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Abstract

Understanding why a New Yorker cartoon caption fits
an image is a demanding test of multimodal intelligence: a
model must not only see the cartoon but also get the joke.
In the contest’s five-way matching task, the input is a car-
toon, a human-written scene description, and five candidate
captions, and the output is the caption that belongs with the
cartoon. The best published model reaches only about 62%
accuracy on this task, while expert humans reach about
94%.

We ask whether that gap can be closed by stronger repre-
sentations alone, or whether it reflects a need for candidate-
level reasoning. Across CLIP baselines, fine-tuning, larger
embedding models, and gated cross-attention that enriches
image and caption embeddings with the scene description,
no representation-focused method reliably breaks the 61–
62% band, and a knowledge-rich encoder reaches that ceil-
ing with no training at all. Frontier vision–language mod-
els approach human performance, but they change scale,
encoder, scoring, and reasoning at once, so we treat them
as an upper-bound probe rather than a controlled ablation;
our controlled reasoning-style interventions help weak en-
coders but quickly saturate. Caption matching, in short, is
not just about embedding cartoons and captions closer to-
gether, but about reasoning over the scene, the incongruity,
and why one caption fits best—getting machines in on the
joke will take more than better representations.

1. Introduction

Understanding why a cartoon is funny is a demanding
test of multimodal intelligence. It asks a model not merely
to recognize what is drawn, but to connect the scene to an
unstated, often absurd premise that makes a caption land.
The New Yorker Caption Contest matching task, introduced
by Hessel et al. [7], gives this challenge a concrete form:
given a cartoon, a description of its scene, and five can-
didate captions (one correct caption and four distractors

Annotation (from description): identical-looking men entering a
room; a woman on the phone stares at them. uncanny: all the men look
the same; this is not possible.
Candidates: (A) “On second thought, bring the name tags.” (B) “I
guess this rules out a church wedding.” (C) “In our opinion, you won’t
make it past the holidays.” (D) “This way, it’s a business trip.”
(E) “Remind me to close the curtains tonight.”
Figure 1. A matching instance (Contest #584). Given the cartoon,
a human scene annotation, and five candidate captions, one true
winner (A, bold) and four distractors drawn from other contests,
the model must select the winner. Chance is 20%.

drawn from other contests), select the caption that best fits
(Fig. 1). It is a deceptively simple setup that turns on the
hardest part of humor: the hidden connection between the
image and the joke.

What makes the task scientifically useful is a striking
and still not fully explained gap. The strongest method in
the original study reaches only about 62% accuracy, while
expert humans reach about 94% [21]. Is the bottleneck
representation (how faithfully an encoder embeds cartoons
and captions into a comparable space) or reasoning (the
ability to work out why a particular caption resolves the
scene’s incongruity)? The two diagnoses point to very dif-
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ferent research directions, yet prior work does not fully sep-
arate them. This paper tests that distinction and finds that
representation-focused methods saturate well below human
performance.

Input and output. The input to our algorithm is a
cartoon image I , a textual scene annotation D, and five
candidate captions C = {c1, . . . , c5}; the output is a
predicted label ŷ ∈ {0, 1, 2, 3, 4} identifying the best-
matching caption. We attack the representation-versus-
reasoning question from three directions: we build and ab-
late a CLIP-based cross-attention model that enriches the
image and each candidate caption with the scene description
before scoring; we sweep several representation-side design
choices, including encoder scale, resolution, scoring rule,
encoder family, and fine-tuning; and we probe reasoning-
capable frontier vision–language models and training-free
reasoning-style caption expansion, with leakage controls to
keep the comparison honest.

2. Related Work
The benchmark. Hessel et al. [7] introduced the New

Yorker Caption Contest as three tasks (matching, quality
ranking, and explanation) and found a large gap between
models and humans; we build directly on their matching
task and reproduce their strongest configuration. Zhang et
al. [21] scaled the contest to over 250 million human ratings
and showed that even GPT-4 and Claude underperform top
human contestants at generating captions, with alignment
methods such as RLHF and DPO failing on this creative
task; their crowd data establishes the human-expert ceiling
(94.3%) we use as our upper anchor.

Vision underutilization. A recent survey, “Words
Over Pixels” [8], documents a broad pattern in multimodal
LLMs: they often lean on textual cues and underuse vi-
sual information. Our results are consistent with that obser-
vation but sharpen it for this benchmark: visual represen-
tation alone does not appear to be the binding constraint;
candidate-level reasoning accounts for much of the remain-
ing gap.

Representation backbones. Our models use CLIP [13]
as a unified image–text encoder. We also evaluate al-
ternatives along the representation axis: OpenCLIP en-
coders trained on LAION-2B [3], whose own scaling
study found that the pretraining distribution, not merely
scale, drives downstream behavior, matching our finding
that these larger-corpus encoders underperform the origi-
nal CLIP here; SigLIP 2 [17], a newer multilingual en-
coder family; and Gemini Embedding 2 [6], a natively-
multimodal embedding model that reaches our representa-
tion ceiling with no task-specific training.

Cross-modal fusion. Our gated cross-attention enrich-
ment builds on the transformer attention mechanism [18]
and the established line of vision–language fusion mod-

els (ViLBERT [11], LXMERT [16], and BLIP-2 [9]) and
the instruction-tuned models such as Flamingo [1] and
LLaVA [10] from which today’s frontier systems descend.
Our own components are standard: a ViT image encoder [5]
and, for the text-only baseline, DistilBERT [14].

Humor as structured reasoning. Incongruity-
resolution accounts of humor hold that “getting” a joke
means detecting an incongruity and then resolving it [15,
2, 4]; this is the conceptual basis for our hypothesis and
for framing the task as reasoning. Most computational
work nevertheless treats humor as black-box prediction.
A notable recent exception is the Incongruity-Resolution
Supervision framework of Vural et al. [19], which, like
us, casts humor understanding as structured incongruity-
resolution reasoning and supervises intermediate reason-
ing traces. Our contribution is complementary and di-
agnostic: rather than supervising reasoning, we compare
representation-focused variants against reasoning-capable
systems to estimate where the remaining matching gap lies.
More broadly, the nuanced picture emerging from this lit-
erature, and reinforced by our results, is that current multi-
modal models can reliably perceive and describe a cartoon,
yet still struggle with the cultural and inferential leap that
makes a caption funny—which suggests the harder part lies
more in reasoning than in perception.

3. Methods

3.1. Problem formulation and metrics

We treat caption matching as 5-way classification. The
input is a cartoon image I , a textual scene annotation D,
and a set of five candidate captions C = {c1, . . . , c5}, ex-
actly one of which is the correct caption for that cartoon;
the other four are real winning captions drawn from other
contests. The output is a label y ∈ {0, 1, 2, 3, 4} identifying
the matching caption. We formulate matching as a scoring
problem: a model assigns each candidate a scalar compati-
bility score with the cartoon, optionally conditioned on the
annotation,

si = fθ(I, D, ci) ∈ R, i = 1, . . . , 5, (1)

Every candidate is scored independently against the same
(I,D) context, and the model predicts ŷ = argmaxi si.
In our CLIP-style models, si is a temperature-scaled co-
sine similarity between image and caption embeddings; in
the text-only and frontier baselines, it is produced by the
corresponding scoring procedure. We train with a label-
smoothed five-way softmax cross-entropy over the candi-
date scores (ε = 0.1),

pi =
exp(si)∑5
j=1 exp(sj)

, L = −
5∑

i=1

ỹi log pi, (2)
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with ỹy = 1 − ε + ε/5 and ỹi ̸=y = ε/5. Chance is 20%.
The original benchmark distinguishes a From-Pixels set-
ting, where the model sees the rendered cartoon, from a
From-Description setting, where human annotations stand
in for visual understanding. Our cross-attention models use
both the cartoon image and the provided scene annotation,
treating D as auxiliary semantic context rather than as a re-
placement for the image.

Our primary metric is matching accuracy, the fraction of
items for which the model picks the true winner. Because
the test split is small (N=528), we attach a 95% Wilson
confidence interval [20] to each accuracy (a form that stays
reliable for proportions on small samples), and we compare
two systems on the same items with the exact McNemar
test [12], which asks whether they truly differ on the items
where their answers disagree. This guards against reading
seed-level noise as a real effect, since our systems cluster
tightly.

3.2. Representation: CLIP backbone and gated
cross-attention enrichment

Design principles. All of our trained models share
a single CLIP ViT-L/14 backbone [13] for both modali-
ties. A unified, contrastively-pretrained encoder is what
makes cross-modal attention meaningful: separately pre-
trained vision and text models would require learning addi-
tional alignment from very little data, making cross-modal
attention unstable. For the same reason we keep CLIP’s na-
tive dimension and its cosine scoring rather than learning a
new head. Projecting to a lower dimension or relearning the
score risks destroying the calibrated geometry that already
gives ∼61% for free, and with only ∼700 unique cartoons
(§4) a heavier trainable fusion would overfit. We therefore
add only a lightweight gated cross-attention module that the
model can learn to ignore if it does not help.

Hypothesis. Plain CLIP scores image and caption inde-
pendently and never consults the scene. The benchmark’s
from description annotation, however, encodes the
incongruity that makes a cartoon funny—a scene descrip-
tion plus an explicit uncanny: clause naming what is ab-
surd. Grounded in incongruity-resolution accounts of hu-
mor [15, 2, 4], we hypothesized that cross-attending to this
annotation before scoring would let the matcher exploit an
incongruity signal that cosine discards, and so break the
ceiling.

Architecture. The CLIP image encoder produces im-
age hidden states, and the CLIP text encoder produces token
states for the annotation D and for each candidate ci (D and
the captions are tokenized to 77 tokens with the CLIP tok-
enizer; the uncanny: clause survives this cap). A cross-
attention block CA(X,Y ) lets a query stream X attend to
a context Y via multi-head attention with residual connec-
tions and layer norm, stacked over ℓ=2 layers. Crucially,

in our design the annotation D is the shared key/value for
both branches: image tokens attend to D, and each candi-
date caption independently attends to the same D; the im-
age and captions never attend directly to each other (Fig. 2).
The image branch enriches the image embedding hI with
scene context,

h̃I = CA(hI , D), ĥI = αimg h̃I+(1−αimg)hI , (3)

where αimg = σ(gimg) is a learned scalar gate; ĥI is
passed through CLIP’s visual projection and ℓ2-
normalized to give zI . The caption branch (added in the
dual variant) enriches each candidate against the same an-
notation, in CLIP’s native text dimension with no projection
(caption and annotation already share the text space),

c̃i = CA(ci, D), ĉi = αcap c̃i + (1− αcap) ci, (4)

followed by CLIP’s text projection and normaliza-
tion to give zci . Scoring is the temperature-scaled cosine
similarity in CLIP’s aligned space, si = t z⊤I zci , with t a
learned temperature (CLIP’s logit scale).

Design progression. We reached the final model in
three steps, each fixing what the previous one exposed. Im-
age enrichment (v3.1) enriches only the image; dual en-
richment (v3.2, Fig. 2) adds the symmetric caption branch
described above; and early projection (v3.3, our best)
changes where the image enrichment happens. v3.1 and
v3.2 cross-attend in CLIP’s raw 1024-d vision space and ap-
ply visual projection afterward, so the gate shapes
a vector that the projection then redistorts, and an un-
trained 768→1024 bridge is needed to lift the 768-d de-
scription into that space. Early projection instead projects
first (patches into the 768-d joint embedding space) and
cross-attends there, the exact space where the cosine score
lives, so the gate shapes the final scoring vector directly and
no projection follows it. Because enrichment now happens
at 768-d, the description is used natively on both branches
and the untrained bridge is removed; the caption branch,
the two gates, and cosine scoring are otherwise unchanged
from v3.2. The two gates’ converged values are revealing,
and we report them in §5; the v3.1 and v3.3 architectures
are shown in Appendix B.

3.3. Probing the reasoning axis

To ask whether the ceiling reflects representation or
reasoning, we add three training-free probes that separate
representation-focused changes from reasoning-capable de-
cision procedures. (i) Caption expansion: a language model
rewrites each candidate into an explicit statement of why
it could be funny in context, and we score a late fusion
α sexpi + (1 − α) scapi of the expanded and original CLIP
scores on the frozen backbone. (ii) Knowledge-rich en-
coder: we swap CLIP for a natively-multimodal embedding
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Figure 2. Our dual cross-attention model (dual enrichment). On a shared CLIP ViT-L/14 backbone, the image patches and each candidate
caption are separately enriched by cross-attending to the human scene description, each behind its own learned gate, before temperature-
scaled cosine scoring and a five-way softmax. The image gate opens to αimg≈0.73 while the caption gate stays inert at αcap≈0.50:
the model reports that half of the dual architecture is unused. The mechanism and the early-projection refinement are described in §3.2;
baselines in Fig. 3.

Cartoon
CLIP image enc
+ visual proj

⇒ zI (768d)

Caption ci

CLIP text enc
+ text proj
⇒ zci (768d)

cosine z⊤I zci
argmax over 5(a)

Description +
caption ci

DistilBERT linear head
score si

argmax over 5(b)

Figure 3. Baseline architectures. (a) CLIP cosine: dual-encoder
similarity with no enrichment, evaluated zero-shot and with fine-
tuning. (b) A text-only DistilBERT scores each description + cap-
tion pair with a linear head (no image). See §5 for results.

model (Gemini Embedding 2) and score zero-shot, with
no training, to test whether a stronger representation alone
moves the ceiling. (iii) Frontier upper bound: we present
the cartoon and all five captions to frontier vision–language
models (GPT-5, Claude Opus, and Gemini 3.5 Flash) in a
single zero-shot choice, with no scene description, to es-
timate how far reasoning-capable systems can reach while
recognizing that they also change scale, encoder, and scor-

ing procedure. We describe this last setup and its controls
next.

3.4. Frontier evaluation and leakage controls

A provider-identical harness gives each frontier model
the cartoon image and the five candidate captions only (no
scene description or human annotation) and asks for one
sentence of reasoning followed by a single-letter answer
(see Appendix C). We run one deterministic pass over the
528-item test split, with Gemini at its highest thinking set-
ting and GPT-5 at low reasoning effort (the latter restricted
due to API latency constraints).

Because the contest is heavily licensed and may sit in
pretraining, the same harness runs two leakage controls.
The blank control replaces the cartoon with a solid gray
square while keeping the five captions, so a model that
scores above chance must be working from the captions
or from memory, not the picture. The shuffle control is
stronger: each item keeps its own captions but is shown
the previous item’s real cartoon, so the correct answer is
the caption for a cartoon the model never sees—a genuinely
vision-grounded model is driven to chance, while a pure
caption-text or look-up shortcut would survive.
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3.5. Training regimes and implementation

Fine-tuning regimes. To separate the contribution of
fine-tuning from that of architecture, we state the training
regimes explicitly and study all of them: (a) zero-shot co-
sine, with no task-specific training; (b) partial fine-tuning,
the default for our enrichment models, which unfreezes the
last 4 vision and last 2 text transformer blocks alongside
the new modules; (c) a frozen-backbone control that trains
only the enrichment head; and (d) a full fine-tune used to
faithfully reproduce the benchmark.

A note on capacity. These models carry far more train-
able parameters than the data can constrain (only ∼700
unique cartoons), so all of them overfit. We document this
and its consequences in §5.

What we implemented. We build on the Hugging-
Face transformers CLIP implementation and pre-
trained weights, and on the HuggingFace distribution of the
benchmark; the CLIP encoders and tokenizer are library
components. Everything task-specific is ours: the gated
cross-attention enrichment modules for both branches, the
early-projection routing, the scoring and label-smoothed
objective, the training and evaluation loops, the reasoning-
fusion probe, and the provider-agnostic frontier-evaluation
harness with its leakage controls.

4. Task and Data

We use the matching configuration of the New
Yorker Caption Contest benchmark [7], distributed
as jmhessel/newyorker caption contest: each
cartoon is paired with five candidate captions and the task is
to pick the contest winner (Fig. 1). Each cartoon also comes
with a human annotation, used by the From-Description
protocol: a literal scene description, an uncanny: clause
naming what is absurd, and a list of salient entities.

We use fold 0 of the benchmark’s five-fold split: 9,792
training, 531 validation, and 528 test instances. One prop-
erty of the data drives everything that follows: these are
(cartoon, candidate-set) tuples, not distinct images. Be-
cause the contest produces only one cartoon per week, the
matching split is built from only ∼700 unique cartoons.
This is a hard structural ceiling—no amount of training adds
new visual jokes—and it is the root cause of the overfitting
we document in §5. For preprocessing we follow each en-
coder’s native pipeline: images are resized to the encoder’s
expected resolution (224, or 336 for the high-resolution re-
production) and normalized with CLIP statistics. Only the
Hessel reproduction uses the light, label-preserving aug-
mentation from that recipe; our cross-attention experiments
use deterministic CLIP preprocessing, since the binding
constraint is the number of distinct cartoons, not pixel-level
variation.

5. Experiments and Results
5.1. Experimental setup

Our primary metric is five-way matching accuracy, the
fraction of examples for which the highest-scoring cap-
tion is the ground-truth caption. We report 95% Wilson
confidence intervals for single-model accuracies and paired
McNemar tests for matched comparisons on the same test
items.

We evaluate on the matching configuration of the bench-
mark (§4). The frontier and reproduction experiments use
CLIP ViT-L/14 at 336×336 with pad-to-square preprocess-
ing (bicubic resize, no center-crop) so the whole cartoon
stays in view; our cross-attention experiments use ViT-L/14
at 224×224. This preprocessing choice is consequential:
the default center-crop sees only the middle of the cartoon
and scores 48.7% zero-shot, whereas pad-to-square recov-
ers ∼62%—a ∼12-point gain from crop handling alone.

Optimization and hyperparameters. All trainable
models use AdamW, 10% linear warmup followed by co-
sine decay, gradient clipping at 1.0, bf16 mixed precision,
and mini-batches of 16 on a single NVIDIA A40. Our en-
richment models use differential learning rates, 3 × 10−5

for newly initialized modules and 3 × 10−6 for unfrozen
CLIP layers; the Hessel reproduction full-fine-tunes CLIP
at 5 × 10−6. We tuned only regularization (weight decay
0.05, dropout 0.15, label smoothing 0.1, and freezing all
but the last 2–4 encoder layers) because the model other-
wise reached 100% training accuracy within a few epochs.
We keep the best-validation checkpoint by early stopping.

Cross-validation. A single 528-item split is noisy at
this dataset size, so for our representation-ceiling models
we also run the benchmark’s native 5-fold cross-validation.
Our strongest zero-shot encoder, Gemini Embedding 2,
scores 62.2% ± 1.85% across folds (pooled 62.2%, 95%
Wilson CI [60.3, 64.0], consistent with its 61.2% single-fold
result in Table 2); the remaining systems are reported on the
standard single test fold. Chance is 20% and a strong human
solver reaches ≈ 94% [21].

5.2. The representation ceiling

Custom architectures do not significantly beat CLIP-
style cosine scoring. Table 1 compares our trained mod-
els (baseline designs in Fig. 3). Zero-shot CLIP co-
sine (image + caption) already reaches 48.7%, and a
description+caption text model with no image reaches the
same 48.7%. Under these baselines, the text-only signal
is competitive with zero-shot image+caption CLIP. Partial
fine-tuning and cosine scoring (FT-cosine) helps substan-
tially, raising CLIP cosine to 58.5%; but our three cross-
attention variants (image, dual, and early-projection) re-
main in the same band at 58.3/59.3/60.4%. All trained vari-
ants are statistically tied under paired McNemar. Early pro-
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Table 1. Trained models on the matching task (CLIP ViT-L/14,
n=528 test). All trained variants are statistically tied under paired
McNemar—within this saturated, small-data regime, no architec-
ture we tried beats plain cosine.

Model Test acc. (%)

Random chance 20.0
Description + caption (DistilBERT) 48.7
CLIP cosine, image + caption (zero-shot) 48.7
CLIP cosine, image + caption (fine-tuned) 58.5
Image enrichment 58.3
Dual enrichment 59.3
Early projection 60.4

jection is nonetheless our strongest and the one we carry
forward (§3.2): projecting before enriching lets the gate act
directly in the 768-d joint scoring space and removes the
untrained up-projection bridge, the cleanest of the three de-
signs, though its edge over the dual and image variants stays
within that McNemar noise. One caveat matters for how we
read this: every trained model saturates the tiny training set
(§5.4), so the fair conclusion is that the cross-attention ma-
chinery buys nothing in this small-data regime—not that ar-
chitecture could never help given more cartoons. (Two fine-
tuned CLIPs recur below: the partial FT-cosine at 58.5%
here, and a full fine-tune at 336px that reproduces Hessel,
the Hessel-repro at 61.2%, in Fig. 4.)

No representation-focused variant breaks ∼61–62%.
Figure 4 tests the main representation-side choices avail-
able to us (all From-Pixels). A faithful reproduction of Hes-
sel et al. [7] (full fine-tune, CLIP ViT-L/14@336) reaches
61.17% with a 95% interval of [57.0, 65.2] that contains
their reported 62.3%—we reproduce the benchmark. Drop-
ping resolution to 224 costs almost nothing; swapping
in LAION-2B encoders [3] lowers accuracy despite far
larger pretraining, token-level MaxSim scoring underper-
forms pooled cosine, and SigLIP 2 [17] reaches only ∼48%.
Scale, resolution, scoring granularity, and pretraining cor-
pus all leave the ceiling near 61%, suggesting that pretrain-
ing distribution matters more here than scale alone.

A knowledge-rich encoder reaches the ceiling for free.
Swapping CLIP for Gemini Embedding 2 and scoring zero-
shot, no training at all, reaches 61.17% [57.0, 65.2], on
par with our Hessel-repro CLIP. This suggests the 61–62%
plateau is not an artifact of our fine-tuning procedure: a
stronger pretrained embedding model reaches it immedi-
ately, but does not move beyond it.

The gates show asymmetric use of the description.
The early-projection model’s learned gates are interpretable
and reproduce across runs: the image gate opens to
αimg=0.73 (scene context genuinely helps image scoring)
while the caption gate remains at its neutral initialization,
αcap=0.50 (the model does not learn to rely on caption-

Figure 4. Representation-side design choices fail to break the
∼61–62% ceiling against the 62.3% Hessel reference line. Larger
pretraining (LAION-2B), higher resolution, token-level scoring
(MaxSim), and a different encoder family (SigLIP 2) do not move
the ceiling; the pretraining distribution does.

side enrichment). The model itself reports that half of the
dual architecture is inert.

5.3. Reasoning-capable systems break the ceiling

Frontier models clear the wall. Table 2 reports zero-
shot frontier accuracy on the same 528 items. Where no
representation-focused method exceeds the 61–62% band,
Gemini 3.5 Flash reaches 93.56% [91.1, 95.4], with GPT-
5 at 87.88% and Claude Opus 4.7/4.8 at 82.01/80.87%—
approaching the ≈ 94% human level. (That human number
is an imported anchor from Zhang et al. [21], measured on
different cartoons, not on our 528 items.) The gap that no
representation-focused method could close, these systems
close almost entirely. We read this cautiously: the frontier
models differ from our trained models in several ways at
once: their own stronger encoders, a joint forced choice that
weighs all five captions together rather than scoring each by
cosine, and far greater scale. So the jump reflects that com-
bination, not reasoning in isolation. The ordering is also
not a clean capability ranking (a fast model tops two larger
ones), which, as we discuss next, is also consistent with the
models having seen differing amounts of this licensed cor-
pus.

How much is grounding, how much exposure? Be-
cause the contest is heavily licensed and likely appears in
pretraining, we test whether frontier accuracy reflects gen-
uine grounding. Two controls rule out the simplest short-
cuts: a blank image drops Gemini to chance (22% on a 50-
item probe) and the shuffle control (its own captions over
the wrong cartoon, on the full 528 items) drops it to 19.89%,
so the 93.56% depends on seeing the right cartoon—the
model is neither guessing from captions alone nor ignoring
the image.

Gemini shows signs of contest exposure—but it does
not help it cheat. The blank control is revealing: where
GPT-5 and Claude (each on a 100-item blank probe) mostly
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Table 2. Zero-shot frontier models against our best representa-
tion model and an imported human anchor (image + 5 captions,
n=528; the human number is from Zhang et al. on different car-
toons). Intervals are 95% Wilson on our 528-item test split; a dash
marks figures imported from prior work (the Hessel reference and
the human anchor), not measured here. These systems close most
of the gap no representation-focused method could—a combina-
tion of representation, joint reasoning, and scale (see text).

Model Acc. (%) 95% CI

Hessel et al. ref [7] 62.3 —
Early projection (ours) 60.4 [56.2, 64.5]
Gemini Embedding 2 (0-shot) 61.2 [57.0, 65.2]
Claude Opus 4.8 80.9 [77.3, 84.0]
Claude Opus 4.7 82.0 [78.5, 85.0]
GPT-5 87.9 [84.8, 90.4]
Gemini 3.5 Flash 93.6 [91.1, 95.4]
Human expert [21] 94.3 —

admit they cannot see an image and then guess, Gemini
reaches into pretraining—of its 50 blank responses, roughly
a fifth invoke “winning caption” or finalist look-up language
and a few cite specific Contest #NNN numbers, direct evi-
dence that the dataset sits in its training data. Yet the recall
is inert as a shortcut: blank accuracy stays at chance and
the shuffle control collapses Gemini to 19.89% even with a
real (wrong) cartoon in view. Recall lets it recite captions;
only seeing the correct cartoon lets it answer, so the 93.56%
reflects genuine visual grounding, not retrieval.

We still cannot fully exclude that recognising a particular
cartoon–caption pair helps on some items, since that would
pass both controls; the clean test is a temporal holdout on
cartoons published after each model’s training cutoff, which
we leave to future work. We therefore read the frontier num-
bers as an upper bound on what reasoning-capable systems
reach, not as a pure measure of reasoning.

Training-free reasoning helps, partially. Figure 5
adds an LLM caption-expansion step and late-fuses its
score with CLIP’s on the frozen backbone. It helps
significantly: From-Pixels rises from 49.43% to 56.44%
(+7.0pp, McNemar p=10−4) and From-Description from
35.23% to 49.05% (+13.8pp, p<10−4). The optimal fusion
weight flips with the query modality (From-Pixels peaks at
α=0.25, From-Description at α=0.75): when the model al-
ready sees the image it needs little textual reasoning, when
it sees only text it needs much more. Stacking the same
expansion on the stronger Gemini encoder, however, adds
only +3.4pp (61.17% → 64.58%) and does not reach
significance (p=0.06): on an encoder that already carries
world knowledge, the reasoning step has largely saturated.
(We run many paired comparisons in this paper, so we read
an isolated result near p=0.05 as suggestive, not conclu-
sive.)

Figure 5. Late-fusion weight α between the LLM caption-
expansion score and CLIP’s. The optimum flips with the query
modality (α=0.25 From-Pixels vs. α=0.75 From-Description),
reflecting how much textual reasoning each protocol needs.

Prompt-level reasoning is not enough. A structured
chain-of-thought scaffold (describe → enumerate the in-
congruity → judge each candidate) on GPT-5 does not
help: 86.55% vs. 87.88% direct, a non-significant −1.33pp
(paired McNemar p=0.35). The reasoning that closes the
gap is the model’s own internal, decision-level reason-
ing, not an external prompt structure—consistent with the
embedding-level result that injected reasoning saturates.

5.4. Overfitting is structural

All enrichment models reach 100% training accuracy
within two epochs while validation plateaus near 60%—
a ∼40pp gap—and the label-smoothed cross-entropy hits
its theoretical floor (≈ 0.39) just as fast, leaving no resid-
ual gradient. The cause is the data, not the model: the
matching split is built from only ∼700 unique cartoons.
A frozen-backbone control makes this concrete—freezing
CLIP cuts trainable parameters from 92M to 26M yet leaves
test accuracy essentially unchanged (57.6 vs. 58.3%), so
the overfitting lives in the lightweight head, not the back-
bone. Standard mitigations (label smoothing, dropout,
weight decay, early stopping) stabilize training but do not
raise the plateau, because the ceiling is set by the num-
ber of distinct cartoons, not by regularization. The same
saturation underlies a related null result: varying what the
early-projection model attends to (nothing, the scene, the
uncanny: clause, or the full human rationale) moves test
accuracy only within the ±1.3pp seed band, so within this
regime added scene access does not help (consistent with
the inert caption gate reported above).

5.5. Error analysis

The failures are consistent with a reasoning gap rather
than a perception gap. Consider Contest #575 (see Ap-
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Table 3. Per-model predictions on a hard “hidden-connection”
item (Contest #575; gold = B, ⋆). Each representation model,
including our early-projection model, lands on a different distrac-
tor, while both frontier reasoners recover the winner.

Candidate caption Picked by

A. Evolution can be so tacky. CLIP (0-shot)
B. Let’s pick up the pace. They’re billing by the
hour. ⋆

GPT-5, Gemini

C. Well, five acres of popcorn back there says you
were.

—

D. I’m sure it works. I was involved in the origi-
nal research.

Early-proj.

E. Just water for me, thanks. CLIP (FT)

Figure 6. The representation–reasoning decomposition (test set,
n=528). Accuracy climbs from chance (20%) toward the human
level (94.3%) in two stages. Refining representation, from zero-
shot CLIP cosine (48.7%) to the Hessel reproduction or a natively-
multimodal encoder (both ∼61%), gains roughly 12 points and
then saturates. Frontier vision–language models (87.9–93.6%)
close most of the rest, combining stronger representation, joint
reasoning over the candidates, and scale; a controlled training-free
reasoning step (64.6%) helps only modestly.

pendix A, Figure 7), in which armored conquerors on horse-
back lead a long column of suited businessmen across
a plain; the winning caption—“Let’s pick up the pace.
They’re billing by the hour.”—bridges the ancient-conquest
scene to modern corporate billing, an unstated connection
between two incongruous domains. Table 3 shows each
model’s pick. Every representation model (zero-shot CLIP,
fine-tuned CLIP, and our early-projection model) lands on a
different distractor by matching surface content, while both
frontier reasoners recover the winner. The case is represen-
tative: across the 183 such hard items in the test split, the
early-projection model misses 58.5% (107/183). The pat-
tern holds throughout—representation locates what is in the
cartoon; only reasoning recovers why a caption resolves it.

5.6. Discussion

Our results split the climb from chance to the human
level into two parts (Fig. 6). Representation saturates early:
zero-shot CLIP at the default center-crop reaches 48.7%,
and representation-side improvements (pad-to-square pre-

processing, fine-tuning, and a stronger encoder) reach a
ceiling near 61% (the Hessel reproduction and a natively-
multimodal encoder both land there), a gain of roughly 12
points that no representation-side design choice we tried re-
liably breaks. A representation tells the model what is in
the cartoon, and the controls confirm it is genuinely used.
The second part, from ∼61% to the ∼94% frontier systems
reach, we resist attributing entirely to “reasoning”: those
systems change encoder, scoring (a joint choice over all five
captions, not independent cosine), and scale at once, so the
jump is best read as that bundle. What we can isolate about
reasoning comes from the controlled probes.

What the controlled probes say. Three controlled
probes point the same way: adding an explicit reasoning
step (caption expansion) helps a weak encoder (+7pp) but
barely a strong one; a chain-of-thought prompt does not
help a frontier model with headroom; and giving our own
model the full human rationale does not help at all. The
missing ingredient is the model’s own internal reasoning
about why a caption resolves the scene. Caption matching is
thus better seen as a reasoning task with a visual-grounding
requirement than a representation task: the grounding is
necessary but easy to reach, which is why representation-
centric methods plateau far below human performance.

Why a Flash model tops the table. Gemini 3.5 Flash’s
lead should not be over-interpreted as a clean capability
ranking. Its performance may reflect both stronger native
multimodal grounding and greater exposure to the licensed
contest corpus.

6. Conclusion
We asked whether New Yorker caption matching is bot-

tlenecked by representation or reasoning. Representation-
focused methods saturate near 61–62%: fine-tuning, larger
pretraining, alternative encoders, and our cross-attention
enrichment all remain in that band, while a knowledge-rich
encoder reaches it with no training. Frontier systems close
most of the gap to the ∼94% human anchor, suggesting that
joint candidate-level reasoning and scale, not representation
alone, drive the remaining improvement.

These conclusions come with limitations. Our strongest
models are closed API systems, which constrains repro-
ducibility; our trained models overfit the small set of unique
cartoons regardless of regularization; and although our con-
trols rule out the simplest shortcuts, the benchmark’s licens-
ing means we cannot fully exclude that some frontier accu-
racy is recognition rather than reasoning. The cleanest next
steps are a temporal holdout on post-cutoff cartoons to settle
contamination, and an open-weight vision–language model
to make the reasoning claim reproducible and analyzable.
Teaching a model to truly get the joke, it seems, is not just
about how it sees the cartoon, but about how it reasons over
what it sees.
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Appendix

A. Additional Cartoon Examples
To give a fuller sense of the cartoons the matching task

draws on, we show a few more examples. Figure 7 is the
cartoon behind the error analysis in §5, which the text only
describes; Figure 8 shows two further cartoons that illus-
trate the range of scenes, drawing styles, and visual gags a
model must handle.

Figure 7. Contest #575, the cartoon behind our error analysis. Ar-
mored conquerors on horseback lead a column of suited business-
men across a plain; the winning caption—“Let’s pick up the pace.
They’re billing by the hour.”—bridges the ancient-conquest scene
to modern corporate billing. Every representation-only model in
our study misses this unstated connection; both frontier reasoners
recover it.

“Let’s just go with the open floor plan.” “Looks like you’re already familiar with the side effects.”
Figure 8. Two further cartoons with their winning captions (Contests #667, left, and #700, right). The humor turns on incongruities that
are easy for a person to see but hard to state—part of what makes the matching task a test of reasoning rather than perception.
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B. Architecture details
The body shows our dual model (Fig. 2). For completeness, Fig. 9(a) shows the image-only predecessor (v3.1), which

enriches only the image branch and leaves the captions as plain CLIP, and Fig. 9(b) shows the early-projection model (v3.3,
our best), which applies visual projection before cross-attending (so both branches enrich in the 768-d joint scoring
space) and drops the untrained 768→1024 description bridge (§3.2).

(a) Image enrichment (v3.1)

(b) Early projection (v3.3, our best)

Figure 9. Architecture variants bracketing our dual model (Fig. 2). (a) Image enrichment (v3.1): only the image attends to the scene
description; the candidate captions pass through plain CLIP (single learned gate αimg≈0.73). (b) Early projection (v3.3, our best):
visual projection is applied first, so both branches cross-attend in the 768-d joint scoring space and the untrained 768→1024
bridge is removed; the caption branch, the two gates, and cosine scoring are otherwise as in v3.2.
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C. Frontier Evaluation Prompt
Every frontier model received the identical zero-shot

prompt below, together with the cartoon image and the five
candidate captions; no scene description was provided.

This image is a cartoon from The New
Yorker Cartoon Caption Contest. Below
are five candidate captions labeled
A through E. Exactly one of them is
the caption that was actually paired
with this cartoon; the other four are
distractors from other cartoons. Choose
the single caption that best matches THIS
cartoon.

A. [caption A] ... E. [caption E]

Give exactly ONE sentence of reasoning
inside <think></think>, then your
final choice as a single letter inside
<answer></answer>.

The answer is parsed by preferring the contents of
<answer>, then a trailing “answer: X,” then the last lone
A–E letter in the reply. The chain-of-thought variant (§5)
keeps this format but inserts a three-step instruction before
the answer (describe the scene, name the incongruity, then
judge each candidate) rather than a single sentence of rea-
soning.
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