form different jobs: TABOO (describer/guesser,
60 instances), REFERENCEGAME (expression-
generator/answerer, 90), CODENAMES (clue-
giver/guesser, 130), IMAGEGAME (instruction-
leader/follower, 40), and WORDLE_WITHCRITIC
(guesser/critic, 30). Four have symmetric roles,
where both seats do the same job: CLEAN_UP
(27), DOND (40), MATCHIT_ASCII (40), and
HOT_AIR_BALLOON (36). In every game, Pl
starts the interaction. In the symmetric games, P1
and P2 have the same role, and the labels indi-
cate turn order. In the asymmetric games, P1 is
the first role listed above—describer, expression-
generator, cluegiver, instruction-leader, or guesser,
respectively—and P2 is the corresponding sec-
ond role. Although the roles in the symmetric
games are identical, turn order can significantly
affect performance (e.g., by determining which
player makes the first offer in negotiation). For
more detailed descriptions of the games, see Cha-
lamalasetti et al. (2023).

Token and context budgets. Each game used
greedy decoding and a 1024 token limit except
for three games: for HOT_AIR_.BALLOON, REFER-
ENCEGAME and WORDLE_WITHCRITIC the maxi-
mum number of tokens was set to 4096. The max-
imum size of the context was capped at 65,536 to-
kens. We count any episode whose full dialogue
history exceeds it as an abort with no score, on the
grounds that failing to converge within the budget
is itself a form of failing at the task.

Metrics. Each game-specific Clembench score
ranges from 0 to 100. For example, WOR-
DLE_WITHCRITIC combines success and speed,
whereas REFERENCEGAME’s score is its success
rate (for all definitions, see Chalamalasetti et al.,
2023). We distinguish between aborted episodes
due to protocol violations and played episodes.
We only treat a result as robust if it holds under
three views: quality, the mean score over played
episodes (blind to abort-rate differences); clem-



Game Pair Clemscore  API AP2
taboo ge>qw 7.7 +2.2 +4.3
codenames gerqw 39.2  +11.5 +154
dond qw D> ge 83.3 +436.1 +6.9
matchit_ascii  ge>qw 975 +15.0 +5.0

Table 1: Synergy: mixed pairs whose score beats both
component models’ own self-play score. AP1/AP2:
points over Player 1’s / Player 2’s respective self-play.

score, the mean score with aborted rounds enter-
ing the mean with a score of O; and matched in-
stances, quality recomputed only over the instance
IDs played in all compared cells, which removes
any selection effect from one pairing aborting on
harder instances than the other. Matched-instance
sample sizes range from n=0 to n=76 depending
on the game and pairing. The full matrix under
each of the three views is reported in Appendix A.

4 Results

We now present a subset of the full results, focus-
ing on cases where pairing models from different
families reveals mechanisms that self-play scores
alone cannot expose. The complete 9 x 9 game-
by-pairing matrix under all three metrics from §3
is given in Appendix A: quality (Table 4), clem-
score (Table 5), and matched instances (Table 6).

First, we mention that three games in particu-
lar carry high abort rates that are worth explain-
ing before the case studies. In CODENAMES,
QWENas cluegiver drives abort rates of 43—-52/130
episodes; this is because Qwen’s broad clues make
the receivers guess outside of the valid candidates.
In HOT_AIR_BALLOON, aborts come down to:
QWEN’s free-form reasoning buries the required
structured tags, and all 24 complexity/negotiation
episodes abort in every QWEN-containing run.
In IMAGEGAME GEMMAhas a high abort rate as
instruction-giver because it echoes the instruction
template itself rather than producing a drawing
command.

In Table 1, we display cases where cross-play
performance exceeds both self-play scores. This
allows us to address an interesting question: do
models design utterances for themselves? While
there is no explicit theory-of-mind mechanism
implemented in these models, we can still ask
whether a model is best at resolving clues gen-
erated by its own copy. Surprisingly, the answer
is no. QWEN tends to give high-level, abstract
clues, which is best attested by TABOO statistics:

Game Pair Clemscore AP1 AP2
dond qw > mi 9.1 =381 —11.2
matchit_ascii  qw D> mi 7175 —150 —10.0
matchit_ascii  mib>qw 750 —-125 —175
matchit_ascii  mib> ge 70.0 —-17.5 —125
imagegame qw > mi 65.1 —31.2 —6.8

Table 2: Anti-synergy: mixed pairs whose score
falls below both component self-plays’ score. dond’s
QWEN > MINISTRAL is the matrix’s strongest anomaly
and reverses to 33.8 when MINISTRAL speaks first in-
stead.

on average, it addresses 2.4 words at once, while
Gemma only targets 1.7. QWEN gets confused by
the abstract clues of its own copy and often hal-
lucinates invalid answers, yet is much more suc-
cessful when paired with Gemma’s more concrete
strategy.

In MATCHIT_ASCII, where players have to de-
scribe ASCII-grid patterns, the same GEMMA-as-
describer advantage holds over QWEN self-play.
GEMMA’s approach is similarly low-level as for
taboo and codenames: it describes the grid cell by
cell while QWEN’s high-level natural language de-
scriptions often contain inaccuracies and get mis-
understood (further examples in Appendix B).

In the negotiation game “dond”, QWEN typi-
cally negotiates successfully with its own copy in
text, but the player making the closing final ”[Pro-
posal: ...]” botches the deal by proposing the part-
ner’s share contradicting the discussed agreement.
The pairing QWEN > GEMMA combines QWEN’s
negotiation with GEMMA’s discipline of the for-
matted proposal generation, which results in the
best performance.

In Table 2 we display cases where self-play
performance exceeds both cross-play scores even
though the partners exhibit stronger performance
individually. These cases contradict our initial ex-
pectations (E1 and E2), under which being paired
with a stronger partner should improve perfor-
mance. MINISTRAL playing MATCHIT_ASCII is
the strongest case for this; the self-play advantage
exists purely because both copies of MINISTRAL
misread the ASCII grids in the exact same way,
agreeing that two grids match for entirely wrong
reasons. Similar aligned misinterpretations can be
found in the imagegame for MINISTRAL’s self-
play, but the models’ unrelated errors mask this
self-play advantage (see Figure 1 for an example
and Appendix B for more). These are clear exam-
ples of correlated error masquerading as success-



P1 (min14b) instruction: “Fill the second column with R”

minl4bsminl4b (twin)

minl4bsqwen / minl4brgemma
Target score = 38.0 0

score = 19.0/ 19.1

R R R RR X o ooo o R oD oO
R oo oR R oooo o R OODO
R oooR R oooo o R ooDoO
R oooR R oooaoo o R ooo
R R R RR R oooo o R o oDOoO

=1 matches target == differs from target

Figure 1: MINISTRAL uses “’second column” to refer
to the first one and its own copy decodes it the same
way while GEMMA gets misled.

GEMMA QWEN MINISTRAL
high_en 65.8 65.3 69.7
medium_en 55.6 57.2 514
low_en 57.2 66.1 57.2

Table 3: Average taboo score in the guesser role, by
target-word frequency band, averaged over both part-
ners and self-play (aborts scored 0).

ful communication.

The QWEN-MINISTRAL pairing in imagegame
is another example of audience mismatch: the
lower-capability MINISTRALfails with QWENas
the latter gives highly compressed descriptions
that only the higher-capability GEMMAcan re-
solve.

Frequency effect of target words Not every
partner effect surfaces at the game level. MINIS-
TRAL is the best model in the guessing role in
taboo’s high-frequency range (Table 3: 69.7 vs.
65.8 for GEMMA, 65.3 for QWEN), plausibly be-
cause it is not thrown off by assigning high prob-
ability to rarer words. The effect is most strik-
ing in its best pairing: guessing for QWEN’s de-
scriptions, MINISTRALscores 95, 15 points above
Qwen’s own self-play score of 80 in the same
high-frequency range.

5 Discussion

Our evaluation set out to investigate the existence
of unexpected, systemic self-play advantage in di-
alogue games played by LLMs. We specifically
looked for dog-whistle-like patterns: a word or
phrasing whose success with a given partner could
not be derived from the optimal communicative
strategy the game itself demands.

We find clear evidence of such a self-play
advantage in only one specific condition with
our weakest tested model MINISTRAL. When

the game involves an external grounding element
(such as ASCII grids), the MINISTRAL self-play
exhibits consistent, correlated errors. Because
both copies of MINISTRAL consistently misinter-
pret the grounding in the exact same way, com-
munication succeeds. This coordination falls apart
immediately in cross-play because a partner model
(like GEMMA) interprets the grounded reference
correctly, exposing the unconventional language
use of MINISTRAL.

Most patterns reported in this paper, however,
are readily interpretable within each game’s dy-
namics and are well explained by known commu-
nicative strategies without having to turn to deeper
model-specific anomalies. The best information-
givers are highly specific: GEMMA’s Codenames
clues stay close to a small set of candidates, and
its ImageGame instructions enumerate every cell
rather than compressing them into a single com-
mand. The best information-receivers are literal,
avoiding over-interpretation: MINISTRAL’s Taboo
guesses follow the common reading of a clue
rather than searching for a more abstract alterna-
tive, allowing it to outperform stronger partners
on high-frequency words. These differences re-
flect audience design: a speaker’s optimal mes-
sage depends on the addressee’s ability to recon-
struct what is left implicit (Naszadi et al., 2024).
QWEN’s REFERENCEGAME instructions are effi-
cient, but only for a capable listener. GEMMA’s
longer, exhaustive descriptions are safer but less
natural. Because Clembench rewards communica-
tive accuracy more than efficiency, this cautious
style is consistently favored.

The absence of stronger evidence for systemic
self-play advantage does not mean such effects do
not exist. Rather, the communication games con-
sidered here may not demand sufficiently sophisti-
cated language use for detecting such conventions.
In many settings, performance is still limited by
more basic communicative failures. For example,
in CODENAMES, hallucinated associations dom-
inate error more than any partner-specific clue
strategy would. If lower-level failures dominate
the error profile, there is little room to detect more
subtle “’secret handshake” patterns.

Limitations

We follow the standard Clembench evaluation pro-
tocol, including its recommended deterministic
decoding setup (greedy decoding with temperature



0). This means that each reported score is based
on a single realization of each game. Our analysis
does not capture the variability that may arise un-
der stochastic decoding. In addition, some bench-
mark games contain only a small number of eval-
uation instances, which limits the statistical power
of comparisons on individual games. Finally, our
analysis of language use relies on qualitative hu-
man annotation. Consequently, some factors con-
tributing to successful or unsuccessful coordina-
tion may not be reflected in our analysis or may
not align with the interpretations presented in the
discussion (Section 5).
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A Full result matrices

Tables 4-6 report the complete 9 x 9 game-by-
pairing matrix under the three metrics from §3:
Table 4 gives quality (abort-blind mean Main
Score over played episodes), Table 5 gives clem-
score (the same means with aborted episodes
scored 0), and Table 6 gives the matched-instance
view (quality recomputed only over instance IDs
completed by all nine pairings). Blank cells mark
pairings or games with zero completed or zero
matched episodes.

B Transcript excerpts

MATCHIT_ASCIT with MINISTRAL Figures 2
and 3 give examples of correlated errors by
MINISTRAL.

Grid (identical for both players)
X X X X

X X
X X
X X

0O 0 0o o

X X
X X
X X
o o

0O 0 o

PL DESCRIPTION: A 55 g
column Filled with 7

PL DESCRIPTION: A 5x:
Filled vit
g fou

the res the
X's. x's

P2 DESCRIPTION: A 5x5 grid where the

P2 DECISION:
P2 DECISION: same grid P2 DECISION: same gri
PLDECISION: sane gri

PL DECISION: different grids PLDECISION: different grids

P2 = minl4b P2 = qwen P2 = gemma

Figure 2: Two MINISTRAL instances give the same in-
correct description of a grid and agree that the grids
match. The error is exposed in cross-play, where the
partner detects it in the dialogue.

Grid (identical for both players)

X X X X X

(s]
X o
o

X X X X

X
X
X
X

X X

PL DESCRIPTION: A 5x5
X's on all edges.

ler of P DESCRIPTION: A 515 g

P2 DESCRIPTION: A 565

nore 054 turns — no racovery
P2 DECISIO

P2 DECISION: P2 DECISION: different

P1 DECISION: different grids

PL DECISION: sane grid PL DECISION: different grids

P2 = minldb P2 = qwen P2 = gemma

Figure 3: Two MINISTRAL instances give the same in-
correct description of a grid and agree that the grids
match. The other model does not detect the incorrect
description, and the interaction fails for both partners.

GEMMA advantage over QWEN as P1 Fig-
ures 4-5 give two REFERENCEGAME instances
where GEMMA s detailed, enumerative expression
lets MINISTRAL pick the target while QWEN’s
compressed expression sends MINISTRAL to a
distractor. Figures 6 and 7 show two further exam-
ples contrasting MINISTRAL and GEMMA in the
receiver role.

Grid 1 (first) — TARGET Grid 2 (second) Grid 3 (third)

X X X X o X X X X o o X X X X
X oo X oooao o X oo X
X X X X o X X X X o o X X X X
X ooo X Ooo X o o X oo X
X X X X o X X X X o o X X X X

Describer = Gemma

“The grid has a row of four X's followed by a 0 in the first, third, and fifth rows, and the

fourth row starts and ends with X with three o in between.”

- minl4b (receiver) selects: Grid 1 (first) . correct

Describer = Qwen

“The grid where the first column is completely filled with X's and the fourth row has an X in

the last column.”

- minl4b (receiver) selects: Grid 3 (third) X wrong

Figure 4: REFERENCEGAME instance 15

(number_grids), score 100 vs. 0, receiver fixed
at MINISTRAL. Gemma describes every row. Qwen
compresses to two features.


https://huggingface.co/Qwen/Qwen3.5-27B
https://huggingface.co/Qwen/Qwen3.5-27B
https://doi.org/10.18653/v1/2023.acl-long.754
https://doi.org/10.18653/v1/2023.acl-long.754
https://doi.org/10.18653/v1/2023.acl-long.754
https://doi.org/10.18653/v1/2024.naacl-long.15
https://doi.org/10.18653/v1/2024.naacl-long.15
https://doi.org/10.18653/v1/2024.naacl-long.15
https://doi.org/10.18653/v1/2024.naacl-long.15

Game qw-qw ge-ge mi-mi qwige gerqw germi qwb>mi mi>qw mi>ge
taboo 78.6(56)  79.5(57) 43.0(50) 77.0(55) 83.3(56) 73.0(58) 75.7(57) 489(46)  42.4(46)
referencegame 95.6(90) 100.0(87) 62.2(90) 954(87) 92.2(90) 80.0(90) 68.9(90)  78.9(90) 81.6(76)
codenames 35.6(87) 33.6(107) 19.2(78) 345(84) 447(114) 36.1(97) 359(78) 269(104) 24.5(110)
clean_up 71.3(25)  79.4(13) —-(0) 75.1(14)  70.7(19) -(0) —-(0)  59.7(10) 51.0(8)
dond 472(40) 76.4(40) 20.8(39) 83.3(40) 78.2(40) 35.2(40) 9.1(40)  33.8(40) 30.5(39)
matchit_ascii 92.5 (40) 82.5(40) 87.5(40) 85.0(40) 97.5(40) 85.0(40) 77.5(40) 75.0(40)  70.0(40)
imagegame 96.3 (40) -(0) 73.7(39) 96.6(40) -(0) —-(0) 66.8(39) 79.5(40)  79.8(40)
hot_air_balloon 81.1(10)  759(29) 59.8(6) 54.1(12) 73.8(12) 509(21) 64.6(12) 0.0(1) 21.0(4)
wordle_withcritic  85.4(16) 91.0(13) 75.0(4) 80.0(15) 82.8(17) 76.1(15) 75.9(18) 30.0(5) 33.3(3)

Table 4: Quality (mean Main Score over played episodes; played count in parentheses). This is the abort-blind
view described in §3: it isolates skill on completed episodes but does not penalize a pairing for aborting more often
than another. All cells 493/493 episodes finished-or-aborted; context-overflow episodes counted as aborted (103
documented stubs). qw = qwen3.5-27b, ge = gemma-4-12b, mi = ministral-14b; X>Y: X speaks first.

Game qw-qw ge-ge mi-mi qwb>ge ge>qw gedmi qwbmi mibqw  mibge
taboo 734 755 35.8 70.6 71.7 70.6 71.9 37.5 325
referencegame 95.6  96.7 62.2 92.2 92.2 80.0 68.9 78.9 68.9
codenames 23.8 277 11.5 223 39.2 26.9 21.5 21.5 20.7
clean_up 66.0 382 0.0 38.9 49.8 0.0 0.0 22.1 15.1
dond 472 764 20.3 83.3 78.2 352 9.1 33.8 29.7
matchit_ascii 92.5 82.5 87.5 85.0 97.5 85.0 77.5 75.0 70.0
imagegame 96.3 0.0 71.9 96.6 0.0 0.0 65.1 79.5 79.8
hot_air_balloon 22.5 61.1 10.0 18.0 24.6 29.7 21.5 0.0 23
wordle_withcritic 455 394 10.0 40.0 46.9 38.0 45.5 5.0 33

Table 5: Clemscore (aborted episodes scored 0). This is the abort-sensitive counterpart to Table 4: it folds a
pairing’s abort rate back into the mean, so the two tables read together separate genuine skill differences from
differences driven purely by protocol failures. qw = qwen3.5-27b, ge = gemma-4-12b, mi = ministral-14b; X>Y:

X speaks first.

Grid 1 (first) Grid 2 (second) Grid 3 (third) — TARGET

X X o X o oo X X o X o X X o
o X X o X X oo X X o X o X X
X oo X o o X X o X X X oo X
o X oo X X X oo X o X X o X
X o X o X o X X oo X o X oo

Describer = Gemma

“The grid starting with X 0 X X 0 in the first row, followed by 0 X O X X in the second row, X X
00 X in the third row, 0 X X 0 X in the fourth row, and X 0 X 0 0 in the fifth row.”

- minl4b (receiver) selects: Grid 3 (third) v correct

Describer = Qwen

“The grid where the top-left cell is filled, the cell at row 1 column 2 is empty, and the
bottom-right cell is empty.”

- minl4b (receiver) selects: Grid 1 (first) X wrong

Figure 5: REFERENCEGAME instance 11
(random_grids), score 100 vs. 0, receiver fixed at
MINISTRAL. GEMMAtranscribes the pattern row by
row, giving MINISTRAL the full target; Qwen names
only three distinguishing cells and MINISTRAL selects
the wrong one.

Target Distractor 1 Distractor 2

X X X X o X X X X o o X X X X
X o oo X O oo o o X
X X X X o X X X X o o X X X X
X oooX OoooXao o X oaoX
X X X X o X X X X o o X X X X

Describer = Gemma (detailed)

“The grid has a row of four X's followed by a 0 in the first, third, and fifth rows, and the
fourth row starts and ends with X with three o in between.”

receiver = Gemma: - picks target receiver = min14b: / picks target

Describer = Qwen (compressed)

“The grid where the first column is completely filled with X's and the fourth row has an X in
the last column.”

receiver = Gemma:  picks target receiver = min14b: X picks distractor

Figure 6: REFERENCEGAME instance 15
(number_grids). REFERENCEGAME 1is single-
shot, so each describer’s referring expression is
identical across receivers. GEMMA'’s detailed, row-
by-row expression is understood by both receivers.
QWEN’s two-feature expression is enough for the
stronger GEMMA receiver to recover the target but not
for MINISTRAL, which selects a distractor.



Game n  qw-qW ge-ge mi-mi qwbge ge>qw gebmi qwbmi mi>qw  mi>ge

taboo 41 82.9 85.8 45.1 81.7 89.8 81.7 82.5 46.3 41.9
referencegame 76 96.1 100.0 65.8 100.0 93.4 81.6 72.4 81.6 81.6
codenames 16 50.0 56.2 18.8 56.2 56.2 31.2 56.2 37.5 31.2
clean_up 2 94.8 100.0 - 88.1 100.0 - - 39.7 537
dond 38 49.7 77.8 20.8 83.0 79.7 37.0 9.5 324 313
matchit_ascii 40 92.5 82.5 87.5 85.0 97.5 85.0 71.5 75.0 70.0
imagegame 38 96.1 - 73.0 96.4 - - 66.4 78.6 78.9

hot_air_balloon 0 - - - - - — _ _ _
wordle_withcritic 0 — - — - - — — - _

Table 6: Matched instances: mean Main Score restricted to the instance IDs played (non-aborted) in every com-
pared pairing for a given game, removing any selection effect from one pairing aborting on harder instances than
another (§3). n gives the number of matched instance IDs; games where no instance is completed by all nine
pairings (HOT_AIR_BALLOON, WORDLE_WITHCRITIC) are left blank.

Target Distractor 1 Distractor 2

X o X X o oo X X o X X o X o
o X o X X X oo X X o X X o X
X X oo X o X X o X X oo X oo
o X X o X X X oo X o X ooX
X o X oo O X X oo X o X oX

Describer = Gemma (detailed)

“The grid starting with X 0 X X O in the first row, followed by 0 X O X X in the second row, X X

00X in the third row, 0 X X 0 X in the fourth row, and X 0 X 0 0 in the fifth row.”

receiver = Gemma: ~ picks target receiver = minl4b: - picks target

Describer = Qwen (compressed)

“The grid where the top-left cell is filled, the cell at row 1 column 2 is empty, and the

bottom-right cell is empty.”

receiver = Gemma: ~ picks target receiver = minldb: X picks distractor

Figure 7: REFERENCEGAME instance 11

(random_grids), same describer X receiver de-
sign as Figure 6. On an irregular grid GEMMA
transcribes the pattern row by row and both receivers
succeed. Qwen names only three distinguishing cells.
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