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Abstract

Multimodal sarcasm detection aims to iden-
tify sarcasm in image–text posts by capturing
how visual content changes the interpretation
of short informal text. Existing methods have
advanced the task through multimodal fusion,
caption-based cues, and fact/sentiment incon-
gruity modeling, but their evidence use is often
controlled inside latent feature channels or re-
duced discrepancy scores. This makes it diffi-
cult to decide which visual information should
be selectively weighted for a particular post.
We propose CAFE, a caption-anchored feature
enrichment and evidence routing framework
that decides how to use visual evidence for
each sample under ambiguity. CAFE enriches
each image with two generated descriptions—
one for visible facts and one for the image–
text relation—then estimates how useful each
description is for the current post and fuses
caption-calibrated contrast evidence with di-
rect cross-modal evidence for prediction. Ex-
periments show that CAFE achieves state-of-
the-art performance on the primary MMSD2.0
benchmark with 87.81±0.33% F1 (mean over
5 seeds). Component ablations on the original
MMSD provide an additional evaluation.

1 Introduction

Image–text posts on social media often convey
meaning through the interaction between visual
content and short informal text. In such posts,
the image may provide context, irony, or an im-
plicit stance that is not explicitly stated in the text.
Multimodal sarcasm detection therefore requires
more than recognizing visual objects or textual sen-

*Warning: This paper contains real social-media exam-
ples of sarcasm that may include offensive language or sensi-
tive topics. They are presented solely for scientific illustration
and do not reflect the views of the authors.

Figure 1: Evidence flow in CAFE: grounded generation
produces factual and relational descriptions, utility cali-
bration estimates their sample-specific usefulness, and
the detector combines calibrated evidence with cross-
modal cues.

timent; it requires judging how visual evidence
changes the interpretation of the post.

A central challenge is that image–text mismatch
is not equivalent to sarcasm. Many non-sarcastic
posts contain decorative, humorous, or loosely re-
lated images, where the visual content may appear
weakly aligned with the text but does not express a
sarcastic intent. Conversely, sarcastic posts often
rely on a specific visual cue that reverses, reframes,
or sharpens the literal meaning of the text. Thus,
the difficulty is not merely to measure whether the
image and text are discrepant, but to determine
whether a visible cue provides decision-relevant
pragmatic evidence for the current post. A deco-
rative image, a humorous meme template, and a
sarcasm-bearing visual cue may all appear weakly
aligned with the text, but they require different
treatment by the detector.

Existing methods can be broadly divided into
two progressive categories. Early works adopt mul-
timodal fusion methods, which combine textual
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features, visual features, and image attributes to
exploit visual context beyond text-only sarcasm de-
tection (Schifanella et al., 2016; Castro et al., 2019;
Cai et al., 2019). These methods demonstrate that
images are useful for sarcasm recognition; how-
ever, the fused representation is usually implicit
and does not indicate which visual contents are ac-
tually useful for a given prediction. To address this,
recent works propose incongruity-aware methods
that add view-specific channels—factual, affective,
topological, or graph-structured—on top of the en-
coder and combine them through routing, graph
reasoning, tension fields, or multi-view contrastive
learning (Tian et al., 2023; Zhu et al., 2024; Gao
et al., 2025; Zhang et al., 2025; Guo et al., 2025;
Li et al., 2025). These methods have substantially
improved cross-modal representation learning by
measuring richer forms of mismatch. At the same
time, many of them operate after heterogeneous
visual evidence has already been compressed into
latent channels, interaction vectors, or discrepancy
features. We argue that understanding multimodal
sarcasm also requires an earlier evidence qualifica-
tion step: before the detector relies on a mismatch
signal, it should assess what role the underlying
visual evidence plays in the current post and how
reliable that evidence is for the decision.

This view suggests that multimodal sarcasm de-
tection is not only a representation problem but
also an evidence-routing problem: given a concrete
post, the model has to decide which piece of visual
evidence is worth attending to for this decision, be-
fore the evidence is combined. A natural way to
make visual evidence easier to compare with the
post text is to turn the image into generated de-
scriptions, and recent caption-based methods have
already shown that such descriptions can stabilize
cross-modal comparison (Tang et al., 2024; Aggar-
wal et al., 2024; Chen et al., 2024; Zhang et al.,
2026). In these systems, generated text is typi-
cally used to support discrepancy estimation or
representation enrichment after a description has
already been selected as the visual proxy. This
leaves less room to ask an earlier question: what
role should a generated description play for this
particular post, and how reliable is it as evidence
before it is compressed into downstream compar-
ison features? The key missing step is therefore
earlier than final feature fusion: before combin-
ing evidence, the model should keep factual visual
evidence and post-conditioned relational evidence
available as separate textual candidates, then decide

how much each one should influence the prediction
for the current post.

To this end, we propose CAFE, a Caption-
Anchored Feature Enrichment and evidence rout-
ing framework for multimodal sarcasm detection.
CAFE first constructs two linguistically compara-
ble evidence candidates: a grounded factual de-
scription of visible content and a post-conditioned
relational description of how the image may affect
the interpretation of the text. A role-aware util-
ity module then evaluates these candidates in the
context of the original post and forms calibrated
description evidence, which is finally combined
with lightweight contrast diagnostics and direct
image–text interaction for prediction. The two de-
sign choices work together: role-separated descrip-
tions make alternative forms of visual evidence ex-
plicit, and sample-wise calibration lets the model
adjust their influence for different posts. Exper-
iments on MMSD2.0 as the primary benchmark,
with additional component ablations on the original
MMSD, show that CAFE achieves state-of-the-art
performance.

Our contributions are as follows: (1) We propose
CAFE, a caption-anchored feature enrichment and
evidence routing framework that treats generated
descriptions as role-specific evidence candidates
before fusion. (2) We introduce a role-aware utility
calibrator that weighs each candidate by its sample-
specific usefulness, enabling adaptive evidence
qualification under ambiguity. (3) CAFE achieves
state-of-the-art performance on MMSD2.0, with
additional component ablations on MMSD, and the
analyses show that role separation and sample-wise
routing both contribute to the final detector.

2 Related Work

Multimodal sarcasm detection. Recent ad-
vances in multimodal sarcasm detection have
shown that sarcastic intent in social media posts
often depends on the joint interpretation of short
text and accompanying images. Early studies es-
tablished the task by collecting image–text sarcasm
data and combining textual, visual, and image-
attribute features in multimodal fusion models
(Schifanella et al., 2016; Castro et al., 2019; Cai
et al., 2019). The field then shifted toward stronger
cross-modal reasoning: later methods model se-
mantic association and cross-modal contrast (Xu
et al., 2020), build graph-based or knowledge-
enhanced interaction structures (Liang et al., 2022;
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Liu et al., 2022), and introduce dynamic routing
or debiasing mechanisms for noisy social-media
posts (Tian et al., 2023; Jia et al., 2024; Wei et al.,
2024). More recent systems further strengthen in-
congruity modeling with dual-granularity learning,
topology-aware perception, ambiguity-aware fu-
sion, and tension-field or multi-view incongruity
representations (Zhu et al., 2024; Gao et al., 2025;
Li et al., 2025; Zhang et al., 2025; Guo et al.,
2025). Dataset and evaluation protocols have also
become more reliable: MMSD2.0 corrects noisy
labels and standardizes a stronger evaluation set-
ting for image–text sarcasm detection (Qin et al.,
2023). These methods make visual information in-
creasingly comparable with text by learning richer
interaction and incongruity representations. CAFE
follows the same goal, but treats the reliability and
role of textualized visual evidence as a sample-
conditioned decision that should be made before
such evidence is collapsed into final detector fea-
tures.

Caption generation for visual evidence enrich-
ment. The development of vision-language mod-
els has made generated descriptions a practical way
to enrich visual evidence. Early image captioning
models such as “Show and Tell” and “Show, At-
tend and Tell” used encoder–decoder architectures
to convert visual features into natural language,
while bottom-up/top-down attention improved the
grounding of generated descriptions in salient im-
age regions (Vinyals et al., 2015; Xu et al., 2016;
Anderson et al., 2018). Vision-language pretrain-
ing then provided stronger multimodal encoders
and contrastive alignment models, including cross-
modal transformers, CLIP-style models, and gener-
ative vision-language models (Lu et al., 2019; Tan
and Bansal, 2019; Li et al., 2019; Chen et al., 2020;
Radford et al., 2021; Li et al., 2022, 2023; Alayrac
et al., 2022; Liu et al., 2023, 2024a). This capabil-
ity has recently been introduced into multimodal
sarcasm detection: generated visual descriptions,
visual instructions, or LMM rationales are used as
additional context, explanation signals, or anchors
for discrepancy measurement (Tang et al., 2024;
Aggarwal et al., 2024; Chen et al., 2024; Zhang
et al., 2026). For example, factual captions can
provide a stable semantic proxy for computing se-
mantic or sentiment divergence between the image
and the post text, as well as the fidelity of the gener-
ated description to the visual content. This line of
work validates the usefulness of textualized visual

evidence. CAFE follows this broader motivation,
but keeps generated evidence in two role-specific
textual forms—visible facts and post-conditioned
relations—until a sample-conditioned utility mod-
ule estimates how much each form should con-
tribute.

Visual grounding and evidence routing. Al-
though large vision-language models can describe
images, generated descriptions may still halluci-
nate or over-interpret subtle social-media images.
Visual grounding provides an effective way to con-
strain such generation by exposing object-level evi-
dence before natural-language description. Image
tagging models such as RAM and open-set detec-
tors such as GroundingDINO can provide salient
visual entities and localized object evidence for
downstream vision-language processing (Zhang
et al., 2024; Liu et al., 2024b). In parallel, sarcasm-
specific incongruity models have shown that not
every image–text mismatch is useful: the mismatch
must be relevant to the implied attitude of the post.
Recent work therefore introduces finer factual, af-
fective, relation-aware, or memory-enhanced sig-
nals beyond global similarity (Tian et al., 2023; Lu
et al., 2024; Zhang et al., 2025; Guo et al., 2025;
Chen et al., 2026). However, these methods typi-
cally aggregate evidence through latent channels,
attention weights, scalar discrepancies, or fixed fu-
sion structures. CAFE combines grounded descrip-
tion enrichment with evidence routing: grounding
constrains what is described, role-separated genera-
tion makes alternative evidence forms explicit, and
utility calibration controls how those forms enter
the final detector for each sample.

3 Method

3.1 Framework Overview

To decide which visual information should be used
for each multimodal sarcasm post, we propose
CAFE, a caption-anchored feature enrichment and
evidence routing framework for multimodal sar-
casm detection. CAFE generates two image de-
scriptions, weighs them for the current post, and
combines calibrated description evidence with di-
rect image–text interaction and lightweight diag-
nostic cues. The overall architecture is shown in
Figure 2.

Formally, the training set is denoted as

D = {(Ii, Ti, yi)}Ni=1, (1)
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Figure 2: Overview of the CAFE framework. Given an image–text post, CAFE generates two descriptions—one
for visible facts and one for the image–text relation—estimates their per-sample utility via the RAUC module, and
combines the calibrated description evidence with direct cross-modal interaction and compact diagnostic cues for
sarcasm prediction.

where Ii is the image, Ti is the post text, and yi ∈
{0, 1} is the sarcasm label. For each sample, CAFE
constructs two generated descriptions, which we
denote as anchors in the model:

Ai = {Ao
i , A

r
i }, (2)

where Ao
i is a factual image description and Ar

i

is an image–text relation description. The model
learns a function

fθ(Ii, Ti,Ai) → ŷi, (3)

where ŷi is the predicted sarcasm probability.
Throughout this section, hvi and hti denote the im-
age and text representations, and hai,k denotes the
representation of the k-th generated description.
In the utility calibration module, ui,k is the utility
score for that description, αi,k is its normalized
weight, and h̄ai is the weighted description repre-
sentation. In the fusion module, mi denotes the
cross-modal interaction feature, dfi and dei denote
compact factual and affective diagnostic features,
and zi denotes the final feature used for sarcasm
prediction.

Figure 2 illustrates the overall framework. CAFE
follows a grounded enrichment and routing pipeline
for sarcasm detection. First, Grounded Dual
Caption-Anchor Evidence Encoding (GDCAE)
uses detected visual entities as grounding context to

generate two label-free textual evidence candidates:
one for visible facts and one for the image–text rela-
tion. The grounding context and prompts are used
only during offline generation, while the detector
receives only the final generated sentences. Sec-
ond, Relation-aware Anchor Utility Calibration
(RAUC) acts as a soft evidence filter: it checks how
useful each description is for the current image–
text pair and forms a weighted description repre-
sentation. Third, Caption-Calibrated Contrast
Evidence Fusion (CCEF) combines the calibrated
description evidence, the original image–text in-
teraction, and compact post-calibration diagnos-
tics to predict whether the post is sarcastic. The
Label-Smoothed Sarcasm Prediction Objective
(LSSPO) is described in Section 3.5.

3.2 Grounded Dual Caption-Anchor Evidence
Encoding

To make image content comparable with post text
while reducing prompt-induced shortcuts, we pro-
pose the GDCAE module to produce grounded
textual visual evidence for multimodal sarcasm de-
tection. GDCAE uses detected objects, visual tags,
and visible text only as generation-time ground-
ing context, then generates one factual image de-
scription and one image–text relation description.
The motivation is that a single generated descrip-
tion can mix visual facts, image–text interpreta-
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tion, and task-level reasoning. We therefore sepa-
rate the descriptions before representation learning:
one describes what is visible, while the other de-
scribes how the visual content relates to the text,
and neither prompt asks for a sarcasm, sentiment,
or match/mismatch judgment.

Specifically, we first extract detected objects, vi-
sual tags, and visible text from the image to obtain
Gi, which helps reduce hallucination in generated
descriptions. Then, an external vision-language
generator produces two descriptions with different
purposes:

Ao
i = go(Ii, Gi),

Ar
i = gr(Ii, Ti, Gi).

(4)

The factual image description Ao
i describes the

main visual entities, actions, scene, visible text,
and facial expressions without asking for a sar-
casm label, while the image–text relation descrip-
tion Ar

i neutrally explains how visible image con-
tent relates to concrete words, entities, or topics in
the post text, without judging sentiment alignment,
match/mismatch, or sarcasm. Finally, to place the
post and the two descriptions in a shared semantic
space, the original text and the two descriptions
are encoded by a shared text encoder Et, while the
image is encoded by a visual encoder Ev:

hti = Et(Ti), hai,1 = Et(A
o
i ),

hai,2 = Et(A
r
i ), hvi = Ev(Ii).

(5)

Description generation is performed as label-free
preprocessing and is applied in the same way
to all data splits. Only the final generated de-
scriptions are passed to the trainable detector; the
prompts, system instructions, grounding metadata,
and bounding coordinates are not used as down-
stream inputs. In our implementation, Et is initial-
ized from the CLIP text encoder with three evenly-
spaced transformer layers (layers L-2, L-5, L-8)
fine-tuned end-to-end together with CAFE’s other
trainable parameters (Appendix A), while all other
layers are kept frozen and the visual representation
hvi is pre-extracted from the CLIP vision encoder
for efficiency.

We keep visual evidence as generated descrip-
tions and retain the original image representation
because this lets CAFE compare visual facts with
the post in text space while still using visual details
that descriptions may miss.

3.3 Relation-aware Anchor Utility
Calibration

To select the generated description that matters for
the current post, we propose the RAUC module
to estimate description usefulness on each image–
text pair, which scores each description from its
relations with both the post text and the image.
RAUC serves as a soft filtering mechanism over
the enriched evidence: rather than assuming ev-
ery generated description is equally reliable, it
down-weights descriptions that are uninformative
or weakly aligned with the current post. The mo-
tivation is that the usefulness of a description de-
pends on the current image–text pair: the factual
description may be sufficient for factual contradic-
tion, while the relation description may be more
informative when sarcasm depends on an implicit
image–text contrast.

Specifically, we first project the image represen-
tation into the text-description space:

h̃vi = Wsh
v
i . (6)

Then, to estimate description utility from the
current post context, we build compact text-
description and image-description relation terms
for each description representation hai,k and con-
catenate them into a scoring vector:

∆i,k = |hti − hai,k|,
Φt
i,k = hti ⊙ hai,k, Φv

i,k = h̃vi ⊙ hai,k,

ri,k = [hti;h
a
i,k; ∆i,k; Φ

t
i,k; Φ

v
i,k].

(7)

where [·; ·] denotes concatenation and ⊙ denotes
element-wise multiplication. The vector ri,k jointly
encodes the text-description relation and the image-
description relation. Finally, to obtain a calibrated
evidence representation, an MLP scorer produces
the utility logit ui,k, normalizes it across the two
descriptions, and aggregates them:

ui,k = MLPu(ri,k),

αi,k =
exp(ui,k/τ)∑K
j=1 exp(ui,j/τ)

,

h̄ai =
K∑

k=1

αi,kh
a
i,k.

(8)

where K = 2 because CAFE uses two gener-
ated descriptions, and τ is a temperature param-
eter that controls the sharpness of the routing dis-
tribution (default τ = 2.0; sensitivity analysis in
Section 4.4).
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We score each description together with the post
text and the image because its usefulness depends
on whether it adds relevant facts or relations for
this specific image–text pair.

3.4 Caption-Calibrated Contrast Evidence
Fusion

After utility calibration, the detector still needs to
interpret the selected description evidence together
with the original image and text. We therefore pro-
pose the CCEF module, which uses direct image–
text interaction as the main fusion path and adds
compact factual and affective diagnostics computed
from the calibrated evidence. These diagnostics are
not standalone discrepancy detectors; they provide
lightweight checks after RAUC has already esti-
mated which generated evidence is useful for the
current post.

Specifically, we first project the image and text
representations into a shared fusion space to pre-
serve direct image–text interaction:

pvi = Wvh
v
i , pti = Wth

t
i. (9)

Then, to exchange information between the two
modalities, we apply bidirectional cross-attention
and obtain the interaction feature mi:

p̂vi = pvi +Attn(pvi , p
t
i, p

t
i),

p̂ti = pti +Attn(pti, p
v
i , p

v
i ),

mi = MLPm([p̂vi ; p̂
t
i]).

(10)

Then, as a factual diagnostic, we compute a triangle
of similarities among the post text, the weighted
description representation, and the projected image
representation:

sfi = [cos(hti, h̃
v
i ); cos(h

t
i, h̄

a
i ); cos(h̄

a
i , h̃

v
i )],

dfi = MLPf (s
f
i ).

(11)
Finally, as an affective diagnostic, we use an affect
estimator to obtain sentiment distributions for the
post text and the factual image description:

qti = S(Ti), qai = S(Ao
i ),

sei = [qti ; q
a
i ; ∥qti − qai ∥1],

dei = MLPe(s
e
i ).

(12)

We also include a lightweight style feature dpi ex-
tracted from surface cues such as question marks,
ellipses, exclamation density, hashtag density, and
text length. The final representation is

ci = σ(MLPg([h
t
i; h̄

a
i ]))⊙MLPa(h̄

a
i ),

zi = [mi; ci; d
f
i ; d

e
i ; d

p
i ],

(13)

where ci is a context-conditioned description fea-
ture that controls how strongly the calibrated cap-
tion evidence contributes to prediction. The sar-
casm logit and probability are computed by

oi = MLPc(zi), ŷi = σ(oi). (14)

We keep direct interaction and the two diagnos-
tics as separate inputs so the classifier can use cal-
ibrated evidence without reducing every post to a
single similarity or discrepancy score.

3.5 Label-Smoothed Sarcasm Prediction
Objective

To reduce over-confident learning from noisy sar-
casm labels, we propose the LSSPO objective
to train CAFE for multimodal sarcasm predic-
tion, which applies binary cross-entropy to label-
smoothed targets. Specifically, we first smooth the
binary label with coefficient ϵ:

ỹi = (1− ϵ)yi +
ϵ

2
. (15)

Then, to optimize the prediction head, we compute
binary cross-entropy over the predicted logit oi
from Section 3.4:

L = − 1

N

N∑

i=1

[
ỹi log σ(oi)

+(1− ỹi) log(1− σ(oi))
]
.

(16)

Finally, during inference, we use ŷi = σ(oi) as the
sarcasm probability and predict the positive class
when ŷi ≥ 0.5.

We smooth the labels because social-media sar-
casm annotations are often noisy or borderline,
which makes the classifier less over-confident on
ambiguous examples.

4 Experiments

4.1 Experimental Setup

Datasets and metrics. We evaluate on
MMSD2.0 (Qin et al., 2023), our primary bench-
mark with cleaner re-annotations, and the original
MMSD (Cai et al., 2019). MMSD2.0 contains
19,816/2,410/2,409 train/valid/test samples;
MMSD contains 19,557/2,387/2,373. We use
the official splits and report Accuracy, Precision,
Recall, and F1 on the test set.
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Implementation. CAFE uses CLIP ViT-
L/14 (Radford et al., 2021). Image features are
pre-extracted from the frozen CLIP vision encoder;
the post text and the two generated descriptions are
encoded by the CLIP text encoder with max length
77. Three evenly-spaced CLIP text layers (layers
L-2, L-5, L-8) are fine-tuned with learning rate
1 × 10−5, while newly introduced modules use
AdamW with learning rate 5× 10−4, weight decay
0.01, batch size 128, 30 epochs, two warmup
epochs, cosine decay, and gradient clipping at 1.0.
Main results are reported as 5-seed means over
seeds 42, 123, 456, 789, and 2024; single-seed
diagnostic analyses use seed 42 unless otherwise
noted. Qwen2.5-VL-72B generates label-free
factual and relation descriptions by default. The
sentiment branch uses a frozen Twitter RoBERTa
sentiment model,1 and the style branch uses five
surface statistics.

Baselines. We compare against unimodal base-
lines (BiLSTM, SMSD, BERT, ResNet, ViT), rep-
resentative multimodal sarcasm detectors (InCross-
MGs, HKE, Multi-view CLIP, DIP, TFCD, MoBA,
CofiPara, ADs, DGLF, ITFNet, GDCNet). Base-
line provenance and protocol notes are in Ap-
pendix H.

4.2 Main Results
CAFE achieves state-of-the-art performance on
MMSD2.0 (Table 1), improving over the strongest
same-protocol baseline GDCNet‡ across all met-
rics. The gain is mainly driven by higher precision
while keeping recall competitive, matching the mo-
tivation that per-sample routing over factual and
relational descriptions helps reject non-sarcastic
image–text pairs that only appear loosely incongru-
ent.

4.3 Ablation Study
Table 2 verifies the contribution of each compo-
nent under identical training settings. Removing
both generated descriptions causes the largest drop,
showing that textualized visual evidence is impor-
tant for this task. Removing only one descrip-
tion also hurts, indicating that visible facts and
post-conditioned relations provide complementary
evidence. Removing RAUC reduces F1 on both
datasets, so static averaging is weaker than sample-
wise utility calibration. The compact factual and
affective diagnostics in CCEF and label smoothing

1
cardiffnlp/twitter-roberta-base-sentiment-latest

Method Acc. P R F1

BiLSTM 72.48 68.02 68.08 68.05
SMSD 73.56 68.45 71.55 69.97
BERT 76.52 74.48 73.09 73.78
ResNet 65.50 61.17 54.39 57.58
ViT 72.02 65.26 74.83 69.72
InCrossMGs 79.83 75.82 78.01 76.90
HKE 76.50 73.48 71.07 72.25
Multi-view CLIP 85.14 80.33 88.24 84.09
DIP 84.63 84.17 85.20 84.68
TFCD 86.54 82.46 86.24 84.31
MoBA 85.01 80.46 87.08 83.64
CofiPara 85.66 85.79 85.43 85.61
ADs 85.60 85.28 85.54 85.41
DGLF-CLIP‡ 86.74±0.25 81.72±0.30 89.63±0.22 85.64±0.28
ITFNet (Full)‡ 86.62±0.24 80.91±0.28 87.88±0.23 84.35±0.27
GDCNet‡ 87.45±0.26 83.52±0.29 89.48±0.24 86.42±0.31
CAFE (Ours)‡ 88.72±0.28 85.93±0.31 89.78±0.25 87.81±0.33

Table 1: Main results on MMSD2.0 (%).
Bold/underlined: best/second best. Rows marked with
‡ are evaluated under the same protocol and reported as
5-seed mean±std.

MMSD2.0 MMSD

Variant Acc. P R F1 Acc. P R F1

CAFE (Full) 88.72 85.93 89.78 87.81 90.75 88.97 87.73 88.34
w/o Factual Desc. 87.92 84.58 89.37 86.91 90.03 87.21 87.48 87.34
w/o Relation Desc. 87.63 85.21 88.06 86.61 89.78 88.14 86.23 87.17
w/o Both Desc. 86.30 82.74 87.52 85.06 88.41 85.89 86.17 86.03
w/o Utility Calib. 88.17 85.03 89.68 87.29 90.27 87.62 88.31 87.96
w/o Factual Contrast 88.09 85.36 88.91 87.10 90.18 87.93 87.64 87.78
w/o Sentiment Contrast 88.42 85.89 89.24 87.53 90.51 88.47 87.18 87.82
w/o Label Smoothing 88.33 86.12 88.57 87.33 90.39 88.96 86.53 87.73

Table 2: Component ablation on MMSD2.0 and MMSD
(%). Bold/underlined: best/second best. All values are
means over 5 seeds (42, 123, 456, 789, 2024); controlled
probes are in Appendix C.

provide additional gains after evidence calibration.
Controlled probes in Appendix C further show that
the improvement is not explained by caption-token
volume or a single fixed routing scheme.

4.4 Additional Analyses
Supplementary MMSD results, per-seed results,
and the matched GDCNet comparison appear in
Appendices D and E. Appendix F examines de-
scription sources.

Representation-space visualization. Figure 3
shows UMAP projections of test-set representa-
tions at three stages: raw CLIP image features, the
w/o Both Desc. ablation, and full CAFE. Class
separation improves progressively, confirming that
caption-anchored evidence routing produces more
discriminative representations beyond what cross-
modal attention alone achieves.

Hyperparameter sensitivity. Figure 4 shows
joint sensitivity to label-smoothing strength ϵ and
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Figure 3: UMAP visualization on MMSD2.0 test set.
Red: sarcastic; blue: non-sarcastic. Silhouette scores
increase from (a) to (c), indicating progressively better
class separation.

Figure 4: Joint hyperparameter sensitivity on MMSD2.0.
Each grid point shows F1 (%) for an (ϵ, τ) combination.
The selected setting (ϵ = 0.05, τ = 2.0) lies in a broad
high-performing plateau.

RAUC temperature τ . Performance is stable across
a broad region (ϵ ∈ [0.03, 0.08], τ ∈ [1.5, 2.5]),
indicating that the reported gains are not sensitive
to narrow hyperparameter tuning.

Qualitative case study. Table 3 shows represen-
tative cases where CAFE corrects errors made by
the w/o Both Desc. baseline. In Case 1, the
baseline misidentifies a neutral interview question
as sarcastic due to surface image–text mismatch;
CAFE’s factual description grounds the image con-
tent and rejects the false positive. In Case 2, the
baseline misses sarcasm where the image (a fast-
food restaurant) contradicts the text’s implied ca-
reer expectation; the relation description surfaces
this contrast, enabling correct detection. In Case
3, the baseline misses flat-earth sarcasm where the
NASA livestream image contradicts the “not flat”
claim; the relation description links the visual ev-
idence of a spherical Earth to the post’s ironic as-
sertion, enabling correct detection. Case 4 illus-
trates a shared failure: self-deprecating humor with

Case Image Post Text Base CAFE

1
FP→TN

“How do you handle a rude cus-

tomer?” [Non-s.]

0.91
Sarc.

0.09
Non-s.

2
FN→TP

“Journalism students researching

career options after graduation”

[Sarc.]

0.26
Non-s.

0.86
Sarc.

3
FN→TP

“Watching NASA livestream. It’s

beautiful and not flat” [Sarc.]

0.37
Non-s.

0.94
Sarc.

4
Fail “the birthday reality” [Non-s.]

0.94
Sarc.

0.96
Sarc.

Table 3: Case study on MMSD2.0. Cases 1–3: CAFE
corrects baseline errors via caption-anchored evidence.
Case 4: both models mistake self-deprecating humor
for sarcasm. Base = w/o Both Desc.; values show
P (sarcastic).

genuine image–text incongruity that both models
mistake for sarcasm.

5 Conclusion

In this paper, we proposed CAFE, a caption-
anchored feature enrichment and evidence rout-
ing framework for multimodal sarcasm detec-
tion. CAFE generates two descriptions for each
image—one for visible facts and one for the image–
text relation—uses a utility calibrator to weight
their contributions per sample, and fuses caption-
calibrated contrast evidence with direct cross-
modal signals for prediction. Experiments on the
primary MMSD2.0 benchmark show that CAFE
achieves state-of-the-art performance, with addi-
tional component ablations on the original MMSD.
Ablation and controlled probe results support the
benefit of deciding how to use generated descrip-
tions separately for each sample rather than relying
only on fixed or latent fusion of incongruity sig-
nals.

Limitations

CAFE is evaluated on the MMSD and MMSD2.0
benchmarks, which consist of English image–text
posts from social media. Like most existing mul-
timodal sarcasm detection methods (Qin et al.,
2023; Zhang et al., 2026), we have not yet verified
whether the framework generalizes to other lan-
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guages or cultural contexts where sarcasm conven-
tions may differ. We plan to extend CAFE to mul-
tilingual benchmarks and cross-cultural sarcasm
datasets in future work.

CAFE relies on MLLM-generated image de-
scriptions as a preprocessing step. Generating these
descriptions introduces additional inference cost at
data preparation time. This cost is incurred only
once and is amortized across all training and eval-
uation runs, but it may still be a consideration for
extremely large-scale deployment. A promising
direction is to distill the description generation into
a lightweight captioning module that can be jointly
trained with the detector.

Ethics and data use. MMSD and MMSD2.0 are
built from publicly-posted English Twitter content
and were released by prior work under research-
only terms; we use them within that scope and do
not re-host the raw images or texts. Because the
posts originated on a public social platform, each
sample can in principle contain user identifiers,
names, faces, or other personal information embed-
ded in the image or the post text. We therefore treat
the following as open concerns rather than solved
problems. First, privacy: we do not perform any
user-level aggregation, re-identification, or linkage
of posts to users, and we do not redistribute the
original images or texts. Second, cultural misclas-
sification: sarcasm conventions are language- and
community-specific, and a detector trained on En-
glish Twitter may mislabel earnest speech from
speakers whose register (AAVE, non-Western En-
glish varieties, neurodivergent communication, mi-
nority humor norms) is under-represented in the
training distribution. We did not audit MMSD2.0
for demographic or cultural-register coverage and
consider downstream differential-error analysis a
prerequisite before deployment. Third, harmful-
content moderation scope: framing sarcasm detec-
tion as an input to moderation would inherit this
distributional gap. Sarcasm is also used both to
attack and to defuse harmful content, so a high F1
on MMSD2.0 does not imply that routing decisions
based on CAFE’s output would be fair or safe in a
moderation setting. We therefore do not position
CAFE as a moderation system; we position it as
a research artifact for studying multimodal incon-
gruity, and any downstream moderation use would
require its own fairness audit, human-in-the-loop
review, and an explicit decision policy for the low-
confidence region of the utility-calibrated weights.
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A Reproducibility Details

Caption generation pipeline. Captions are gen-
erated in two phases. Phase 1 (local GPU):

RAM++ (Swin-L, 14M, image size 384) extracts
image tags, and GroundingDINO-Base performs
open-set object detection with box threshold 0.4
and text threshold 0.3. Detected objects with con-
fidence scores are formatted as grounding context.
The grounding context is used only to constrain
description generation and reduce hallucination;
it is not itself passed to the downstream classifier.
Phase 2 (MLLM): Qwen2.5-VL-72B is used as
the default open-source caption generator for both
descriptions, using the prompts in Appendix B.
Each caption is constrained to a single short sen-
tence by the prompt design. Only the final gener-
ated sentence is encoded by CAFE; prompt tem-
plates, system instructions, detected-object meta-
data, confidence scores, and bounding coordinates
are discarded before detector training. Unless other-
wise stated in Appendix F, results use the Qwen2.5-
VL-72B default.

Feature preprocessing. Image features are
pre-extracted from the CLIP ViT-L/14 vision
encoder (1024-dim). Text, factual image
description, and image–text relation descrip-
tion are tokenized by the CLIP tokenizer
with max length 77 and padding. Sentiment
features are extracted using cardiffnlp/
twitter-roberta-base-sentiment-latest,
producing a 3-class probability distribution per
input. Style features (5-dim) are computed from
surface text statistics: question mark density,
ellipsis density, exclamation density, hashtag
density, and normalized text length.

Model architecture details. Table 4 summarizes
the architecture of each module.

CLIP fine-tuning. In the default setting reported
in all main tables, three evenly-spaced transformer
layers of the CLIP text encoder (layers L-2, L-
5, L-8) are fine-tuned end-to-end together with
CAFE’s other trainable parameters, using a sep-
arate learning rate of 1 × 10−5 that is an order
of magnitude smaller than the learning rate for
the newly-introduced modules (5 × 10−4). All
other CLIP layers and the CLIP vision encoder
are kept frozen. We use this partial fine-tuning
rather than a fully frozen encoder so that the text
encoder can adapt to the social-media register of
MMSD/MMSD2.0 (hashtags, elisions, sarcastic
phrasing) without drifting far from CLIP’s pre-
trained image–text alignment, which matters be-
cause the factual and relation descriptions share the
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Module Architecture

CLIP text encoder ViT-L/14 text model, 3 layers (L-2, L-5, L-8) fine-tuned
Image projection Linear(1024, 1024) + LN + ReLU + Drop(0.2)
Text projection Linear(768, 1024) + LN + ReLU + Drop(0.2)
Cross-attention MHA(1024, 8 heads, drop=0.2)× 2
Pre-output MLP Drop(0.3) + [Linear + LN + ReLU + Drop(0.3)]× 3

Image-to-scorer Linear(1024, 768)
RAUC scorer Linear(3840, 1024) + LN + GELU + Drop(0.3)

→ Linear(1024, 1024) + LN + GELU + Drop(0.2)
→ Linear(1024, 512) + LN + GELU + Drop(0.1)
→ Linear(512, 1)

Caption proj Linear(768, 256) + ReLU + Drop(0.3)
Caption gate Linear(1536, 1) + Sigmoid

Factual contrast proj Linear(3, 64) + ReLU + Linear(64, 64)
Style proj Linear(5, 32) + ReLU
Sentiment proj Linear(7, 32) + ReLU
Classifier Linear(1408, 1)

Table 4: Architecture details. LN = LayerNorm, MHA
= multi-head attention, Drop(p) = Dropout with rate
p. In the default configuration, three evenly-spaced
transformer layers of the CLIP text encoder (layers L-
2, L-5, L-8) are fine-tuned end-to-end with the rest of
CAFE at a reduced learning rate of 1× 10−5; all other
CLIP layers are kept frozen. All newly-introduced linear
layers use Xavier uniform initialization.

same Et.

Training details. Optimizer: AdamW (lr=5 ×
10−4 for newly-introduced modules, 1× 10−5 for
the fine-tuned CLIP layers, weight decay=0.01).
Schedule: 2-epoch linear warmup + cosine de-
cay. Gradient clipping: max norm 1.0. Batch
size: 128. Max epochs: 30 with early stopping
(patience=10). Mixed precision (FP16) is enabled
throughout because the default configuration fine-
tunes three CLIP text layers. All experiments run
on a single NVIDIA RTX 4070 GPU. Training
takes approximately 15 minutes per run.

RAUC scorer input. The RAUC scorer input
(3840-dim) is constructed as [t; ck; |t − ck|; t ⊙
ck;v ⊙ ck] for each description k ∈ {1, 2}, where
t ∈ R768 is the text embedding, ck ∈ R768 is
the description embedding, and v ∈ R768 is the
projected image embedding. This yields 768×5 =
3840 dimensions per description.

A.1 Pseudocode
Algorithm 1 describes the offline description gen-
eration pipeline. Algorithm 2 describes the CAFE
forward pass during training.

B Generated Description Prompts

This section provides the complete prompts used
to generate the two descriptions. Both prompts
are applied during preprocessing and are label-
free: they do not request sarcasm, sentiment po-

Algorithm 1 Description Generation (Offline)
Require: Dataset D = {(Ii, Ti)}Ni=1, image tagger RAM++, detector

GroundingDINO, generator G (default Qwen2.5-VL-72B)
Ensure: Factual descriptions {Afact

i }, relation descriptions {Arel
i }

1: for each sample (Ii, Ti) ∈ D do
2: tagsi ← RAM++(Ii) ▷ Image tagging
3: objsi ← GroundingDINO(Ii, tagsi) ▷ Object detection
4: gi ← FormatGrounding(objsi) ▷ “obj (count, conf), ...”
5: Afact

i ← G(Ii, PROMPTfact(gi)) ▷ Factual description
6: Arel

i ← G(Ii, PROMPTrel(Ti, gi)) ▷ Neutral text-conditioned
relation

7: end for
8: Freeze all descriptions; no further modification during training

Algorithm 2 CAFE Forward Pass (Training)
Require: Image feature vi, text Ti, descriptions Afact

i , Arel
i , style dp

i , senti-
ment features qt

i,q
a
i , label yi

Ensure: Loss L
— Encode —

1: ti ← CLIPText(Ti); c1
i ← CLIPText(Afact

i ); c2
i ←

CLIPText(Arel
i ) ▷ 3 layers fine-tuned

— RAUC: Utility Calibration —
2: v̂i ← Wsvi ▷ Project image to scorer space
3: for k ∈ {1, 2} do
4: rk ← [ti; c

k
i ; |ti − ck

i |; ti ⊙ ck
i ; v̂i ⊙ ck

i ] ▷ 3840-dim
5: sk ← ScorerMLP(rk) ▷ Scalar utility score
6: end for
7: [α1, α2]← Softmax([s1/τ, s2/τ ]) ▷ Per-sample weights, τ = 2.0
8: wi ← α1c

1
i + α2c

2
i ▷ Weighted caption

9: ecap
i ← σ(Gate([ti;wi])) · Proj(wi) ▷ Gated caption evidence

— Cross-Modal Interaction —
10: v′

i ← ProjV(vi); t′i ← ProjT(ti)
11: a1 ← CrossAttn(v′

i, t
′
i, t

′
i); a2 ← CrossAttn(t′i,v

′
i,v

′
i)

12: hi ← PreMLP([v′
i + a1; t

′
i + a2]) ▷ Fused representation

— CCEF: Contrast Evidence Fusion —
13: di ← [cos(ti, v̂i); cos(ti,wi); cos(wi, v̂i)]

14: efact
i ← FactContrastMLP(di)

15: esty
i ← StyMLP(dp

i ); esent
i ← SentMLP([qt

i; q
a
i ; ∥qt

i − qa
i ∥1])

— Prediction —
16: ŷi ← σ(Wc[hi; e

cap
i ; efact

i ; esty
i ; esent

i ]) ▷ 1408-dim→ 1
17: ỹi ← yi(1− ϵ) + 0.5ϵ ▷ Label smoothing
18: L ← BCE(ŷi, ỹi)

larity, match/mismatch, contradiction, or any task-
specific annotation. The generated captions are
frozen before training and shared across all experi-
ments.

Preprocessing pipeline. Before caption genera-
tion, we run RAM++ (Zhang et al., 2024) for image
tagging and GroundingDINO (Liu et al., 2024b)
for object detection on each image. The detected
objects and their confidence scores are passed to
the caption generator as grounding context, follow-
ing the same design principle as visually grounded
context augmentation: objective visual entities con-
strain the generator, while the downstream detector
sees only the generated sentence.

Factual image description prompt. The factual
image description describes the visual content fac-
tually, without access to the post text. The full
prompt is:

3114



Describe this image in ONE short sentence.
Detected objects: {grounding_info}
Focus on: main subject, action, setting,
visible text/signs, facial expressions. Do
NOT interpret meaning or intent. Do NOT infer
sarcasm, irony, humor, emotion, sentiment,
stance, speaker attitude, or whether the image
and text match or conflict. Just describe what
you see.

This prompt explicitly instructs the model to avoid
interpretation, ensuring that the factual image de-
scription captures only visual facts (e.g., “A person
holding a sign in front of a building”) without in-
ferring communicative intent or task-related judg-
ments.

Image–text relation description prompt. The
image–text relation description provides a neutral
text-conditioned description of how the visible im-
age content relates to concrete words, entities, or
topics in the post text. Unlike the factual image
description, it receives the post text as input, but
it is explicitly prevented from judging sentiment,
match/mismatch, contradiction, or sarcasm. The
full prompt is:

You are given a social media post and detected
image objects.
Write ONE neutral factual sentence describing
how the visible image content is related to
concrete words, entities, or topics in the post
text.
Rules:
- Use only observable visual facts and
words/entities from the post.
- Do NOT infer sarcasm, irony, humor,
emotion, sentiment, intent, stance, or speaker
attitude.
- Do NOT decide whether the image and text match,
mismatch, support, conflict, or contradict.
- Do NOT output labels such as MATCH, MISMATCH,
or UNCLEAR.
- If there is no clear relation, write: “The
image shows visible content with no explicit
relation to the post text.”
Post text: “{tweet_text}”
Detected objects in image: {grounding_info}
Output one sentence only.

This prompt keeps the relation description text-
conditioned, but restricts its output to observ-
able visual facts and entity/topic-level correspon-
dence with the post. It does not ask the genera-
tor to produce sentiment polarity, tonal alignment,
match/mismatch labels, or any sarcasm-related
judgment, which reduces the risk that the descrip-
tion behaves as a task-specific proxy. Together
with the preprocessing separation above, this de-
sign keeps prompt-level instructions and task-level

Setting Acc. P R F1

CAFE (Normal) 89.08 86.47 90.03 88.21
Shuffled Relation Desc. 88.75 86.12 89.58 87.82
Only Factual Desc. 88.21 85.14 88.76 86.91

Table 5: Description perturbation diagnostics on
MMSD2.0 (%), using seed 42. “Shuffled” permutes
relation descriptions across test samples; “Only Factual”
replaces each relation description with its factual de-
scription.

Variant Acc. P R F1

CAFE (Full, sample-wise RAUC) 89.08 86.47 90.03 88.21

(i) Controlling caption information / modality
(1) Single neutral caption, matched tokens 87.72 84.36 89.42 86.82
(2) Two independent factual descriptions 88.16 85.09 89.60 87.29

(ii) Controlling routing capacity
(3) Fixed 0.5/0.5 description weights 88.42 85.28 89.91 87.52
(4) Learned per-channel weights (4 scalars) 88.79 85.89 89.98 87.91

(iii) Controlling parameter budget
(5) Same-param MLP fusion, no routing 88.46 85.37 89.78 87.54

(iv) Auxiliary sentiment/style probes
(6) w/o Style branch 88.84 86.21 89.85 87.99
(7) w/o Both (Sentiment + Style) 88.50 85.47 89.63 87.51
(8) Sentiment/Style only (no captions, no RAUC) 82.16 77.34 84.28 80.66

Table 6: Controlled probes on MMSD2.0 (%). Values
are seed-42 diagnostic results under matched backbone
and training settings. Fixed description weights corre-
spond to the w/o Utility Calib. configuration; the main
component-ablation table reports five-seed means.

labels outside the trainable detector. RAUC then
plays the role of a sample-wise evidence filter over
the final generated text, estimating description util-
ity only in relation to the original image–text pair.

Description perturbation diagnostics. Table 5
tests reliance on the relation description by shuf-
fling it across test samples or replacing it with the
factual description. F1 decreases by 0.39 and 1.30
points, respectively, relative to the same-seed full
model. These interventions measure the full detec-
tor’s sensitivity to altered descriptions; they do not
establish whether relation descriptions alone can
predict labels or rule out label-proxy information.

C Controlled Ablation Probing the
Source of Gain

Table 6 probes alternatives to role-separated de-
scriptions and sample-wise routing. All compar-
isons below use the same seed-42 full-model ref-
erence (88.21% F1); they are descriptive compar-
isons, not significance tests.

Controlled-probe construction. The matched-
token single-caption condition uses the same de-
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scription generator as CAFE, but requests one neu-
tral caption with a token budget matched to the
combined length of the factual and relation descrip-
tions. This condition controls the amount of gen-
erated text while changing its organization. The
two-factual-description condition instead preserves
two inputs: both are generated with the factual
prompt, using different decoding seeds. It tests
whether a second description with the same role
can provide the benefit of the text-conditioned re-
lation description. Neither condition is an exact
semantic-information match, since changing the
prompt necessarily changes the generated content.

For routing controls, fixed averaging assigns
weights of 0.5 to the two descriptions for every
example. The learned per-channel alternative uses
four sample-independent scalars for the factual di-
agnostic, affective diagnostic, factual-description,
and relation-description channels. These scalars
can adapt during training but do not change with the
test example. This alternative tests a more flexible
static fusion scheme; because it weights a different
set of channels, it is not simply an identical RAUC
scorer with its sample input removed.

The capacity-matched alternative replaces
RAUC and the cross-attention fusion with a two-
layer MLP. Its hidden dimension is chosen so that
the total trainable parameter count differs from
CAFE’s by less than 0.5%. Both descriptions are
concatenated as inputs to this alternative. Matching
parameter count addresses one possible explana-
tion for the gain, but does not match every property
of the model: interaction structure, optimization,
and the way visual evidence enters the classifier
also change. Its result should therefore be read to-
gether with the static-routing controls rather than as
a standalone attribution of the entire gain to RAUC.

The auxiliary-feature conditions remove style,
remove both sentiment and style, or retain only sen-
timent and style. The last condition removes the
caption and cross-modal interaction paths as well
as RAUC. It measures how predictive these auxil-
iary features are in isolation, whereas the removal
conditions measure their contribution when other
evidence remains available. Since these interven-
tions answer different questions, their differences
need not be additive.

Perturbation versus retraining. The shuffled-
description diagnostic in Table 5 permutes relation
descriptions across test examples. It preserves the
available collection of descriptions while breaking

their correspondence with the original post. The
factual-replacement diagnostic changes the content
of the relation channel to the factual description
from the same example. Such interventions assess
sensitivity to altered inputs and may introduce a
distribution shift. They are distinct from training
a detector without a description channel, as in the
component ablation. A small perturbation gap can
reflect compensation by other inputs, including the
factual description and direct image–text path; it
does not by itself demonstrate that RAUC detected
and rejected the corrupted description.

Description content. A single neutral caption
from the same generator, with a token budget
matched to the two CAFE descriptions, reaches
86.82% F1. Two independently sampled factual
descriptions reach 87.29%. Neither matches the
full model, supporting the usefulness of comple-
mentary factual and text-conditioned descriptions
beyond caption length or caption count alone.

Routing and fusion capacity. Fixed equal de-
scription weights achieve 87.52% F1, while
four learned sample-independent channel weights
achieve 87.91%, compared with 88.21% for
sample-wise RAUC. A two-layer MLP fusion alter-
native, matched to within 0.5% of CAFE’s trainable
parameter count, achieves 87.54%. This compar-
ison supports the proposed organization over the
tested capacity-matched alternative, although re-
placing both routing and cross-attention does not
isolate their individual effects.

Auxiliary features. Removing style features
yields 87.99% F1, and removing both sentiment
and style yields 87.51%. Using only sentiment and
style, without captions, RAUC, or cross-modal in-
teraction, yields 80.66%. These features provide
auxiliary predictive signal but do not reproduce the
full detector’s performance; these tests do not rule
out dataset-specific shortcuts.

D Supplementary Results on MMSD

Table 7 reports the comparison on the original
MMSD benchmark. CAFE obtains 88.34% mean
F1, compared with AMIF’s reported 88.09%. This
0.25-point difference compares our five-seed mean
with a published score under a different protocol;
it should not be interpreted as a paired significance
result. MMSD2.0 remains the primary benchmark,
while MMSD provides a complementary evalua-
tion under the original annotations.
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Method Acc. P R F1

Text-only
BiLSTM 81.90 76.66 78.42 77.53
SMSD 80.90 76.46 75.18 75.82
BERT 83.85 78.72 82.27 80.46

Image-only
ResNet 64.76 54.41 70.80 61.53
ViT 67.83 57.93 70.07 63.43

Multimodal
InCrossMGs 86.10 81.38 84.36 82.84
HKE 87.36 81.84 86.48 84.10
Multi-view CLIP 88.33 82.66 88.65 85.55
DIP 89.59 87.76 86.58 87.17
MoBA 88.40 82.04 88.31 85.06
DGLF-CLIP† 89.28 85.62 89.09 87.34
HFM 83.44 76.57 84.15 80.18
D&R Net 84.02 77.97 83.42 80.60
CMGCN 87.55 83.63 84.69 84.16
GAAN 87.42 82.91 86.62 84.72
MCEF 87.80 84.10 85.50 84.80
SAHFN 87.22 82.71 87.33 84.95
SEF 88.45 85.35 86.58 85.96
DMSD-CL 88.95 84.89 87.90 86.37
DGP 87.21 87.10 86.48 86.75
AMIF 90.10 86.55 89.68 88.09

CAFE (Ours) 90.75 88.97 87.73 88.34

Table 7: Main results on original MMSD (%).
Bold/underlined: best/second best. †: reproduced under
the CAFE protocol; other scores follow source papers
(Appendix H). CAFE reports 5-seed mean.

E Statistical Reliability and Matched
Comparison

E.1 Variation across random seeds

We train CAFE with seeds 42, 123, 456, 789, and
2024 under identical hyperparameters. Table 8 pro-
vides the individual results behind the main means
and standard deviations. MMSD2.0 F1 ranges from
87.42% to 88.21%, and MMSD F1 ranges from
87.96% to 88.75%. Reporting these runs makes
the dependence on initialization visible rather than
selecting a single favorable run.

These standard deviations describe variation
across training seeds on fixed test sets. They do not
quantify uncertainty from resampling test exam-
ples or changing datasets. The controlled probes
in Appendix C retain a seed-42 reference to make
their comparisons internally consistent; their indi-
vidual diagnostic gaps should not be mixed with

MMSD2.0 MMSD

Seed Acc. F1 Acc. F1

42 89.08 88.21 91.15 88.75
123 88.53 87.64 90.58 88.19
456 88.36 87.42 90.43 87.96
789 88.87 88.09 90.86 88.47
2024 88.74 87.71 90.72 88.33

Mean 88.72 87.81 90.75 88.34
Std 0.28 0.33 0.28 0.30

Table 8: Per-seed CAFE results on MMSD2.0 and
MMSD (%).

Method Acc. (%) F1 (%)

GDCNet (paper-reported) 87.38 86.34
GDCNet‡ (same-protocol reimpl.) 87.45± 0.26 86.42± 0.31
CAFE (Ours, 5-seed) 88.72± 0.28 87.81± 0.33

∆ (CAFE− GDCNet‡) +1.27 +1.39

Table 9: MMSD2.0 comparison (%). ‡ denotes the
matched-protocol reimplementation; means and stan-
dard deviations use five shared seeds. The published
GDCNet score is shown only for context.

differences between five-seed means.

E.2 Same-protocol GDCNet comparison

The published GDCNet result uses LLaVA-Next
factual captions and the authors’ training recipe. To
reduce preprocessing and training differences, the
reimplementation uses our CLIP ViT-L/14 back-
bone, the same three fine-tuned text layers and
learning rate, the official MMSD2.0 splits, and the
same optimizer, batch size, early stopping, and
mixed-precision settings. Qwen2.5-VL-72B fac-
tual descriptions replace the original captions in
GDCNet’s single-description input. Both models
are evaluated over the five seeds listed above.

CAFE exceeds the matched GDCNet mean by
1.39 F1 points. The reimplemented GDCNet mean
is close to its published score (86.42% versus
86.34%). Matching the caption generator and train-
ing settings reduces these sources of confounding,
but the comparison still changes the complete de-
tector organization, including the number and roles
of descriptions; it does not isolate RAUC alone.
The controlled probes provide more focused com-
parisons of description content, static weighting,
and fusion capacity.
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Generator Acc. (%) F1 (%)

LLaVA-1.5-7B 87.55 86.38
Qwen2.5-VL-7B 88.31 87.34
Qwen2.5-VL-72B 88.72 87.81
GPT-4o 88.74 87.82
Gemini-3.1-Flash 89.31 88.47

Table 10: Description-generator results on MMSD2.0.
Qwen2.5-VL-72B reports the five-seed mean; other
rows report seed 42.

F Description Generator Analysis

Table 10 varies the description generator while re-
taining the detector architecture and training con-
figuration. We retain accuracy and F1 to focus on
downstream detection performance.

The detector can operate with descriptions from
each tested generator. However, the mixed aggrega-
tion protocols limit fine-grained comparisons: the
default generator’s seed-42 F1 is 88.21%, rather
than its five-seed mean of 87.81%. Generator rank-
ings and small differences therefore require further
repeated runs. These results demonstrate compati-
bility with several description sources, not invari-
ance to generator quality.

G Detailed Comparison with Related
Methods

To place CAFE in context relative to the most rele-
vant baselines, we summarize each baseline’s core
mechanism in prose, grounded in the cited papers.

Per-baseline mechanism summaries. DGLF-
CLIP (Zhu et al., 2024) frames sarcasm detection
as dual-granularity incongruity learning directly
on CLIP features: it computes coarse- and fine-
grained image–text incongruity signals and com-
bines them with a gated fusion module, and no gen-
erated caption enters the pipeline. ITFNet (Zhang
et al., 2025) models fact-level and sentiment-level
incongruity with two dedicated cross-attention
branches operating on raw image and text features;
the two branches are concatenated before classifi-
cation. GDCNet (Zhang et al., 2026) generates
a single LLaVA-Next objective description and
compresses it into three scalar statistics—caption–
text cosine dissimilarity, sentiment L1, and visual
fidelity—which are combined with a sigmoid-gated
sum under equal static weighting, after which the
caption text is no longer used. DIP (Tian et al.,
2023) performs dual-view modeling through a fac-
tual distribution-prediction branch and an affec-
tive contrastive-learning branch on raw features,

adding the two resulting scalars directly to the clas-
sification logit. Aggarwal et al. (Aggarwal et al.,
2024) generate a single GIT description and ap-
ply two-level co-attention (image-patch ↔ text and
caption-token ↔ text), concatenating the two atten-
tion outputs for classification.

Viewed jointly, these baselines populate a de-
sign space along two largely orthogonal axes. The
first axis is whether an external caption enters the
pipeline: DGLF-CLIP, ITFNet, and DIP operate
purely on raw image and text features, while GD-
CNet and Aggarwal et al. introduce a single gen-
erated description. The second axis is how multi-
ple evidence streams are combined: the baselines
above fuse their streams through concatenation,
scalar addition, or a gate with static weights, inde-
pendent of the specific (image, text) pair being clas-
sified. CAFE uses this design space to test a more
specific question: whether retaining role-specific
textual evidence through a sample-conditioned cali-
bration step helps beyond caption presence, param-
eter count, or fixed fusion.

Why the combination matters. The comparison
above is not meant to treat caption generation, sen-
timent comparison, or cross-attention as isolated
new operations. The central design question is how
generated visual evidence is qualified before it be-
comes a classifier input. CAFE handles this as a
pipeline: grounded generation produces two role-
specific textual candidates, RAUC estimates their
usefulness in the current image–text pair, and down-
stream diagnostic features are computed from the
calibrated evidence rather than from an unqualified
caption proxy. Appendix C evaluates this organi-
zation with controlled variants that match caption
volume, routing granularity, and parameter budget.

Case 4 failure analysis. In Case 4 of Table 3,
both models misclassify a non-sarcastic birthday
post as sarcastic. The example illustrates that vis-
ible image–text incongruity can also accompany
humor and is not sufficient to establish sarcasm.
Distinguishing these pragmatic functions remains
a limitation under the current binary supervision.

H Baseline Score Provenance

In Table 1, unmarked baseline scores follow Zhang
et al. (2026). Rows marked with ‡ use the authors’
official code under our shared CLIP ViT-L/14 back-
bone, three-layer text-encoder fine-tuning, official
MMSD2.0 splits, optimizer, and five-seed evalua-
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tion settings. The GDCNet reimplementation uses
Qwen2.5-VL-72B factual descriptions in its single-
caption input. The main table reports means and
standard deviations for these runs.

For Table 7, unimodal baselines, InCrossMGs,
HKE, Multi-view CLIP, DIP, and MoBA follow
Zhang et al. (2026); HFM, D&R Net, CMGCN,
GAAN, MCEF, SAHFN, SEF, DMSD-CL, DGP,
and AMIF follow Li et al. (2025). DGLF-CLIP is
reproduced in our environment and marked sepa-
rately. Published scores and reproduced scores are
distinguished to avoid implying a shared training
protocol for all rows.
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