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Abstract

Humor is one of the most culturally embed-
ded and socially significant dimensions of hu-
man communication, yet it remains largely un-
explored as a dimension of Large Language
Model (LLM) alignment. In this study, five
frontier language models play the same Cards
Against Humanity games (CAH) as human play-
ers. The models select the funniest response
from a slate of ten candidate cards across 9,894
rounds. While all models exceed the random
baseline, alignment with human preference re-
mains modest. More striking is that models
agree with each other substantially more often
than they agree with humans. We show that this
preference is partly explained by systematic po-
sition biases and content preferences, raising
the question whether LLM humor judgment re-
flects genuine preference or structural artifacts
of inference and alignment.

1 Introduction

Large language models (LLMs) have made signif-
icant strides in coding (Chen et al., 2021), writ-
ing (Brown et al., 2020), and creative tasks such
as storytelling and poetry generation (Chakrabarty
etal., 2022). This is largely attributed to training on
vast human-generated corpora, emergent capabili-
ties unlocked by scale (Wei et al., 2022), and rein-
forcement learning from human feedback (RLHF)
(Ouyang et al., 2022). As these models approach
human-level performance on structured tasks, atten-
tion has turned to whether they can match humans
on dimensions of communication that are less for-
mal and more culturally loaded.

Humor embodies one such dimension. It op-
erates at the intersection of language, cognition,
and social context (Martin and Ford, 2018). It also
relies on the violation and resolution of expecta-
tions (Attardo, 1997), shared cultural knowledge,
and sensitivity to timing, tone, and audience (Hay,
2001). These properties make it simultaneously
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LLM players

Black card:

After four years in college, I still
don't know how to

GPT Talk to women

Claude Cope with rejection

10 white cards:

[Talk to women ] Gemini Do my own taxes

[DO my own taxes ] D Do my own taxes
[A grandma's disappointment ] \ Grok | Do my own taxes /
[Cope with rejection ] Human player
[Make eye contact ] ®
- Cope with rejection
[The passage of time ]
\ \ J

Figure 1: Framework overview. Given a black card
prompt and a slate of 10 white card candidates, five
frontier LLMs and a human player independently select
the card they deem funniest.

deeply human and notoriously difficult to formal-
ize (Mihalcea and Strapparava, 2005).

This complexity makes humor a uniquely re-
vealing test for LLMs. What a model finds funny
reflects the cultural references it recognizes, the so-
cial boundaries it is willing to cross, and the moral
and political values it has absorbed through training
and alignment. Humor is therefore not only a capa-
bility to be scored but more of a window into the
worldview of the model itself, and one of the final
frontiers for Al alignment (Zhou et al., 2025). Prob-
ing this requires a setting that elicits genuine humor
judgment while remaining structured enough for
systematic comparison.

We study the alignment of LLMs with human hu-
mor through a controlled, game-based evaluation,
operationally measuring it by comparing LLM-
derived to human-derived preference judgments.
Cards Against Humanity (CAH) offers a natural
testbed for this inquiry. As a fill-in-the-blank party
game built around subversive, context-sensitive
punchlines, it requires players to select the funniest
response to a prompt from a fixed set of options.
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This makes it specific enough for systematic eval-
uation but also rich enough to expose meaningful
variation in humor perception. We show our ex-
perimental setup in Figure 1. The following is a
summary of our work and contributions ':

1. We present a framework in which five fron-
tier models, GPT-5.2, Gemini 3 Flash, Claude
Opus 4.5, Grok 4, and DeepSeek-V3.2, play
the same CAH games that humans have
played.

. We assess human-LLM humor alignment and
find that all LLMs evaluated only achieve
modest accuracy.

. We study the agreement between LLMs and
their self-consistency across repeated runs.
We demonstrate that LLMs agree with each
other substantially more than they agree with
humans, suggesting the emergence of stable
but human-misaligned humor profiles.

. We provide an analysis of LLM humor se-
lection, identifying significant position bias
and specific content preferences across all
five LLMs, and show that these two factors
jointly explain a substantial share of inter-
model agreement.

2 Related Work

LLMs and Humour Understanding Humor
poses a fundamental challenge for NLP, requiring
models to integrate world knowledge, pragmatics,
and cultural context in order to read — or write
— between lines. Early computational studies on
humor understanding tried to recognize humor by
classifying texts to humorous and non-humorous
ones (Mihalcea and Strapparava, 2005). More re-
cently, the focus has shifted from detecting humor
towards rating humor, e.g., asking which of sev-
eral options is the funniest. For instance, Hessel
et al. (2023) introduced benchmarks derived from
the New Yorker Caption Contest and asked LLMs
to rank caption funniness as well as to match cap-
tions to cartoons. The results show LLMs falling
substantially short of human-level judgment in this
humor ranking task. This gap was further under-
scored by Zhang et al. (2024): they assembled 250
million crowdsourced human ratings of the New
Yorker’s cartoon captions and observed systematic

!Code available at: https://github.com/aida-ugent/
cards_against_l1lms
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divergences between language model and human
rankings of funniness of the captions. Directly
related to our setting, Ofer and Shahaf (2022) intro-
duced a dataset of 300,000 online Cards Against
Humanity games and trained traditional machine
learning models to predict which cards humans se-
lect as the winning jokes. Their models primarily
focused on the punchline card only and achieved
around 20% accuracy in card choice prediction.

LLM Alignment LLMs are aligned with human
preferences via RLHF (Ouyang et al., 2022), yet
this alignment can fail on subjective tasks (Ying
et al., 2025) and skews toward specific demo-
graphic groups in ways that resist correction even
under explicit steering (Santurkar et al., 2023).
While Argyle et al. (2023) demonstrate that LLMs
can approximate subpopulation response distribu-
tions under appropriate conditioning, humor, as
a maximally subjective, culturally loaded domain
that alignment procedures may not target directly,
remains an untested frontier for such demographic

mapping.
3 Methodology

We formalize humor alignment as a discrete pref-
erence selection task. Let M = {mq,...,my}
denote a set of Kk LLMs and G = {g1,...,9n} a
set of n game rounds. Each round g; = (b;, W;)
consists of a black card prompt b; and a set of candi-
date white card responses W; = {wj}, . .. ,wlw”}.
Each model m; acts as a humor judge, selecting
the white card it deems the funniest response:

fm; (i) = wi € W; (1)
To assess preference stability and any position bias,
each round is repeated across R replicates, each
time following a random permutation m, of the

white card order, denoted fr(,;) (g;) for replicates
r=1,...,R.

3.1 Datasets

CAH Lab Gameplay Dataset This dataset> con-
sists of games played on the online Cards Against
Humanity Labs platform?®. Participants engaged
with the game voluntarily for entertainment pur-
poses and were not recruited as annotators or
crowdworkers for this study. In each round, a

"Data is available upon request to CAH Lab at
mail @cardsagainsthumanity.com.
3https://lab.cardsagainsthumanity.com
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player is presented with a prompt card (black card)
and ten candidate punchline cards (white cards),
and is required to select the punchline they find
funniest. The logs were collected between Novem-
ber 2023 and April 2025. More information about
the original dataset in Appendix A.1.

CAH Lab Demographic Answers Dataset As
part of the platform’s optional survey, players can
provide demographic information. The dataset con-
tains responses from players, covering six demo-
graphic attributes: gender, sexual orientation, race,
political ideology, country, and U.S. state. Each
entry consists of a player identifier, a demographic
category, and the corresponding self-reported an-
swer. The dataset enables analysis of demographic
variation in gameplay behavior while preserving
anonymity.

Card Topic Labeling To better interpret players’
and LLMs’ answer preferences, we annotate all
white cards with 1 to 4 topics among 15 possibili-
ties (e.g. “Anatomy, bodily fluids, gross-out phys-
ical humor", “Sexual content: innuendo, explicit
acts, relationships"). The list of possible topics was
empirically derived from the distributions of white
cards. Cards were annotated using an “LLM-as-a-
judge" scheme using Mixtral 8x7B. More details on
the topic selection strategy and prompting scheme,
and the full list of topics, are presented in both
Appendix A.2 and A.3

3.2 Round Selection

Each record in the CAH Gameplay dataset captures
an online game round where the player picks a
white card they think is the funniest given the black
card prompt. This includes the black card prompt,
the full set of candidate white card responses pre-
sented to the player in the round, round comple-
tion time, and the identity of the winning card and
the identity of the player. To ensure data quality
and meaningful human deliberation, we applied
three filtering criteria: rounds completed in fewer
than 10 seconds were excluded (as likely reflecting
inattentive or reflexive judgments), as were rounds
exceeding 120 seconds (which may involve distrac-
tion or disconnection rather than active play) and
rounds explicitly marked as skipped.

To manage experimental cost while maintain-
ing statistical coverage, we randomly sampled ap-
proximately 5,000 rounds from the filtered cor-
pus (4.6% of the filtered rounds), obtaining 4,947
rounds. We preserved the original distribution of

53

black card types and content categories of the full
dataset. More details about this can be found in
Appendix A.4.

3.3 Experimental Setup

We leverage the CAH Lab Gameplay dataset as
our human baseline, enabling direct comparison
between model selections and the cards that human
players actually found funniest under naturalistic
conditions. Each sampled round was presented to 5
LLMs: GPT-5.2, Gemini 3 Flash, Claude Opus 4.5,
Grok 4, and DeepSeek-V3.2 as a structured humor
selection task. The models were given the black
card prompt and a numbered list of ten candidate
white card responses, and were instructed to se-
lect the single funniest card by responding with its
number followed by the exact card text. For rounds
requiring two-card combinations, models were ad-
ditionally instructed to select the funniest card for
one blank slot, with target_slot indicating which
blank was being filled. More details on the prompt-
ing are given in Appendix B.1. We also note that
the real life CAH game is played where each round,
a "Card Czar" reads a black question card, and oth-
ers submit their funniest white card. The Czar picks
the best answer to win a point. Since our dataset
doesn’t allow for such setup and our purpose is to
study humor alignment, we focus on comparing
LLM choices to the human players choices.

Each round was administered across two repli-
cates (R = 2), with white cards shuffled into a
different random order in each replicate to mitigate
position bias in model selections. Responses that
could not be resolved to a valid card were recorded
as abstentions. Rounds in which any model ab-
stained were flagged as invalid and excluded from
agreement analyses, ensuring that all metrics are
computed over a consistent set of complete obser-
vations across all five models. More details about
the models abstentions can be found in Appendix
B.2.

3.4 Humor Benchmarking

We study humor alignment along three complemen-
tary axes: human-LLM alignment, LLM-LLM
alignment, and decision-level analysis. In the latter,
we look at the LLM behavior across position bias
and topic choice.

Human-LLM Alignment We measure the de-
gree to which the humor judgment of model m;



matches human preference using the accuracy rate:

2)
where w;r denotes the white card picked by the
human.

Heterogeneity analysis 1If different socio-
demographic groups have different senses of hu-
mor, a low average accuracy rate could mask a sit-
uation where a model’s sense of humor is strongly
aligned with some groups’ while strongly mis-
aligned with others’. To address this issue and
better understand model alignment, we report accu-
racy rates for different socio-demographic groups,
aggregated at the player level across rounds and
replicates using the CAH Lab Demographics An-
swers Dataset. For this analysis, confidence inter-
vals are bootstrapped at the player level.

LLM Agreement We measure LLM behavior
along two dimensions. First, internal consistency
quantifies how reliably an LLM reproduces its own
judgments across replicates with randomized white
card order.

Second, inter-model pairwise agreement mea-
sures the proportion of rounds in which two distinct
models select the same response across replicates.
We define inter-model pairwise agreement between
replicates r and ' as:

LS [

i=1

AGR™" (mj,my) = = S’ (90)
3)
We obtain a single measure of inter-model pairwise
agreement by averaging AGR!? and AGR*!.
Together, the two metrics reveal whether models
are self-consistent and whether they agree with

each other.

A

Explaining LLM Humor Behavior We investi-
gate LLM humor selection along three dimensions.

Position bias We test whether each model’s pick
distribution across the ten slate positions deviates
from uniform using a chi-square goodness-of-fit
test:

[Wi| 2
O,—FE
X2 (m;) 227( s ) )
p=1 P

where O), is the number of times model m; picks
position p across all rounds, and E,, = n/|W;] is
the expected count under uniformity, with n the
total number of picks by model m;.
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Topic bias While humor in our setup is intrin-
sically linked to the match between a white and
a black card, LLMs’ selections might simply be
driven by the topics of the black cards, regardless of
context. We conduct an analysis of the distribution
of topics present in the different LLMs’ answers.
To do so, we display a heatmap of the share of each
of the 15 white card topics among LLMs’ answers.
We also display these shares in human picks and
among all possible hands of white cards models
could pick from for comparison.

Joint position and topic bias analysis Finally,
we seek to quantify whether the combination of
position bias and card topics is sufficient to accu-
rately predict the different LLMs’ answers, or if
their sense of humor involves more complex mech-
anisms. To do so, we fit for each model j a condi-
tional logit model, modeling the probability p; (&, 7)
of model j picking the card at position & in round ¢
as
_exp(zgf;)

S exp(ef )
where x;;. describes the k-th card at round ¢ in
terms of topic flags and (one hot encoded) posi-
tion, and 3; encodes model j’s valuation of topics
and card position. The models are fitted on 80%
of rounds. We report the round-level accuracy of
the learned models on a test set, composed of the
remaining 20% of rounds.

pj(k7i>

4 Experiments

We evaluated the five LLMs on the humor pref-
erence selection task. We report results across
4,947 unique rounds with two replicates each, i.e.,
9,894 records. Of these, 282 were excluded be-
cause at least one model abstained or returned an
unparseable response in that round; more details
are given in Appendix B.2. This left 9,612 records
where all five models produced a valid card selec-
tion. Unless otherwise noted, all analyses use only
valid rounds. For brevity, we refer to each model
by its family name throughout the following sec-
tions (e.g., GPT, Gemini, Claude, DeepSeek, Grok)
rather than the exact model version used.

4.1 Human-LLM Alignment

First, we measure human alignment as the pro-
portion of rounds in which a model selects the
same white card as the human-designated winner
out of ten candidate cards. While the CAH Lab
Gameplay dataset does not allow us to measure



inter-annotator agreement, the performance of sev-
eral baselines can help contextualize these findings.
Random card choice would achieve an accuracy of
10%, whereas picking cards based on popularity
would achieve 19.11% accuracy, and an ensemble
of boosted trees learned from human player choices
19.77%. More details on the construction of these
baselines is provided in Appendix D. The small gap
between the accuracies of the popularity baseline
and of the boosted tree ensemble is coherent with
the findings of Ofer and Shahaf (2022).

All five models exceed the random baseline of
10%, as shown in Figure 2. Claude achieves the
highest overall alignment, followed by Grok and
Gemini, while DeepSeek and GPT trail behind.
However, absolute alignment rates remain low,
ranging between 13% and 18%. This suggests that
although LLMs capture some aspect of human hu-
mor preference, the task remains largely unsolved.
Performance is consistent across replicates, indi-
cating that the low alignment reflects a genuine
limitation rather than model instability.

Heterogeneity analysis We turn to the investi-
gation of differences in model alignment across
sociodemographic groups covered by the CAH
Lab Demographic Answers Dataset. Note that the
rounds for which LLM picks were obtained cover
824 players, as 50% of rounds have missing player
IDs and players can play multiple rounds. Figure 4
displays accuracy rates by demographic subgroups
at the player level on this population. While we
do not have enough statistical power to detect fine-
grained demographic differences, the results do
not suggest the existence of substantial heterogene-
ity. In other words, we find no evidence that the
low-to-moderate human—-LLM alignment found on
average is driven by differences in alignment across
sociodemographic lines.

4.2 LLM Agreement

Next, we examine whether models have their own
senses of humor, or even converge on a shared
‘LLM sense of humor’, through two complemen-
tary lenses: inter-model agreement, and response
consistency across replicates. Figure 3 shows
pairwise agreements between LLMs (rows and
columns), while the diagonal indicates intra-model
consistency, computed as agreement between repli-
cates of the same model.

Intra-model consistency (cells in the diagonal) is
much higher than LLM-human alignment across all
models. Grok shows the strongest self-consistency
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Model x> p-value Dominant Pos.
GPT 356 <0.001 —

Gemini 282 <0.001 —

Claude 678 <0.001 Early positions
DeepSeek 1851 <0.001 Position 3

Grok 658 <0.001 Position 10

Table 1: Chi-square test of uniformity for position bias
per model (df=9). Higher x? indicates stronger devia-
tion from a uniform pick distribution across the 10 slate
positions.

(63.3%), followed by Gemini (59.9%) and Claude
(59.8%), while GPT is the least consistent (49.5%).

Inter-model agreements (other cells than the di-
agonal) range from 21.4% to 44.9%. Thus, re-
markably, they also substantially exceed the human-
LLM alignment rates of 13—18% reported in Fig-
ure 2.

4.3 Explaining LLM Humour Behavior

Next we analyze two types of possible biases in
LLMs in this task: position bias and topic bias.

4.3.1 Position bias

All five models exhibit significant deviation from a
uniform pick distribution as displayed in Table 1.
This aligns with finding from previous literature
(Pezeshkpour and Hruschka, 2024). DeepSeek
shows the strongest position bias, driven by a
pronounced concentration of picks at Position 3.
Claude and Grok display similarly strong bias, with
Grok favoring the last position and Claude show-
ing moderate spread with a mild early-position
preference. GPT and Gemini exhibit the weak-
est bias, though still highly significant, with picks
distributed more evenly across the slate. We show
this in Appendix C.

4.3.2 Topic bias

We turn to the description of the topics present
in the white cards chosen by LLMs, displayed in
Figure 5. In coherence with pairwise agreement
patterns, we find commonalities between the topics
involved in Gemini, DeepSeek, Claude and Grok’s
responses. In particular, these models’ card picks
often rely on bodily humor (31% to 40% of an-
swers, compared to 21% for humans) and sexual
themes (29% to 38%, against 24% for humans).
On the other hand, GPT makes less use of cards
with these topics (24% and 15% respectively), and
stands out in terms of the use of “miscellaneous"-
themed cards (27% of answers, against 16% to
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Figure 3: Pairwise agreement rate between models, mea-
sured as the proportion of rounds in which two models
select the same white card. Off-diagonal cells show
inter-model agreement (yellow-red scale); diagonal cells
show intra-model consistency across the two replicates
(blue scale).

18% for other models and humans). It is also worth
noting that all models’ responses involve fewer
answers related to “politics/society” and “iden-
tity/demographic" topics (6-8% and 3-5% of an-
swers respectively) than humans (14% and 10%).

4.3.3 Joint position and topic bias analysis

Finally, we assess to what extent the combination of
position and topic biases predicts LLMs’ responses.
We fit conditional logistic models with card posi-
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tion and topic as covariates to predict LLM behav-
ior based on the list of white answer cards only,
ignoring the black card (Ofer and Shahaf, 2022).
Table 2 displays the share of rounds in the test set
for which logistic models correctly predict LLMs’
answers. Note that an upper bound for such a pre-
diction quality metric is given by the LLMs’ own
self-consistency, whereas if both topics and posi-
tion biases were irrelevant, the metric would be
0.1. The surrogate models for Grok, DeepSeek and
Gemini correctly characterize chosen white cards
for more than a third of rounds (0.361, 0.351 and
0.339). The surrogate conditional logistic mod-
els for GPT and Claude achieve markedly lower
round-level accuracies, at 0.171 and 0.244. Alto-
gether, these results suggest that a non-trivial share
of model responses can be explained by position
bias and white card content preference, but also sug-
gests the existence of more complex mechanisms
at play in LLM humor.

Model Round-level accuracy
GPT 0.171
Gemini 0.339
Claude 0.244
DeepSeek 0.351
Grok 0.361

Table 2: Share of rounds for which surrogate logistic
models correctly predict LLMs’ answers.
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5 Discussion

Altogether, our analysis of the Cards Against Hu-
manity gameplay of LLMs points towards the ex-
istence of 1) an accuracy ceiling in current human-
LLM humor alignment, and ii) the convergence
of frontier LLMs towards a somewhat shared, but
human-misaligned, notion of humor.

Our findings suggest LLMs capture some mean-
ingful aspects of human humor preferences: ac-
curacy rates of LLMs significantly outperform a
random baseline in terms of human-LLM agree-
ment. Nevertheless, these accuracy rates are only
moderate (13-18%), whereas simple baselines, as
presented in Section 4.1, suggest accuracies around
at least 19%-20% can be achieved. This average
finding does not seem to be driven by underlying
considerable differences in alignment to different
demographic subgroups.

Moreover, we also find that LLMs agree with
each other far more than they agree with hu-
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mans. This may indicate that LLMs have con-
verged to some extent towards a shared but human-
misaligned notion of humor where bodily and sex-
ual topics are emphasized more, and demographic
topics less, than by humans.

We hypothesize that LLMs rely partly on shal-
low heuristics rather than deeper pragmatic and
contextual reasoning that drives human humor
selection. Indeed, we find models to exhibit sig-
nificant position bias and commonalities in topic
choices in their answers, as shown by surrogate
model accuracies up to 36%.

The current accuracy ceiling in human-LLM hu-
mor alignment also likely reflects both the inherent
subjectivity of humor and the fact that CAH pro-
vides a space for, and even rewards, transgressive
incongruity. This mode of humor may conflict
with the safety-oriented fine-tuning of current
LLMs: shared patterns in instruction tuning or
RLHF that reward certain types of responses over
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the transgressive and absurdist style that makes
CAH funny to humans. Consistent with this hypoth-
esis, the analysis of topic choices reveals LLMs
to choose white cards about "politics/society" and
"identity/demographics" topics less frequently than
humans, or compared to the distribution of such
cards among possible answers.

6 Conclusion and Future Work

We presented a large-scale study of humor align-
ment between frontier language models and hu-
mans, using Cards Against Humanity as a natu-
ralistic preference selection testbed. Across 9,894
rounds and five models, we find LLMs’ alignment
with human humor judgments to be modest. Strik-
ingly, models agree with each other substantially
more than they agree with humans. Further analy-
sis reveals that this divergence is partly explained
by systematic position biases and content prefer-
ences, raising important questions about the extent
to which LLM behavior on tasks involving humor
reflects genuine understanding or structural arti-
facts of inference.

Several directions emerge naturally from this
study. A larger experimental scale — more rounds,
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replicates, and a more culturally diverse set of
models — would yield more robust estimates and
enable cross-cultural comparison. Repeating the
experiment with milder humor registers, such as
CAH: Family Edition, would help disentangle a
general human—LLLM humor gap from a specific
mismatch with transgressive incongruity. Addi-
tionally, extending the framework to other humor
formats such as memes or satirical writing would
test the generalizability of our findings. Finally,
our observation that models agree with each other
more than with humans raises the question of
whether specific human subgroups, defined by hu-
mor style rather than demographics, show substan-
tially higher LLM alignment.

7 Limitations

* Experimental scale. While our study covers
9,894 rounds across two replicates, a larger
number of rounds and replicates would yield
more stable estimates and stronger statisti-
cal conclusions. Expanding the experimental
scale was constrained by the API costs associ-
ated with querying five frontier models across
multiple runs.



¢ Single-player ground truth. The CAH Lab
dataset provides the choice of a single player
for each round, which we use as human refer-
ence. However, the data does not allow us to
estimate inter-rater agreement, which would
help contextualize the modest LLM accuracy
rates, and distinguish model failure from in-
herent task subjectivity.

Temperature Setting. All models were
queried at a fixed temperature of 0.8, allow-
ing for some response variability while main-
taining comparability across models. Vary-
ing this parameter could yield different self-
consistency profiles and is left for future in-
vestigation.

LLM-as-judge for topic labeling. Our con-
tent analysis relies on LLM-generated labels
to categorize white card themes, introducing
potential noise and systematic bias. We man-
ually verified label coherence on a subset of
cards, finding the labels to be generally con-
sistent and meaningful. However, a more sys-
tematic validation methodology such as inter-
annotator agreement with human raters would
strengthen the reliability of this analysis and
is left as future work.

Player population. The dataset reflects the
preferences of a specific population of CAH
players, who are predominantly Western and
self-selected. Broader coverage of player de-
mographics and cultural backgrounds would
be needed to generalize our human alignment
findings.

Western model bias. Four of the five models
— GPT, Gemini, Claude, and Grok — are de-
veloped primarily in a Western context, and
their humor profiles may reflect cultural biases
embedded in their training data and alignment
procedures. DeepSeek is the only exception,
though a single non-Western model is insuffi-
cient to draw cross-cultural conclusions.
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A Datasets Details A.3 Topic annotation prompt

White cards were annotated with topics using the

A.l CAH Gameplay dataset following prompt, passed to Mixtral 8x7B.

The raw dataset had 148,497 past games (rounds).
There are 501 unique black prompt cards and 2074
white punchline cards, resulting in 1,484,970 possi-
ble unique jokes (where a joke is the result of filling
in the blank of the prompt card with a punchline).

”? You are an expert annotator labeling "white
cards” from Cards Against Humanity for humor
research.

### TASK Analyze the input card and return a
JSON object matching the schema below.

### OUTPUT SCHEMA (STRICT)

- . {

A2 Topic list selection "topics”: [”slugl”, "slug2"l, // 1-4 items
. . . f TOPICS list

To obtain the list of 15 topics used for the anal- }rom s

ysis, we prompted a version of GPT-5 accessed

through Microsoft Copilot to provide a taxonomy ?#j) TOPICS (use slugs exactly; select

of topics based on the following prompt: “The 1. bodily_functions_gross_out // Anatomy,

following short pieces of text are "white cards"
in the game "Card against humanity". Help me
find a taxonomy of topics they cover, so I can la-
bel them downstream.", followed by white cards.

bodily fluids, gross-out physical humor 2.
sexual_themes // Sexual content: innuendo,
explicit acts, relationships

3. violence_crime_death_threat // Physical
harm, mortality, criminal acts, threats

This prompt was run twice, with two different sam- 4 politics_ideology_society_culture //
} o . Government, activism, social norms, cultural
ples of 100 white cards, yielding two different tax- commentary

onomies which were then harmonized.

5. drugs_alcohol_risky_behavior // Substance
use, addiction, reckless actions

Table 3 provides the resulting list of topics (with 6. pop_culture_media_consumerism  //
their short-hand labels, as used in Figure 5). Celebrities, movies, memes, brands, viral
trends
. . 7. food_eating_consumables // Meals,
Table 3: Topic Labels and Definitions ingredients, dining, consumption
8. animals_nature_creatures // Wildlife,
Label Definition pets, ecosystems, biological refs
- - - 9. absurdism_surreal_nonsensical // Illogical
Bodily/Gross Anatpmy, bodily fluids, gross-out juxtapositions, nonsense, anti-humor
physical humor 10. identity_demographics_traits //
Sexual Sexual content: innuendo, explicit Race, gender, age, disability, sexuality,
acts, relationships nationality
Violence/Crime Physical harm, mortality, criminal 1. family_relationships_everyday  //
acts, threats Parenting,  friendships,  domestic life,
Politics/Society Government, activism, social norms,  gundane interactions
cultural commentary 12. emotional_states_mental_health
Drugs/Risk Substance use, addiction, reckless //  Anxiety, joy, depression, coping,
actiong ) ) psychological framing
Pop Culture Celebrities, movies, memes, brands, 13, supernatural_cosmic_paranormal // Ghosts,
) viral tren.ds ) o aliens, magic, existential cosmic themes
Food/Eating Mealsz ingredients, dining, con- 14, money_work_technology_modern // Jobs,
) sumption ) ) finance, digital life, institutional critique
Animals/Nature Wildlife, pets, ecosystems, biologi- 15, random_objects_miscellaneous // Concrete
cal refs items/concepts not captured above
Absurd/Surreal Illogical juxtapositions, nonsense,

Identity/Demographics
Family/Relationships

Emotions/Mental Health

anti-humor

Race, gender, age, disability, sexual-
ity, nationality

Parenting, friendships, domestic life,
mundane interactions

Anxiety, joy, depression, coping,
psychological framing

### RULES

1. Use slugs exactly as written (underscores,
lowercase, no spaces).

2. Output ONLY valid JSON. No markdown, no
preamble, no extra text.

”

USER_PROMPT_TEMPLATE = ”’

Supernatural/Cosmic Ghosts, aliens, magic, existential ### INPUT CARD
cosmic themes "{card_text}"
Money/Work/Tech Jobs, finance, digital life, institu-
tional critique #i## OUTPUT
Miscellaneous Concrete items/concepts not cap-

tured above

All 2074 unique white cards in the gameplay
dataset were successfully annotated with 1 to 3
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topics. Coherence of the annotations was validated
by the authors. We also note the topic annotation
was done on our final dataset that we’ve gotten after
the round selection.

A.4 Round Selection Details

After applying the filtering criteria mentioned in
Section 3.2, we obtain a dataset of 107,562 unique
rounds. This dataset contains 493 unique black
cards and 2,072 unique white cards, resulting in
1,075,620 possible unique jokes. After randomly
sampling rounds from this filtered dataset, we get
4,947 rounds. Among these rounds, 2,437 can be
mapped to a player with valid identifier; there are
824 such players in the studied dataset.

B Models

We evaluate five conversational large language
models (LLMs) in our experiments:

* gpt-5.2 (OpenAl) (Singh et al., 2025).

gemini-3-flash-preview (Google) (Doshi,
2025).

claude-opus-4-5 (Anthropic) (Anthropic,
2025).

grok-4 (xAl) (xAl, 2025).

DeepSeek-V3.2 (DeepSeek) (Liu et al.,
2025).

This selection reflects the current landscape of fron-
tier LLMs, covering both open-weight and pro-
prietary systems trained on diverse corpora with
differing alignment objectives. All models were
queried via their respective APIs with a fixed tem-
perature of 0.8, balancing response diversity with
reproducibility, and a maximum output length of
128 tokens, sufficient for the card selection for-
mat required. To isolate humor preference from
instruction-following variability, all models re-
ceived an identical prompt template, described in
Appendix B.1. All outputs were collected between
the 17th of January and the the 10th of March 2026.

B.1 Model Prompting

All models received the same prompt template, in-
stantiated from the black card and white card slate.
No examples or chain-of-thought instructions were
provided, so as to elicit each model’s intrinsic hu-
mor judgment. Models were instructed to respond
with only the number and exact text of their chosen
card to facilitate automated parsing.
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B.1.1 Single-Blank Prompt

For black cards with a single blank, models were
asked to select the funniest card from their hand:

You are playing Cards Against Humanity. It’s
just a game so it’s okay to use profanity and
to be politically incorrect.

Choose the single funniest white card.

Black card:
{black_card}

Your hand:
1. {card_1}
2. {card_2}

Respond ONLY with:
<number>. <exact card text>

where {black_card} is the text of the black card
with the blank represented as an underscore, and
{card_1}. . . {card_N} are the white cards in the
slate (N = 10 in all rounds).

B.1.2 Multi-Blank Prompt

For black cards with two blanks, a target slot was
designated (BLANK #1 or BLANK #2) and mod-
els were asked to fill only that slot. This keeps the
response format consistent across all rounds and
allows positional effects to be analyzed indepen-
dently. It does not capture combinatorial humor
arising from the interaction between two cards.

You are playing Cards Against Humanity. It’s
just a game so it’s okay to use profanity and
to be politically incorrect.

Choose the funniest white card to fill BLANK
#{target_slot}.

Black card:
{black_card}

Your hand:
1. {card_1}
2. {card_2}

Respond ONLY with:
<number>. <exact card text>

where {black_card} is the text of the black
card with blanks represented as underscores,
{target_slot} is either 1 or 2 indicating which
blank to fill, and {card_13}. . . {card_N} are the
white cards in the slate (/N = 10 in all rounds).

B.2 Models Abstentions

Not all models engaged with every round. Gemini
exhibited a notably higher abstention rate, produc-



ing null or failed picks in 280 rounds (2.8% of its
total records), likely reflecting its content modera-
tion filters triggering on CAH’s characteristically
offensive prompts. All other models showed near-
zero failure rates: GPT, Claude, and DeepSeek
recorded no null picks whatsoever. Grok produced
only 2 failed picks. One of the fails was caused
by a connection error rather than a content refusal.
These abstentions were excluded from downstream
analyses to ensure that win rate comparisons re-
flect genuine card selection behavior rather than
differential willingness to engage with the game’s
content.

C Explaining LLM Humor Behavior
Details

We showcase the distribution of model picks across
the slate positions in Figure 6. All five models
deviate from the uniform baseline, confirming the
presence of positional bias across the board.

D Baselines predicting human behavior

In the absence of proper inter-annotator agreement
measures in the CAH Lab Gameplay dataset, we
construct two simple baselines (a card popularity
baseline, and boosted tree predictions of human
choices) to better contextualize the accuracy rates
achieved by different LLMs, building on previous
work exploration of human humor prediction in
CAH (Ofer and Shahaf, 2022). Both baselines are
trained on a training set of 84,110 CAH rounds,
obtained by removing from the CAH Gameplay
dataset all LLM-annotated rounds, and data from
any players who participated in these rounds (when
player IDs were known).

The first baseline predicts white card choices
based on their winrates in a training set (disregard-
ing associated black cards). Despite its simplicity,
this strategy was noted to be a strong baseline (Ofer
and Shahaf, 2022), outperforming more elaborate
modeling attempts in predicting human choices
when card position information is not available, as
is the case in the dataset.

The second baseline trains an XGBoost classifier
on human choices to predict winning white cards
in a given round. The learning task is formulated as
a binary classification objective at the card-option
level. Each row corresponds to a white card in
a given round, with a binary label y € {0,1} in-
dicating if it was picked that round. Features de-
scribing the card-round combination are: i) a 384-
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dimensional embedding of the white card text; ii) a
384-dimensional embedding of the black card text;
1ii) the 15-topic annotations for the white card, lead-
ing to a total of 783 features. White and black card
embeddings are obtained using a Sentence-Bert em-
bedding of the card texts using all-MiniLM-L6-v2.
To compute test accuracies, we simply compare
the card with highest predicted pick probabilities
in the round to the actual human choice. Hyperpa-
rameters are tuned via scikit-learn’s Randomized-
SearchCV (50 iterations, 3-fold stratified CV) opti-
mizing ROC-AUC; considered options are listed in
Table 4. The final model is refit on the full training
set.

Table 4: Hyperparameter Search Space for XGBoost
Baseline

Search Values

100,150,200,250,300

Hyperparameter

n_estimators

max_depth 4,5,6,7,8
learning_rate 0.05,0.08,0.1,0.15,0.2
min_child_weight  3,5,7,10
scale_pos_weight 7,8,9,10,11
subsample 0.7,0.8,0.9,1.0
colsample_bytree  0.7,0.8,0.9,1.0
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Figure 6: Distribution of model picks across slate positions (N=10). Each bar represents the proportion of rounds in
which a model selected the card at a given position, aggregated across all rounds and replicates. Under the null
hypothesis of no positional bias, picks would be uniformly distributed at 0.10 (dashed line).
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