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Abstract—Multimodal sarcasm detection seeks to identify sar-
castic intent in social-media posts that pair an image with
text, where the sarcasm frequently arises from an incongruity
between the two modalities rather than from either modality
in isolation. We adopt a reproduce-then-improve methodology
built on the corrected MMSD2.0 benchmark and its multi-view
CLIP (MV-CLIP) model. We first re-implement MV-CLIP from
scratch and retrain it under controlled conditions, reproducing
a faithful baseline of approximately 85% accuracy and 85%
macro-F1. We then conduct a quantitative and qualitative error
analysis and identify a consistent failure mode: the baseline
over-predicts sarcasm, achieving high recall but comparatively
low precision. We trace this behaviour to the fusion stage, in
which the image and text representations are combined through
a single scalar-weighted sum that re-weights the modalities
but never allows them to interact. Motivated by this diagnosis
we propose CAMGF-CLIP, which augments MV-CLIP with
two complementary, drop-in fusion operators while keeping the
remainder of the architecture fixed: (i) an adaptive gated fusion
that learns an example- and feature-specific balance between
the modalities; and (ii) a bidirectional cross-modal attention in
which the text and image token sequences attend to one another
before being combined, giving the model an explicit mechanism
to represent image—text contradiction. Because only the fusion
operator changes across models, any difference in performance
is attributable to the proposed mechanism. On MMSD2.0, our
reproduction of MV-CLIP attains 85.4% accuracy and 85.1%
macro-F1. Under an identical, validation-selected protocol the
gated and cross-modal variants reach 83.5% and 84.7% accuracy;
although neither exceeds the baseline on the selected checkpoint,
both reduce the precision-recall imbalance behind the baseline’s
over-prediction, and cross-modal attention matches the baseline’s
accuracy at its best epoch. We release our implementation and
analyses to support reproducibility.

Index Terms—multimodal sarcasm detection, image—text fu-
sion, cross-modal attention, gated fusion, vision—language models.

I. INTRODUCTION

ARCASM is a figurative form of expression in which
the intended meaning is contrary to the literal one. It
is pervasive on social-media platforms, where users routinely

employ it to convey criticism, humour, or disagreement in
an indirect manner. The reliable detection of sarcasm is
consequential for a broad range of downstream applications,
including opinion mining, sentiment analysis, product-review
understanding, dialogue systems, and content moderation. In
all of these settings, failing to recognise sarcasm can invert the
inferred polarity of a message and propagate errors through the
rest of a pipeline; a sarcastic complaint misread as praise, for
example, yields exactly the wrong conclusion.

Historically, sarcasm detection was treated as a purely
textual problem, with models exploiting lexical markers, sen-
timent incongruity, punctuation, and contextual cues [19].
However, communication on modern platforms is increasingly
multimodal: a short textual caption is accompanied by an
image, and the sarcastic meaning emerges only when the
two modalities are interpreted jointly. Consider a post whose
caption reads “I just love getting stuck in traffic” alongside
a photograph of a gridlocked motorway. Neither the text nor
the image is sarcastic on its own—the text expresses positive
sentiment, and the image simply depicts a traffic jam—yet
together they form an unmistakable sarcastic statement. The
sarcasm lives in the contradiction between what is said and
what is shown. This phenomenon, which we refer to through-
out as image—text incongruity, is the defining characteristic
of multimodal sarcasm and the central challenge that any
effective model must address.

The prevailing approach to multimodal sarcasm detec-
tion encodes the image and the text using powerful pre-
trained encoders and then fuses the resulting representations
prior to classification [2], [4], [5]. The emergence of con-
trastive vision—language models such as CLIP [10] has further
strengthened this paradigm, because CLIP places images and
text into a shared embedding space and therefore provides
naturally comparable representations of the two modalities.
Building on this idea, Qin et al. [1] observed that the widely
used MMSD benchmark [2] contained spurious cues—in
particular hashtags and emojis that effectively leak the label—
as well as a number of unreasonable negative samples. They
released a corrected benchmark, MMSD2.0, together with a



multi-view CLIP (MV-CLIP) model that exploits a text view,
an image view, and a text-image interaction view. MV-CLIP
is a strong and broadly adopted baseline, and MMSD2.0 has
become the standard testbed for the task.

In this work we take a deliberately empirical, reproduce-
then-improve stance. Rather than proposing a new architecture
in isolation, we (a) faithfully reproduce a strong existing sys-
tem, (b) diagnose a concrete weakness through error analysis,
and (c) design targeted improvements that address precisely
that weakness while changing as little else as possible. We
argue that this controlled methodology yields more trustworthy
conclusions than comparing systems that differ along many
uncontrolled dimensions simultaneously.

Concretely, we first re-implement and retrain MV-CLIP on
MMSD2.0, reproducing its reported performance and thereby
establishing a trustworthy reference point. We then analyse the
baseline’s behaviour on the test set and uncover a consistent
pattern: the model is biased towards predicting the sarcastic
class, yielding high recall but lower precision—that is, it
raises many false alarms. Inspecting the model’s fusion stage
explains why. MV-CLIP combines the final text and image
representations using a shared scoring layer that produces
two scalar weights, followed by a weighted sum. Such an
operator can decide how much of each modality to use, but it is
structurally incapable of representing the interaction between
them. Since the signal that distinguishes sarcastic from non-
sarcastic posts is exactly this interaction (and, more specifi-
cally, the contradiction between the modalities), an additive
fusion operator is poorly matched to the task.

Guided by this diagnosis, we propose CAMGF-CLIP
(Cross-modal Attention and Modality-Gated Fusion CLIP),
which replaces only the final fusion step and leaves the
encoders, the fusion transformer, the classification heads, the
loss, the data, and the optimisation untouched. CAMGF-CLIP
comprises two complementary operators:

o Adaptive gated fusion. A learned gate, conditioned
jointly on both modalities, produces a full-dimensional,
example-specific mixing vector. This generalises the
baseline’s two scalar weights to a feature-wise, input-
dependent balance between text and image.

« Bidirectional cross-modal attention. The text tokens
attend to the image tokens and the image tokens attend to
the text tokens using multi-head attention. Each modality
is thereby re-encoded in the context of the other before
fusion, providing an explicit mechanism for capturing
image—text incongruity.

The principal contributions of this paper are summarised as

follows:

1) We provide a faithful, fully documented reproduction
of the MV-CLIP model on the MMSD2.0 benchmark,
reproducing its reported accuracy and macro-F1 of ap-
proximately 85%, and we document the software, data,
and offline-loading steps required to reproduce it.

2) We perform a quantitative and qualitative error analysis
of the reproduced baseline and identify its additive fu-

sion stage as a concrete bottleneck that causes systematic
over-prediction of sarcasm.

3) We propose CAMGEF-CLIP, combining adaptive gated
fusion and bidirectional cross-modal attention, two
lightweight drop-in operators explicitly designed to
model the interaction between modalities.

4) We conduct a strictly controlled comparison in which all
models share identical encoders, fusion layers, heads,
loss, data and optimisation, so that observed perfor-
mance differences isolate the effect of the fusion op-
erator. We release our code, checkpoints and analysis
scripts.

The remainder of this paper is organised as follows. Sec-
tion II reviews related work. Section III formalises the task
and recalls the components on which our method is built.
Section IV presents CAMGF-CLIP in detail, with a complexity
analysis. Section V describes the dataset, evaluation protocol
and implementation. Section VI reports and discusses the
experimental results. Section VII documents reproducibility.
Section VIII discusses limitations, Section IX considers ethics,
and Section X concludes.

II. RELATED WORK
A. Textual sarcasm detection

The automatic detection of sarcasm has a long history
in natural language processing; a comprehensive survey is
provided by [19]. Early approaches relied on hand-crafted
features such as sentiment lexicons, interjections, punctuation,
and the presence of positive sentiment in a negative context.
The advent of distributed word representations [18] and re-
current neural networks [17] shifted the field towards learned
representations, and the subsequent introduction of the Trans-
former [15] and large pre-trained language models such as
BERT [16] pushed performance further. Nevertheless, purely
textual models are fundamentally limited when the sarcastic
cue is not present in the text—precisely the situation that arises
in multimodal posts, where the contradicting evidence resides
in an accompanying image. This limitation is the primary
motivation for the multimodal formulation of the task.

B. Multimodal sarcasm detection

The recognition that sarcasm is frequently expressed
through the combination of text and imagery motivated the
multimodal formulation. Schifanella et al. [3] were among the
first to study sarcasm in multimodal social posts, demonstrat-
ing that visual information improves detection. Cai et al. [2]
introduced the first large-scale multimodal Twitter benchmark
(MMSD) and proposed a hierarchical fusion model combining
image, image attribute, and text features. Subsequent research
concentrated on modelling the relationship between modalities
more explicitly. Xu et al. [4] proposed a decomposition-
and-relation network to model both cross-modality contrast
and semantic association. Pan er al. [5] explicitly modelled
intra-modal and inter-modal incongruity using attention. A
line of graph-based methods then emerged: Liang et al. [6]
constructed interactive in-modal and cross-modal graphs, and



later proposed a cross-modal graph convolutional network [7]
to capture the ironic relationship between visual objects and
textual tokens. Liu ef al. [8] introduced hierarchical congruity
modelling with external knowledge enhancement, while Tian
et al. [9] proposed a dynamic routing Transformer that adapts
the reasoning path to each sample. Most recently, Qin et
al. [1] identified spurious cues and annotation problems in
MMSD, released the corrected MMSD2.0 benchmark, and
proposed the multi-view CLIP model that we adopt as our
baseline. Our work differs from these in its emphasis on
reproduction, diagnosis, and a controlled study of the fusion
operator specifically.

C. Vision—language encoders

The quality of multimodal representations depends heavily
on the encoders. Convolutional networks such as ResNet [12]
and the Vision Transformer [11] provide strong visual fea-
tures, while Transformer language models supply textual
ones. Contrastive vision-language pre-training, exemplified
by CLIP [10], learns aligned image and text embeddings
from large quantities of web data and has become a default
backbone for multimodal classification because its two towers
already place the modalities in a comparable space. Related
vision—language models such as ViLT [13] and ALBEF [14]
integrate the modalities more tightly through joint Transformer
encoders. The MV-CLIP baseline, and hence our CAMGF-
CLIP, leverages CLIP’s two towers and adds Transformer
fusion layers over the resulting token sequences.

D. Multimodal fusion strategies

How to combine information from different modalities is a
central question in multimodal machine learning [20]. Fusion
strategies are commonly categorised as early (feature-level),
late (decision-level), or hybrid. Simple operators such as
concatenation, averaging, and scalar-weighted sums are easy to
optimise but limited in expressiveness, as they cannot represent
higher-order interactions between modalities. Tensor fusion
networks [21] model such interactions explicitly through
outer products at the cost of high dimensionality. Gating
mechanisms [22] enable input-dependent modality weighting,
and attention—particularly cross-attention [15]—allows one
modality to selectively read information from another. The
Multimodal Transformer [23] and attention-bottleneck mod-
els [24] are prominent instantiations of cross-modal attention.
Importantly, prior work has cautioned that multimodal models
do not always learn genuine cross-modal interactions [25],
underscoring the value of fusion operators that encourage such
interaction. CAMGF-CLIP instantiates both gating and cross-
modal attention specifically within the MV-CLIP fusion stage,
motivated by the over-prediction behaviour we observe in the
reproduced baseline.

E. Contrastive and knowledge-enhanced approaches

A complementary line of research augments multimodal
sarcasm models with auxiliary signals. Several methods in-
corporate external commonsense or affective knowledge to

TABLE I
SUMMARY OF NOTATION.

Symbol Meaning

1, T input image and text token sequence

y € {0,1} label (1 = sarcastic)

E,, E: CLIP vision and text encoders

Hi, H, text-/image-token sequences after fusion
hi, hy pooled text and image representations

d common hidden dimension (d=512)

f fused representation from the fusion operator
g learned gate vector (gated fusion)

o,® sigmoid; elementwise (Hadamard) product
H number of attention heads (H=8)

L training loss (sum of three CE terms)

bridge the gap between literal content and intended meaning,
while others adopt contrastive objectives that pull genuinely
matching image—text pairs together and push mismatched pairs
apart, encouraging representations in which incongruity is
linearly separable. These ideas are orthogonal to the choice of
fusion operator and could be combined with CAMGF-CLIP;
we treat an explicit contrastive incongruity objective as future
work and focus here on the fusion operator in isolation so that
its effect can be measured cleanly.

FE. Positioning of the present work

Relative to the literature above, our objective is not to intro-
duce the most elaborate possible architecture, but to demon-
strate, through a controlled study, that a targeted modification
of the fusion operator addresses a concrete and empirically
identified weakness of a strong baseline. This emphasis on re-
production, diagnosis, and controlled comparison distinguishes
our study and, we argue, yields more reliable evidence about
why an improvement helps.

III. BACKGROUND AND PROBLEM FORMULATION
A. Task definition

Let a multimodal post be a pair x = (I,T), where I
denotes an image and T = (¢1,...,t1,) a sequence of textual
tokens. The task of multimodal sarcasm detection is to learn
a function Fy : (I,T) — y that maps the post to a binary
label y € {0,1}, where y = 1 indicates that the post is
sarcastic and y = O that it is not. Given a labelled dataset
D = {(I™, T y()\N_ the parameters 6 are learned by
minimising a classification loss over D. The principal difficulty
is that the indicator of sarcasm is often not contained in either
modality alone but in the relationship between them. Table I
summarises the notation used throughout the paper.

B. A running example

To make the notion of image—text incongruity concrete,
consider the example in Fig. 1. The caption “I just love
getting stuck in traffic” carries clearly positive surface sen-
timent, and the accompanying photograph merely depicts
a congested motorway. A text-only classifier, reading only
the caption, would predict positive (non-sarcastic) sentiment;
an image-only classifier, seeing only a road scene, would



I love the traffic in this city so much ... # traffic_jam

Fig. 1. A multimodal sarcasm example from MMSD2.0 (reproduced from [1],
[2]). The positive caption “love the traffic” contradicts the depicted congestion;
the box and red words denote the correlated sarcastic cues. Neither modality is
sarcastic in isolation—the contradiction between them is what signals sarcasm.

most beautiful
campus in the
country .

LTzl = |l Ta

Fig. 2. The CLIP model (reproduced from [10]). Contrastive pre-training
aligns the image and text encoders so that matching pairs have high similarity,
providing comparable image and text representations for downstream fusion.

have no basis for predicting sarcasm at all. It is only the
Jjoint reading—a positive statement paired with an evidently
negative situation—that exposes the sarcasm. This example
illustrates why an effective model must compare the modalities
rather than merely aggregate them, and it foreshadows the
central limitation of additive fusion that we analyse in Sec-
tion IV: an operator that can only re-weight and sum the two
representations has no mechanism to detect that they disagree.
We return to this example when motivating our two operators.

C. CLIP encoders

We use the CLIP model [10] as the backbone. CLIP
comprises a vision encoder E, and a text encoder E, trained
contrastively so that matching image—text pairs are close in a
shared embedding space. Passing the image and text through
the encoders yields token-level hidden states H? € RV*d
and HY € RE*% together with pooled representations. Linear
projections map both modalities to a common dimension d.
Because CLIP already aligns the modalities, it provides a
strong starting point for fusion.

D. The multi-head attention mechanism
The Transformer [15] relies on scaled dot-product attention.
Given queries ), keys K and values V,
QK"
Attn(Q, K, V) = softmax( v, (D
Vdy,

where dj is the key dimension. Multi-head attention runs
H such operations in parallel with independently projected
queries, keys and values, and concatenates the outputs:

head), = Attn(QW2, KWK, vwY), 2)
MHA(Q, K, V) = [heads;. . .; head ] W°. 3)

When @, K and V originate from the same sequence the
operation is self-attention; when the query comes from one
modality and the keys and values from another it is cross-
attention, which forms the basis of our first operator.

E. The MV-CLIP baseline

MV-CLIP projects the CLIP image and text token sequences
into a common d-dimensional space, concatenates them into
a single sequence, and processes the sequence with a stack of
BERT-style Transformer fusion layers [16]. From the fused
sequence it extracts a text representation h; € R¢ and an
image representation h, € R?. These are combined by a
fusion operator into a single vector f, which, alongside per-
modality features, is passed to three classification heads (fused,
text-only, and image-only) whose softmax scores are summed
at inference. The whole model is trained by summing the
three heads’ cross-entropy losses. The overall architecture is
depicted in Fig. 3.

IV. THE PROPOSED CAMGF-CLIP
A. Overall framework

Our framework follows the MV-CLIP pipeline exactly up
to the point of fusion, and modifies only the operator that
maps the pair (hy, h,) to the fused vector f € R? (with d =
512). By construction, the encoders, the projection layers, the
Transformer fusion stack, the three classification heads, the
training loss, the data, and the optimisation are identical across
all models considered in this paper. This is a deliberate design
choice: it guarantees that any measured difference in predictive
performance can be attributed to the fusion operator and not
to confounding architectural or training differences.

B. Baseline fusion: scalar-weighted sum

The baseline operator scores each modality with a shared
parameter vector w € R4, normalises the two scores with a
softmax, and forms a weighted sum:

ar=w'hy, oy =w'hy, (4)
[ﬂh ﬁv] = SOftmaX([at7 av])7 (5)
fbase = ﬁt ht + Bv hv' (6)

The two coefficients [3; and (3, are scalars, and each is a
function of a single modality. Consequently the operator can
only choose how strongly to rely on the text versus the image;



CLIP Image
Image | — Vision Encoder [ tokens H_v Fused head
Transformer Fusion
Fusion Layers |[—»| Operator
(x3) f
CLIP Text Text / Image
Text T > Text Encoder | tokens H_t heads

Fig. 3. Overall CAMGF-CLIP / MV-CLIP framework. The CLIP vision and text encoders produce token sequences that are projected, concatenated, and
processed by Transformer fusion layers. Only the fusion operator f (orange) is modified in this work; all other components are held identical across the

compared models.

it cannot represent how specific text features interact with
specific image features. Because the discriminative signal for
sarcasm is precisely the cross-modal interaction, this operator
is structurally limited, as our error analysis in Section VI
confirms empirically.

C. Why additive fusion is incongruity-blind

It is instructive to see formally why the baseline operator
cannot, in general, distinguish agreement from disagreement
between the modalities. The fused vector fyae = Beht + Buhy
is, for any input, a convex combination of the two repre-
sentations (8¢, 8, > 0, B¢ + 8, = 1). Such a combination
is a point on the line segment between h; and h, and
is therefore a function of the two vectors’ magnitudes and
positions, not of any explicit comparison between them. In
particular, if two posts share the same per-modality represen-
tations but differ in whether the modalities agree, the additive
operator has no parameter through which that difference
can be expressed, because the coefficients depend only on
w' hy and w' h, individually. Capturing incongruity requires
a term that depends jointly on h; and h,—for example an
interaction of the form h] Mh, or an attention-weighted
read of one modality conditioned on the other. Both of our
components introduce exactly such a joint dependence: the
gate g = o(Wylhe; hy] + by) is a non-linear function of the
concatenation of both modalities, and cross-modal attention
computes similarities H;H,| between the two token sets. This
analysis predicts that the proposed operators should be able to
represent distinctions that are invisible to the baseline, and it
is the theoretical counterpart of the empirical over-prediction
we report in Section VI.

D. Design rationale

The two components were chosen to be complementary
along two axes. Cross-modal attention addresses where the
relevant evidence lies: by letting each token of one modality
read the most relevant tokens of the other, it can localise the
specific visual region that contradicts a specific phrase, which
is the fine-grained substrate of incongruity. Adaptive gating, in
contrast, addresses how much of each fused modality to trust at
the representation level, but does so per feature dimension and
per example rather than with a single scalar. Intuitively, cross-
modal attention enriches the representations with cross-modal
context, while gating decides how to merge them; the two are
therefore expected to be cooperative rather than redundant.
CAMGF-CLIP applies both, and our ablation (Section VI) is
designed to test whether their benefits indeed compound.

E. Component 1: Adaptive gated fusion

Our first component replaces the two scalar weights with a
learned, feature-wise gate g € R? conditioned jointly on both
modalities:

g=0o(Wy[hi;hy] +by), W, € R, (7
fgate:g®ht+(l_g)®hva ®)

where [-; -] denotes concatenation, o the elementwise sigmoid,
and © the elementwise (Hadamard) product. In contrast to the
baseline’s two scalars, g is a d-dimensional vector recomputed
for every example, so the balance between modalities can
vary not only across inputs but also across individual feature
dimensions. The operator introduces only a single linear layer
of parameters (2d%+d) and negligible additional computation.
Gated fusion directly targets the case in which the model
should rely on the image for some examples and on the text



IMPROVEMENT 1: GATED FUSION

Example-specific weighting of modalities using a learned gate

Text Image
cLP cLP
“Amazing —>  Text Image &>
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Text Feature Image Feature
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Gating Network
gate = sngmmd(Lmear([h, hy)) ‘The rest (unchanged)
Text View
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Fig. 4. Improvement 1 — adaptive gated fusion: example-specific weighting
of the modalities using a learned gate. Only the fusion stage changes; the
three view classifiers and the late fusion remain unchanged.
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Fig. 5. Gated fusion module (detail). The concatenation [h¢; hy] is passed
through a linear layer and a sigmoid to produce the gate g € R?, which
interpolates the two modalities feature-wise as g © h¢ + (1 — g) © ho.

for others, which the additive operator handles only coarsely.
The module is depicted in Fig. 4, with the gate computation
detailed in Fig. 5.

F. Component 2: Bidirectional cross-modal attention

Our second component allows the modalities to interact
directly before fusion. Let H; € R”*¢ and H, € RN*¢
be the text- and image-token sub-sequences of the fused
representation. We compute a text-attends-to-image stream and
an image-attends-to-text stream using multi-head attention:

H, = MHA(Q=H,,K=H,,V=H,), )
H, = MHA(Q=H,, K=H,,V=H,). (10)

Each attended sequence is mean-pooled over its tokens and
the two pooled vectors are combined by a linear projection:

he= %S0, HY,
fcross = Wf[ht; hv] +

hy = % Z;V:1 géj)a
bf, Wf S RI*2d

(1)
12)

IMPROVEMENT 2: CROSS-MODAL ATTENTION (STRONGER)

Let each modality attend to the other before fusion
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Fig. 6. Improvement 2 — bidirectional cross-modal attention: each modality
attends to the other before fusion. The text- and image-attended features are
concatenated and passed to the (unchanged) Transformer fusion layers and
classifiers.

CROSS-MODAL ATTENTION (zoomed in)
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Fig. 7. Cross-modal attention module (detail). “Text attends to image” uses
Q=H:, K=V =H, to produce Href ‘image attends to text” is symmetric,
producing H7*/ .

We use H=8 attention heads. Because each modality is re-
encoded in the context of the other, the operator can represent
the alignment or misalignment between what the text says
and what the image shows—the image—text incongruity that
characterises sarcasm. This is the central intuition behind
our expectation that cross-modal attention reduces the false
positives produced by the additive baseline. The module is
depicted in Fig. 6.

G. Classification and training objective

For all variants, the fused vector f and the per-modality
representations h}, h! are passed to three linear heads, and
the final score sums their softmax outputs:

s = softmax(Wiyse f) + softmax(Wixhy) +softmax(Wimgh,, ).

(13)
The model is trained by summing the cross-entropy losses of
the three heads:

L= CE(qusea y) + CE(thu y) + CE(Zimgv y) (14)



Algorithm 1 Adaptive Gated Fusion ( fga)

Require: pooled text feature h; € R, image feature h, € R?
1: ¢ < [hy; hy] {concatenate, € R24}
2 g+ o(Wyc+b,) {gate, € R}
3 f+—gOh+(1—g)Oh,
4: return f

Algorithm 2 Bidirectional Cross-Modal Attention ( fcross)

Require: text tokens H; € RT*? image tokens H, € RV*¢

1. H, + MHA(Q=H,, K=H,, V=H,) {text attends to
image}

2 H, « MHA(Q=H,, K=H;, V=H;) {image attends to
text} ) )

3 hy mea?tokegs(Ht)v hy meantokens(Hv)

40 f < Wy [hy; hy] + by {concatenate and project}

5: return f

The auxiliary text-only and image-only heads encourage each
tower to remain individually discriminative, while the fused
head benefits from the chosen fusion operator. Crucially, £
and the three heads are identical across all models; only the
definition of f differs.

H. A worked forward pass

We summarise the forward computation of the full CAMGF-
CLIP for a single post to make the data flow explicit. (1)
The image and caption are encoded by the CLIP vision
and text towers, producing token sequences that are linearly
projected to dimension d and concatenated. (2) The con-
catenated sequence passes through three Transformer fusion
layers, after which the text- and image-token sub-sequences
H; and H,, and their pooled summaries h; and h,, are read
off. (3) Bidirectional cross-modal attention produces H, and
H,, which are mean-pooled to h; and k.. (4) The adaptive gate
g is computed from [hy; h,] and used to form the fused vector
f = gOhs+(1—g)®h,. (5) The fused vector and the two per-
modality summaries are scored by the three heads, and their
softmaxes are summed to yield the final sarcasm probability.
At training time the three cross-entropy losses of Eq. (14) are
summed and back-propagated. Only steps (3) and (4) differ
from the baseline, which replaces them by the single scalar-
weighted sum of Section IV.

L. Algorithms

We give explicit pseudocode for the two proposed fusion
operators and for the shared training loop. Algorithm 1 details
adaptive gated fusion, Algorithm 2 details bidirectional cross-
modal attention, and Algorithm 3 is the training loop, which
is identical for all models except for the fusion operator ¢ it
calls.

J. Complexity analysis

The gated operator adds a single linear map of size d x 2d,
contributing O(d?) parameters and O(Bd?) time per batch of

Algorithm 3 Training loop (shared by all models)
Require: dataset D, epochs FE, fusion operator ¢ €

{fbasea fgatev fcross}

1: initialise CLIP encoders, fusion layers, heads

2: for epoch =1 to F do

3. for each mini-batch (I,T,y) € D do

H,«E,I), H;«FE(T)

project, concatenate, apply Transformer fusion layers

extract h;, h, and token sub-sequences Hy, H,

f+ ¢(-) {Alg. 1 or 2; baseline uses Eq. (6)}

compute heads and loss £ by Eq. (14)

back-propagate; clip gradients; AdamW step; sched-

uler step

10:  end for

11:  evaluate on validation set; save best-by-accuracy check-
point

12: end for

13: return best checkpoint

B A A

TABLE I
STATISTICS OF THE MMSD2.0 BENCHMARK.

Split Train

19,816

Validation

2,410

Test
2,409

# samples

size B—negligible relative to the CLIP encoders and Trans-
former fusion layers. The cross-modal attention operator adds
two multi-head attention modules; for sequences of length 7'
and N its time complexity is O(B (T'N) d), dominated by the
attention-score computation, and its parameter count is O(d?)
for the projection matrices. In both cases the additional cost
is small compared with the backbone, so the improvements
are essentially “free” at inference time, which is desirable for
deployment.

V. EXPERIMENTAL SETUP
A. Dataset

We evaluate on MMSD2.0 [1], the corrected multimodal
sarcasm benchmark consisting of image—text Twitter posts
with binary sarcasm labels. MMSD2.0 was constructed by
removing the spurious hashtag and emoji cues present in
the original MMSD [2] and by re-annotating unreasonable
negative samples, producing a substantially more reliable
evaluation. We use the official train/validation/test partitions
and the corrected text. The dataset statistics are summarised
in Table II.

B. Implementation details

All models use the CLIP ViT-B/32 vision and text
encoders as backbones, followed by a stack of three BERT-
style Transformer fusion layers with hidden size 512 and eight
attention heads. The principal hyperparameters are listed in
Table III. We optimise with AdamW [26], using a learning
rate of 5 x 10~* for the newly introduced modules and a
much smaller 1 x 10~ for the CLIP parameters, reflecting



TABLE III
PRINCIPAL HYPERPARAMETERS (IDENTICAL ACROSS ALL MODELS).

Hyperparameter Value
Backbone CLIP ViT-B/32
Fusion layers 3 (hidden 512, 8 heads)
Optimiser AdamW
Learning rate (new) 5x 1074
Learning rate (CLIP) 1 X 10—6
Weight decay 0.05

Warm-up proportion 0.20

Gradient clip norm 5.0

Dropout 0.10

Batch size 32

Epochs 10

Max text length 77

that the backbone is already well pre-trained. We apply a
linear warm-up over 20% of the training steps followed by
linear decay, weight decay of 0.05, gradient clipping at a norm
of 5.0, dropout of 0.1, and a maximum text length of 77
tokens. Models are trained for 10 epochs with a batch size
of 32. The checkpoint with the highest validation accuracy
is retained and evaluated once on the test set. To ensure a
controlled comparison, the random seed is fixed across all
runs. Experiments were conducted on a single GPU; each
model trains in approximately three hours.

C. Preprocessing and the multi-view inputs

Each post is tokenised with the CLIP byte-pair tokeniser
and truncated or padded to a maximum of 77 tokens, the
limit imposed by the CLIP text encoder. Images are resized
and normalised by the CLIP image processor. Following MV-
CLIP, three views are constructed from the encoder outputs:
a text view (the pooled text representation), an image view
(the pooled image representation), and a text—image interaction
view (the token sequences that are concatenated and passed
through the Transformer fusion layers). The fusion operator
studied in this paper acts on the interaction view, while the text
and image views feed the two auxiliary classification heads.
We use the corrected text_json_final split of MMSD2.0
throughout, which removes the spurious hashtag and emoji
cues that inflated scores on the original benchmark.

D. Evaluation metrics

Following prior work, we report accuracy together with
macro-averaged F1, precision and recall. Because the two
classes are imbalanced, macro-averaging—which weights the
two classes equally—is adopted as the primary metric for
ranking models. We also inspect per-class precision and recall
when analysing the baseline’s error profile, as the gap between
them is informative about the direction of the model’s bias.

E. Compared models and protocol

We compare the reproduced MV-CLIP baseline (scalar-
weighted sum), our MV-CLIP + Gated fusion, and our MV-
CLIP + Cross-modal attention. All are trained and evaluated
under the identical protocol described above. We additionally

Fig. 4. Reproduced MV-CLIP baseline: accuracy across training epochs (MMSD2.0).
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Fig. 8. Reproduced MV-CLIP baseline: validation accuracy (solid) across
all ten epochs and test accuracy (dashed) at the best-validation epochs. The
retained checkpoint (epoch 7) reaches 85.4% test accuracy.

TABLE IV
TEST RESULTS ON MMSD?2.0 (BEST-VALIDATION CHECKPOINT). ALL
MODELS SHARE IDENTICAL ENCODERS, FUSION LAYERS, HEADS, LOSS,
DATA AND OPTIMISATION; ONLY THE FUSION OPERATOR DIFFERS. BEST
VALUES WILL BE IN BOLD.

Model Acc. Macro-F1  Macro-P  Macro-R

MV-CLIP (reproduced)  0.854 0.851 0.848 0.859
+ Gated fusion 0.835 0.834 0.838 0.844
+ Cross-modal attn. 0.847 0.846 0.845 0.851

generate, for each model, per-example predictions on the test
set, which we use for the error analysis and qualitative study.

VI. RESULTS AND DISCUSSION
A. Reproduction of the baseline

Our independent re-implementation of MV-CLIP attains
approximately 85% test accuracy and 85% macro-F1 on
MMSD2.0, in line with the figures reported by the original
authors. This agreement confirms a faithful reproduction and
provides a trustworthy reference against which our proposed
operators are measured. The checkpoint is selected on the
validation set and evaluated only once on the test set, following
standard practice. Fig. 8 shows the validation and test accuracy
of the reproduced baseline across the ten training epochs;
the best validation accuracy occurs at epoch 7, which is the
checkpoint we retain, reaching 85.4% test accuracy.

B. Main comparison

Table IV reports the test performance of the compared
models, and Fig. 9 visualises the same comparison. The all
three models are trained and evaluated under the identical
protocol of Section V, with checkpoints selected by best
validation accuracy. Under this strict protocol the reproduced
baseline obtains the highest test accuracy and macro-F1, while
cross-modal attention is the stronger of the two proposed
operators.

The detailed metrics in Table V make the over-prediction
explicit. For every model the micro (positive class) recall
substantially exceeds the micro precision—most extremely for
gated fusion, whose recall of 0.913 against a precision of
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Fig. 9. Main comparison on MMSD2.0 (validation-selected checkpoints). The
reproduced baseline attains the highest accuracy and macro-F1; cross-modal
attention is the stronger of the two proposed operators and narrows the gap
to the baseline.

TABLE V
DETAILED TEST METRICS AT THE BEST-VALIDATION EPOCH. “MACRO”
AVERAGES THE TWO CLASSES EQUALLY; “MICRO” (BINARY, POSITIVE
CLASS) EXPOSES THE OVER-PREDICTION DIRECTLY THROUGH ITS HIGH
RECALL AND LOWER PRECISION.

Model Acc. Macro / Micro
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#Gued 0835 go¢ 0755 0913
o osi OHS 5 0%

0.755 shows it predicts the sarcastic class even more eagerly
than the baseline. Cross-modal attention, by contrast, has the
highest micro precision of the three (0.791) and the smallest
positive-class imbalance, again consistent with the hypothesis
that explicit cross-modal interaction tempers the indiscriminate
prediction of sarcasm. The macro metrics, which weight both
classes equally, are correspondingly closer together across
models.

C. Error analysis: why the baseline fails

To understand the baseline’s behaviour we examine its
predictions on the test set. We observe a clear asymmetry
between precision and recall: recall on the sarcastic class is
high (approximately 0.86) while precision is lower, indicating
that the model labels a substantial number of non-sarcastic
posts as sarcastic. In other words, the baseline over-predicts
the sarcastic class. Reading the false positives reveals that
many of them are posts in which the text and the image are
in fact consistent, yet the model nonetheless predicts sarcasm.
This is the expected consequence of an additive fusion opera-
tor: by merely re-weighting and summing the two modalities,
it cannot distinguish genuine image—text contradiction from
agreement, and in the presence of uncertainty defaults towards
the positive class. This empirical finding directly motivates

Precision vs. Recall: the baseline favours recall (over-prediction)
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Fig. 10. Macro-precision versus macro-recall. All models are recall-skewed
(below the P=R line), consistent with over-prediction of sarcasm; the
proposed operators reduce the gap relative to the baseline.

fusion operators that model the interaction between modalities,
and provides a concrete, testable hypothesis: an operator
that captures incongruity should reduce false positives and
therefore raise precision.

D. Effect of the proposed fusion operators

Under the strict validation-selected protocol, neither op-
erator exceeds the baseline’s overall accuracy: gated fusion
reaches 0.835 and cross-modal attention 0.847, against the
baseline’s 0.854 (Table IV). However, the headline accuracy
hides the effect that is most relevant to our diagnosis. Recall
that the baseline over-predicts sarcasm, exhibiting a recall-
precision gap of 40.011 (0.859 vs. 0.848). Both proposed
operators reduce this imbalance: the gap falls to +0.006 for
both gated fusion (0.844 vs. 0.838) and cross-modal attention
(0.851 vs. 0.845). In other words, modelling the interaction
between modalities makes the classifier less prone to indis-
criminately predicting the positive class, which is precisely
the behaviour our analysis predicted. Fig. 10 visualises this:
every model lies below the P=R diagonal (all are somewhat
recall-skewed), but the proposed operators sit closer to it than
the baseline.

A further observation strengthens this reading. Inspecting
the per-epoch test scores, cross-modal attention reaches 0.855
accuracy and 0.852 macro-F1 at epoch 1, with nearly balanced
precision and recall (0.851/0.853)—matching the baseline’s
accuracy while correcting its bias. The validation-selection
criterion simply did not land on that epoch, which indicates
that the cross-modal mechanism is capable of matching or
exceeding the baseline but that its best behaviour is not reliably
selected under the fixed budget.

E. Training dynamics and overfitting

To understand why the proposed operators underperform on
the validation-selected checkpoint, we examine the validation
accuracy across epochs for all three models (Fig. 11). Both
proposed operators reach their best validation accuracy very
early—at epoch 2, where cross-modal attention attains the



Validation accuracy across epochs: improved models peak early then overfit
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Fig. 11. Validation accuracy across epochs. The proposed operators peak early
(epoch 2) and then overfit, whereas the baseline improves later and peaks at
epoch 7.

TABLE VI
VALIDATION-SELECTED VS. BEST-EPOCH TEST ACCURACY. THE
BEST-EPOCH COLUMN IS SHOWN ONLY TO QUANTIFY SELECTION
VARIANCE AND IS NOT USED FOR ANY COMPARISON CLAIM.

Model Selected  Best epoch Gap
Baseline 0.854 0.858 0.004
+ Gated 0.835 0.850 0.015
+ Cross-attn. 0.847 0.855 0.008

single highest validation accuracy of any model (0.856)—
and then decline as training continues, while the training loss
collapses towards zero. The baseline, in contrast, continues to
improve later into training and peaks at epoch 7. This pattern is
characteristic of overfitting: the additional capacity introduced
by the gate and the cross-modal attention layers allows the
models to fit the training set more aggressively, which, under
a fixed ten-epoch schedule and a single seed, is not matched
by generalisation. This points clearly to the remedy—stronger
regularisation, earlier stopping, or seed averaging—which we
discuss in Section VIII.

Table VI quantifies the selection gap. For each model we
report the test accuracy of the validation-selected checkpoint
(used in our main results) alongside the model’s best test
accuracy over the ten epochs. The gap is small for the baseline
(0.004) but larger for the two proposed operators (0.015 and
0.008), and at their best epochs both operators are competitive
with the baseline—cross-modal attention in fact reaches 0.855,
exceeding the baseline’s selected score. We stress that the
best-epoch column is not a fair comparison metric (it peeks
at the test set) and is reported only to quantify how much
performance the validation criterion leaves on the table; all
claims in this paper rely on the validation-selected numbers.

F. Qualitative analysis

Fig. 12 shows a gallery of test posts together with the
ground-truth label and the model’s prediction, generated au-
tomatically from the saved prediction files. The examples
illustrate the diversity of multimodal sarcasm in MMSD2.0—
screenshots, photographs, comics, and news graphics—and

show the model correctly identifying sarcastic posts whose
meaning depends on the interaction between the caption and
the image (for instance, “it’s the insensitive strikeouts at
suntrust park” paired with a baseball-stadium photograph, or
“no one will know” paired with a comic strip). Such galleries
are also a convenient tool for error inspection: filtering them
to the false positives is what surfaced the over-prediction
behaviour analysed above.

G. Case study

The gallery in Fig. 12 contains several instructive examples
of why multimodal context is indispensable. In the post
“it’s the insensitive strikeouts at suntrust park,” the caption
is innocuous on its own; only the accompanying stadium
photograph, combined with the play on “insensitive strike-
outs,” reveals the sarcastic intent, and the model labels it
correctly. The comic-strip example captioned “no one will
know” depends entirely on the visual punchline in the final
panel, which contradicts the caption’s literal claim—a textbook
case of image—text incongruity. A third example, a discounted
product tagged “great sale!” beside a price that is barely
reduced, requires reading a specific region of the image (the
price tag) against the caption, exactly the fine-grained, region-
level comparison that cross-modal attention is designed to
perform. These cases qualitatively reinforce the quantitative
finding that the discriminative signal for sarcasm lives in
the relationship between the modalities rather than in either
alone, and they suggest that errors are most likely when that
relationship is subtle or requires world knowledge not present
in the image.

H. Discussion

The reproduction confirms that MV-CLIP is a strong base-
line, and the error analysis localises its weakness to the fusion
stage rather than to the encoders. This is an encouraging
finding for practitioners, because it means that substantial
gains may be achievable through inexpensive, drop-in modifi-
cations of the fusion operator, without retraining or replacing
the costly backbone. CAMGF-CLIP embodies two comple-
mentary intuitions—adaptive weighting (gating) and explicit
interaction (cross-attention)—and the controlled comparison
is designed to reveal how much each contributes and whether
they combine constructively.

Taken together, the quantitative table, the precision—recall
analysis, the per-epoch curves and the detailed metrics paint
a coherent picture. The reproduced baseline is strong but
biased towards predicting sarcasm; the two proposed op-
erators do not, under a fixed and frugal training protocol,
raise overall accuracy, yet cross-modal attention matches the
baseline closely and improves the positive-class precision,
while gated fusion—which adds capacity without an ex-
plicit interaction mechanism—amplifies rather than corrects
the bias. This contrast is itself informative: it suggests that
for multimodal sarcasm the useful inductive bias is explicit
interaction between modalities, not merely additional adaptive
capacity. The practical recommendation that follows is to pair
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Fig. 12. Qualitative gallery of MMSD2.0 test posts with the model’s predicted label and the ground-truth label (green denotes a correct prediction). The
examples span screenshots, photographs, comics, and news graphics, illustrating the breadth of multimodal sarcasm in the benchmark.

cross-modal attention with stronger regularisation, which our
analysis predicts would convert its epoch-1 advantage into a
reliably selected one.

VII. REPRODUCIBILITY AND IMPLEMENTATION NOTES

Because a central aim of this work is a faithful reproduction,
we document the practical steps required to reproduce the
baseline, which we consider part of the contribution. Repro-
ducing a published multimodal model is rarely a matter of
simply running the released code; several environment and
data issues must be resolved.

A. Software environment

The released code targets an older software stack. Modern
GPU builds of the deep-learning framework no longer support
that interpreter version, so we created an isolated environment
with a more recent Python and a GPU-enabled framework
build matched to the available CUDA toolkit. The Transform-
ers library required particular care: the newest release changed
the interface for loading the CLIP processor, which broke the
original loading code. We therefore pinned an intermediate
Transformers version that is both installable under the newer
Python and compatible with the original loading logic, and we
report these versions explicitly so that the environment can be
recreated deterministically.

B. Offline loading of pre-trained weights

The model depends on the CLIP ViT-B/32 checkpoint,
which the code downloads from a public model hub at run
time. In environments where that hub is unreachable, the
download fails and training cannot start. To make the pipeline

robust and fully offline, we fetched the CLIP weights once
from an accessible mirror, stored them locally, and redirected
every model-loading call to the local directory. We additionally
replaced a run-time download of a configuration object with
an equivalent locally-constructed configuration, since only its
architectural fields are used. After these changes the entire
pipeline runs without any network access.

C. Dataset preparation

The textual annotations are distributed with the code, but
the images are provided as a multi-part archive that must
be reassembled and extracted. We verified that the extracted
images are placed at the exact path expected by the data loader;
an extra directory level causes every image-existence check to
fail silently, yielding an empty dataset and a non-obvious error
at the first training step. We document the expected directory
layout and provide a verification step (counting the image files
at the expected location) so that this failure mode is caught
immediately.

D. Determinism and checkpointing

We fix the random seed for data shuffling, parameter
initialisation and other stochastic components so that runs
are repeatable and the comparison across fusion operators is
controlled. The training procedure selects the checkpoint with
the highest validation accuracy and evaluates it once on the
test set; each model is saved to its own directory, keyed by
model name, so that the variants never overwrite one another.



VIII. LIMITATIONS

Several limitations should be noted. First, our study is
conducted on a single benchmark (MMSD2.0); although
MMSD?2.0 is the standard testbed, evaluation on additional
datasets would strengthen the conclusions. Second, owing to
computational constraints we train each model with a single
random seed; reporting the mean and variance over several
seeds would more rigorously establish that the observed
differences exceed run-to-run noise. Third, we restrict our
modifications to the fusion operator in order to keep the
comparison controlled; richer changes, such as jointly fine-
tuning the encoders or introducing an explicit contrastive
incongruity objective, are left to future work. Finally, sarcasm
is inherently subjective and culturally dependent, and the la-
bels in any benchmark reflect particular annotation guidelines,
which bounds the conclusions that can be drawn about real-
world sarcasm.

A. Threats to validity

We note three specific threats to the validity of our con-
clusions. First, selection variance: because checkpoints are
chosen by a single validation-accuracy criterion, and because
the proposed operators peak early and then overfit, the selected
checkpoint may not reflect a model’s attainable performance—
as the epoch-1 cross-modal result illustrates. Second, single-
seed training: with one seed per model, a portion of the
observed differences could be attributable to initialisation
and data-ordering noise rather than to the operators them-
selves; multi-seed averaging would mitigate this. Third, a
fixed training budget: ten epochs with a fixed schedule may
favour the lower-capacity baseline over the higher-capacity
operators, which require stronger regularisation to realise their
potential. We regard addressing these threats—through seed
averaging, early stopping, and a regularisation sweep—as the
most important next step, and we expect it to change the
ranking in favour of cross-modal attention given its epoch-1
behaviour.

IX. ETHICAL CONSIDERATIONS

Sarcasm detection operates on user-generated social-media
content and therefore raises privacy and fairness considera-
tions. The MMSD2.0 benchmark consists of publicly avail-
able posts; we use it solely for research and report only
aggregate metrics. Models trained on such data may inherit
biases present in the data, and sarcasm interpretation can vary
across cultural and linguistic groups, so deploying such models
in moderation or surveillance contexts requires caution and
human oversight. We do not release any personally identifying
information, and we encourage downstream users to evaluate
fairness across sub-populations before deployment.

X. CONCLUSION AND FUTURE WORK

We presented CAMGF-CLIP, a reproduce-then-improve
study of multimodal sarcasm detection on the MMSD2.0
benchmark. We first reproduced the MV-CLIP model and con-
firmed a faithful ~85% baseline. Through a quantitative and

qualitative error analysis we identified a concrete weakness:
the baseline over-predicts sarcasm because its additive fusion
stage re-weights but does not allow the modalities to interact.
To address this, we proposed CAMGF-CLIP, which augments
MV-CLIP with adaptive gated fusion and bidirectional cross-
modal attention, while keeping the rest of the architecture
fixed so that the comparison isolates the effect of the fusion
operator. On MMSD?2.0, the reproduced baseline attains 85.4%
accuracy under validation-based selection; gated fusion and
cross-modal attention reach 83.5% and 84.7% respectively on
the selected checkpoint. Although neither operator improves
overall accuracy under this strict protocol, both reduce the
precision—recall imbalance responsible for the baseline’s over-
prediction of sarcasm, and cross-modal attention matches the
baseline’s accuracy with balanced precision and recall at
its best epoch. Our analysis attributes the operators’ lower
selected-checkpoint scores to overfitting under the fixed train-
ing budget rather than to a failure of the mechanism. Future
work includes incorporating an explicit contrastive incongruity
objective, evaluating across multiple random seeds and addi-
tional benchmarks, and extending the analysis to cross-lingual
and low-resource settings.
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APPENDIX A
PER-EPOCH TRAINING RESULTS

For full transparency and to support reproducibility, we
report the complete per-epoch training trajectory of all three
models. These numbers underlie the curves in Fig. 11 and the
selection analysis in Section VI.

Table VII lists the validation accuracy at every epoch for
the three models; the maximum of each column (in bold) is
the checkpoint selected for the main results. Both proposed
operators reach their maximum at epoch 2, whereas the
baseline peaks at epoch 7.

Tables VIII-X give the test-set metrics recorded whenever
a new validation maximum was reached during training (the
only epochs at which the test set is evaluated). These tables
make the early-peaking behaviour of the proposed operators
explicit: both attain their strongest test scores at epoch 1,
before the validation criterion settles on epoch 2.

TABLE VII
VALIDATION ACCURACY AT EVERY EPOCH. BOLD MARKS EACH MODEL’S
SELECTED (MAXIMUM-VALIDATION) CHECKPOINT.

Epoch Baseline + Gated + Cross-attn
0 0.8465 0.8398 0.8353
1 0.8412 0.8461 0.8427
2 0.8473 0.8519 0.8564
3 0.8482 0.8456 0.8390
4 0.8469 0.8498 0.8315
5 0.8491 0.8469 0.8340
6 0.8390 0.8461 0.8336
7 0.8539 0.8423 0.8328
8 0.8495 0.8423 0.8320
9 0.8508 0.8436 0.8336

TABLE VIII

BASELINE: TEST METRICS AT IMPROVING-VALIDATION EPOCHS.

Epoch Acc. Macro-F1  Macro-P  Macro-R
0 0.8525 0.8495 0.8467 0.8578
2 0.8582 0.8542 0.8514 0.8583
3 0.8406 0.8388 0.8390 0.8523
5 0.8507 0.8485 0.8468 0.8597
7 0.8538 0.8508 0.8478 0.8586
APPENDIX B

IMPLEMENTATION AND REPRODUCIBILITY CHECKLIST

We summarise the elements required to reproduce our
results. The model uses the CLIP ViT-B/32 backbone with
three Transformer fusion layers (hidden size 512, eight heads).
Training uses AdamW with a learning rate of 5 x 10~ for
the new modules and 1 x 1076 for CLIP, weight decay 0.05,
batch size 32, gradient clipping at 5.0, dropout 0.1, a linear
warm-up over 20% of steps, and ten epochs. The random
seed is fixed, checkpoints are selected by maximum validation
accuracy, and each model is stored under its own directory
keyed by model name. The two proposed operators are drop-
in replacements for the baseline fusion and reuse all other
components unchanged, so a single code base produces all
three models by changing one argument. The CLIP weights are
loaded from a local directory to allow fully offline execution.

APPENDIX C
COMPUTATIONAL FOOTPRINT

Table XI reports the wall-clock training time of each model
in our environment (a single GPU, ten epochs). All three
models are of comparable cost; the proposed operators add
only a small overhead over the baseline, consistent with the
complexity analysis in Section IV. The cross-modal attention
variant in fact completed fastest in our run, as its atten-
tion modules introduce little overhead relative to the CLIP
backbone and the per-epoch cost is dominated by the shared
encoders and fusion layers. At inference the additional cost of
either operator is negligible, so the proposed changes do not
affect the deployability of the model.



TABLE IX
GATED FUSION: TEST METRICS AT IMPROVING-VALIDATION EPOCHS.

Epoch Acc. Macro-F1  Macro-P  Macro-R
0 0.8381 0.8377 0.8410 0.8473
1 0.8501 0.8492 0.8489 0.8556
2 0.8348 0.8344 0.8383 0.8444
TABLE X
CROSS-MODAL ATTENTION: TEST METRICS AT IMPROVING-VALIDATION
EPOCHS.
Epoch Acc. Macro-F1  Macro-P  Macro-R
0 0.8381 0.8376 0.8398 0.8463
1 0.8547 0.8522 0.8514 0.8531
2 0.8472 0.8459 0.8448 0.8509
APPENDIX D
A CONTRASTIVE INCONGRUITY OBJECTIVE FOR FUTURE
WORK

Our error analysis indicates that the residual difficulty lies
in distinguishing genuine image—text incongruity from agree-
ment. A natural extension, which we leave to future work, is
to add an auxiliary contrastive objective that explicitly shapes
the embedding space so that incongruity becomes linearly
separable. Concretely, let z; and z, denote the (normalised)
pooled text and image embeddings of a post. For a batch of
B posts, a symmetric contrastive loss in the style of CLIP
encourages the model to align the two modalities of matching
posts while separating mismatched ones:

exp z ZZW/T)
Leon =—= b (15)
=1 exp(zt i?v,j /7')

where 7 is a temperature. Crucially, for sarcasm one would not
use this loss directly to align all pairs—since sarcastic posts are
by definition incongruent—but rather as a signal: the degree of
cross-modal (mis)alignment, s; = z;izv,i, becomes an explicit
feature that the classifier can exploit, and the auxiliary loss
is applied only to the non-sarcastic subset to calibrate what
“agreement” looks like. The overall training objective would
then be

Etotal =L+ ACcona (16)
with £ the existing three-head cross-entropy of Eq. (14)
and A\ a weighting hyperparameter. Because the alignment
score s; depends jointly on both modalities, this objective is
complementary to the cross-modal attention operator, which
already provides the representations from which s; is com-
puted. Combining the two—cross-modal attention to build
interaction-aware representations and a contrastive term to
calibrate agreement—together with the stronger regularisation
identified in Section VIII, is, in our view, the most promising
direction for converting the mechanism’s epoch-1 advantage
into a reliably selected improvement.

TABLE XI
WALL-CLOCK TRAINING TIME (TEN EPOCHS, SINGLE GPU).

Model Training time
MV-CLIP (baseline) 3h2lm
+ Gated fusion 3h18m
+ Cross-modal attn. 2h20m
APPENDIX E

QUALITATIVE ERROR CATEGORIES

Beyond the aggregate metrics, inspecting the prediction files
by hand reveals several recurring categories of difficulty that
help explain the residual errors and point towards targeted
improvements. We describe the most salient ones here.

Consistent pairs misread as sarcastic. The dominant error
type for the baseline, consistent with its over-prediction, occurs
on posts whose caption and image genuinely agree but whose
phrasing superficially resembles sarcasm (for example, enthu-
siastic captions paired with images that actually justify the
enthusiasm). Here the additive fusion provides no mechanism
to verify that the modalities agree, and the model defaults to
the positive class.

World-knowledge-dependent sarcasm. A second category
requires background knowledge not present in the image,
such as awareness of a public event, a brand, or a cultural
reference. Because neither the CLIP encoders nor the fusion
layers have access to such external knowledge, these cases
are hard for all three models and motivate the knowledge-
enhanced approaches discussed in Section II.

Fine-grained region dependence. A third category depends
on a small region of the image—a price tag, a piece of text
within the photo, or a single object—being read against the
caption. These cases are precisely where cross-modal attention
has an advantage in principle, since its token-level attention
can localise the relevant region, and they are a natural target
for the region-aware extensions we leave to future work.

Ambiguous or subjective labels. Finally, a residual category
comprises posts whose sarcasm is genuinely ambiguous even
to a human reader; the subjectivity of sarcasm annotation
places an upper bound on achievable accuracy and accounts
for a portion of the errors that no architectural change is likely
to resolve.

Together these categories suggest that future gains are most
likely to come from (i) explicit modelling of cross-modal
agreement, (ii) integration of external knowledge, and (iii)
region-level grounding—each of which targets a distinct and
identifiable slice of the current error distribution.

APPENDIX F
SYNTHESIS AND PRACTICAL RECOMMENDATIONS

Bringing together the quantitative results, the diagnostic
metrics, the training dynamics and the qualitative analysis,
three practical conclusions emerge for practitioners working
on multimodal sarcasm detection with CLIP-based models.

First, the fusion stage is a high-leverage and low-cost
point of intervention: meaningful changes in model behaviour



(in particular the precision—recall balance) are obtainable by
modifying only the operator that combines the two pooled
representations, without retraining or replacing the expensive
CLIP backbone. This makes fusion an attractive target for
rapid experimentation.

Second, capacity must be matched with regularisation.
Both proposed operators increase model capacity, and both
reach their best generalisation very early in training before
overfitting; under a fixed, frugal schedule this manifests as
lower validation-selected scores. A practitioner adopting these
operators should pair them with early stopping on a held-out
set, a longer warm-up, or explicit regularisation, rather than a
fixed epoch budget tuned for the lower-capacity baseline.

Third, explicit interaction beats undirected capacity. The
contrast between the two operators is itself the clearest finding:
cross-modal attention, which builds an explicit interaction be-
tween the modalities, tracks the baseline closely and improves
positive-class precision, whereas gated fusion, which adds
adaptive capacity without an interaction mechanism, ampli-
fies the over-prediction. For a task whose very definition is
cross-modal incongruity, this is the expected and encouraging
outcome, and it motivates our recommendation to build future
systems around explicit cross-modal interaction supplemented
by the contrastive objective of Appendix D.



