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Abstract
We present Cloud-17’s submission to the EXIST 2026 shared task on sexism identification in memes (Tasks 2.1–2.3,

meme split only). Building on the human-centred multimodal framework of Arcos et al. [1], we introduce a

Gated Fusion architecture that combines text (mDeBERTa-v3), image (ALIGN), EEG band-power features, and

eye-tracking signals through learnable scalar gates conditioned on the text representation. We compare three

fusion paradigms: early concatenation (Early Fusion), Gated Fusion (primary system), and Cross Attention Gated
(an ablation), and submit three runs corresponding to Gated Fusion, an ensemble of Gated Fusion+Cross Attention,

and Cross Attention alone. The gates provide per-meme modality importance scores without requiring post-hoc

attribution. Across validation folds, our Gated Fusion consistently learns the hierarchy 𝛽(image) ≈ 0.98 ≫
𝛼(EEG) ≈ 0.481 ≫ 𝜆(ET) ≈ 0.027 for the non-textual modalities, with text serving as the residual anchor

of the representation. This suggests that visual content dominates sexism perception in memes, EEG adds

complementary neural signal, and eye-tracking contributes minimally once EEG is present. Our Gated Fusion
model achieves macro F1 of 0.616 / 0.549 / 0.380 on Tasks 2.1/2.2/2.3 respectively, with Cross Attention leading on

the categorisation task (F1 0.397).
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1. Introduction

Memes have become a primary vehicle for sexist content on social media, combining text, images and

cultural context in ways that have challenged purely textual classifiers [2]. The EXIST 2026 shared

task [3, 4] is the first benchmark to pair memes with neurophysiological signals: Electroencephalography

(EEG), eye tracking (ET) and heart rate (HR) recorded while human subjects viewed each meme.

Whether such physiological signals carry information beyond what text and image already provide

is an open question. Arcos et al. [1] first showed that cross-attention over physiological signals can

improve sexism categorization on EXIST 2025, especially on rare classes such as Misogyny. However,

their fusion mechanism does not yield an explicit measure of how much each modality contributes

to the prediction. Such a measure is valuable both for model interpretability and for guiding future

multimodal designs.

We introduce a Gated Fusion architecture in which scalar gates, conditioned on the text representation,

modulate the contribution of the other modalities (image, EEG, ET) at inference time. Trained on

EXIST 2026, the model autonomously learns a clear modality hierarchy: 𝛽(Image) ≈ 0.98, 𝛼(EEG) ≈
0.481, 𝜆(ET) ≈ 0.027. Image content dominates, EEG provides a useful complementary signal, and eye

tracking is consistently suppressed. This is a finding that the underlying cross-attention baseline does

not show.

Contributions. This paper makes three contributions:
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1. A gated multimodal fusion architecture for sexism detection in memes that integrates text, image,

EEG and ET signals through learnable scalar gates conditioned on the textual representation.

2. An empirical ranking of non-textual modality relevance for the task: image ≫ EEG ≫ ET, with

text as the residual anchor of the fused representation, robust across folds.

3. A structured comparison of three fusion paradigms: early concatenation, gated fusion, and

cross-attention with gates across all three EXIST 2026 meme subtasks (2.1, 2.2, 2.3).

2. Related Work

Sexism detection in social media. The EXIST shared task [5, 6, 3] has progressively moved from

tweet binary classification to multilabel categorization with soft, disagreement-aware labels [7]. The

top models consistently rely on large pre-trained multilingual models (XLM-RoBERTa, mDeBERTa)

with task-specific fine-tuning. Multimodality entered the task in EXIST 2024 with memes, combining

textual content with visual context.

Multimodal hate speech detection. Fusing text and image for meme classification was popularised

by the Hateful Memes Challenge [2]. Subsequent work has shown that vision-language pre-training

(CLIP, ALIGN, Flamingo) [8, 9, 10] considerably improves meme understanding [11]. The most recent

approaches fine-tune vision-language models on hateful content with prompt-based supervision. Across

these methods, fusion is typically performed either by concatenation, by cross-attention, or by feeding

both modalities into a unified transformer. More recently, Italiani et al. [12] proposed inter-meme graph

reasoning to capture relational context across memes for sexism and misogyny detection.

Gated multimodal fusion. Arevalo et al. [13] introduced Gated Multimodal Units (GMU), which use

sigmoid gates to learn the contribution of each modality at fusion time. This idea has since been adopted

in audio-visual and multimodal learning more broadly. Compared to attention-based fusion, scalar

gates offer two practical advantages: lower parameter count and direct interpretability of modality

weights. To our knowledge, gated fusion has not been applied to multimodal sexism detection or to

neurophysiology-augmented hate speech tasks.

Physiological signals for content moderation. EEG and eye-tracking have a long history in

affective computing for estimating emotional response to multimedia stimuli [14]. Within the EXIST

framework, Arcos et al. [1] were the first to integrate EEG, ET and HR into a multimodal sexism

detection pipeline. They treat each subject’s physiological response as a separate token and apply

cross-attention between subject tokens and meme representations, reporting AUC improvements of up

to 26% on Misogyny detection.

3. Dataset and Preprocessing

3.1. The EXIST 2026 meme dataset

The EXIST 2026 meme dataset comprises 3,984 training and 1,053 test memes in English and Spanish.

Annotations follow a hierarchical scheme across three subtasks. Task 2.1 asks whether a meme is

sexist (binary). Task 2.2, applied only to sexist memes, distinguishes between direct sexism (explicit,

intentional promotion of sexist ideas) and judgemental sexism (criticising, denouncing, or reporting

sexist behaviour without endorsing it). Task 2.3, also restricted to sexist memes, assigns one or

more categories: Ideological Inequality, Stereotyping-Dominance, Objectification, Sexual Violence, and

Misogyny-Non-Sexual-Violence.

Because sexism perception is inherently subjective and depends on the context, each meme was inde-

pendently annotated by six crowdsourced workers. This design explicitly acknowledges perspectivism:



workers may legitimately disagree on whether content is sexist, what its intent is, or which category

applies. To preserve this disagreement, labels are provided in two forms: hard labels (majority vote) and

soft labels (proportion of annotators selecting each option). Our models were trained on hard labels and

evaluated using macro-averaged F1.

Beyond the image and the extracted OCR text, each meme is paired with physiological signals. Three

modalities were recorded simultaneously: EEG, Eye Tracking, and Heart Rate.

Following preliminary ablation experiments, Heart Rate was excluded from our final models due to

marginal contribution.

3.2. EEG Features

The EXIST 2026 dataset provides EEG recordings from a 16-electrode cap. Electrodes cover six anatomical

regions: frontal-polar (Fp1, Fp2), frontal (F3, F4, F7, F8), central (C3, C4), temporal (T7, T8), parietal (P3,

P4, P7, P8), and occipital (O1, O2). For each electrode, the dataset provides band-power estimates across

five frequency bands (Delta, Theta, Alpha, Beta, and Gamma) averaged over the full viewing period

rather than raw time-series. This yields 80 base features per subject (16× 5) and is available for at least

two participants who viewed each meme.

Preprocessing. Raw EEG power varies substantially across individuals due to anatomical factors

unrelated to cognitive processing (e.g., skull thickness, electrode impedance). We therefore z-score

each subject’s 80 band-power features independently before any cross-subject aggregation. This

normalisation ensures that the subsequent average reflects relative neural response patterns rather

than individual baseline shifts. Then features are averaged across the participants, yielding a single

EEG representation per meme.

Spatial feature engineering. Our raw channel powers capture local cortical activity but lack explicit

spatial structure. Since sexism perception is a distributed cognitive process engaging prefrontal (social

cognition), temporal (language), and occipital (visual) regions, we augmented the base features with

representations that encode inter-regional relationships:

• Regional means (30 features): mean power per anatomical region × band;

• Global means (5): mean across all 16 channels per band.

• Lateralization (10): left- vs. right-hemisphere mean per band (8 electrodes each side).

• Global band differences (9): asymmetry indices between selected band pairs.

• Regional differences (19): cross-band differences within anatomical regions.

• Log-ratios (30): log
(︁
|𝐵̄num,𝑟|+𝜀

|𝐵̄den,𝑟|+𝜀

)︁
for five neurophysiologically motivated ratio pairs (e.g., 𝜃/𝛼,

𝛽/𝛼) across the six regions, following standard biomarker conventions in affective EEG re-

search [14].

These handcrafted spatial features provide the model with an explicit topological view of the brain’s

response. A natural extension, treating each of the 16 channels as an independent token with learned

inter-channel attention, is left as future work (Section 8).

3.3. Eye Tracking Features

Eye tracking captures the visual attention where subjects directed their gaze and for how long. This

provides content-specific behavioural signals that complement EEG’s neurophysiological perspective.

We retain four measures per subject:

• Reaction time: elapsed time from meme onset to first fixation. A longer delay suggests the

content required more processing before engaging attention.

• Fixation count: number of discrete gaze fixations. How thoroughly the meme was visually

explored.



• Fixation duration: mean duration of each fixation. Longer fixations indicate more sustained

attention to specific regions of the meme.

• Saccade count: number of rapid gaze shifts.

These measures together encode the temporal dynamics and spatial breadth of how subjects processed

each meme, reflecting underlying cognitive processes relevant to content perception.

Preprocessing. Following the same procedure as EEG, features are z-scored per subject to remove

inter-individual baseline differences, then averaged across the participants per meme. Unit conversions

were applied before z-scoring (reaction time: ms→ s; fixation duration: ns→ms). Both the mean and

standard deviation across participants are retained, as inter-subject variability in viewing behaviour is

itself informative: high disagreement in reaction time or fixation count may reflect ambiguity in the

meme’s visual significance. This yields an 8 dimensional ET representation per meme.

4. System Description

We evaluate three multimodal architectures of increasing complexity, all built on the same encoders

and task heads for fair comparison.

1. Early Fusion: It serves as our baseline, concatenation with no explicit modality weighting.

2. Gated Fusion: It is our primary contribution: a gated architecture where the model learns modality

importance scores.

3. Cross Attention Gated: We added bidirectional cross-attention before gating, serving as an ablation

experiment.

Training details are described in Section 5.

Figure 1: Gated Fusion architecture. Text (mDeBERTa-v3) serves as the residual anchor and conditions three

sigmoid gates (dashed lines) that control the contribution of each non-textual modality. Temperature T=0.3
sharpens gate outputs; gate values (𝛽, 𝛼, 𝜆) ∈ (0, 1) are directly interpretable as modality importance scores.

4.1. Shared Components

Text encoder. microsoft/mdeberta-v3-base [15] encodes the OCR-extracted meme text. We

fine-tune all layers and extract the [CLS] representation (𝑑𝑡 = 768).



Vision encoder. kakaobrain/align-base [9] encodes the meme image. We unfreeze the last

three transformer blocks and project the pooled visual representation to 𝑑𝑣 = 768 via a linear layer.

Physio encoders. Separate two-layer MLPs with LayerNorm and ReLU encode the EEG features

(𝑑EEG = 183) and ET features (𝑑ET = 8), both projected to 𝑑 = 768.

Multi-task heads. Three task-specific classifiers operate on the fused representation: ℋ2.1 (binary),

ℋ2.2 (binary, masked for non-sexist memes), ℋ2.3 (5-class multilabel, masked for non-sexist memes).

The joint loss is:

ℒ = 0.40ℒ2.1 + 0.35ℒ2.2 + 0.25ℒ2.3

ℒ2.1 and ℒ2.2 use binary cross-entropy; ℒ2.3 uses BCE with logits for multilabel classification. The

weights were set manually to reflect task difficulty and the hierarchical dependency between tasks:

Task 2.1 receives the highest weight as the primary binary decision upon which Tasks 2.2 and 2.3 are

conditioned; Task 2.3 receives the lowest weight as the most fine-grained and sparse multilabel subtask.

4.2. Run 1: Early Fusion

As a concatenation baseline, all four modality representations are combined into a single vector and

passed through a fusion MLP before the task heads:

z = MLP
fuse

([t; v; eEEG; eET])

where MLP
fuse

consists of a linear projection, LayerNorm, and ReLU activation, projecting the 4𝑑-

dimensional concatenation back to 𝑑 = 768. This architecture imposes no content-adaptive modality

weighting: every meme contributes equally from all four modalities regardless of which signals are

informative for that specific instance. Therefore Early Fusion serves as a strong baseline that quantifies

the benefit of the adaptive gating introduced in Run 2.

4.3. Run 2: Gated Fusion

The core limitation of Early Fusion is that it assigns fixed, equal weight to all modalities regardless

of meme content. Gated Fusion addresses this by learning adaptive scalar gates that modulate each

modality’s contribution at inference time. Note that neither EarlyFusion nor GatedFusion performs

cross-modal interaction between modalities, each representation remains independent before fusion.

This is a deliberate design choice in GatedFusion: by keeping representations independent, the gates

can attribute contribution cleanly to each modality, preserving interpretability. CrossAttnGated

(Section 4.4) relaxes this constraint by introducing cross-attention before gating, at the cost of gate

stability.

Gate computation. Each gate is a scalar in (0, 1) produced by a sigmoid over a learned linear

projection of the text embedding jointly with the corresponding modality embedding:

𝛽 = 𝜎

(︂
𝑊𝑣 [t; v]

𝑇

)︂
, 𝛼 = 𝜎

(︂
𝑊EEG [t; eEEG]

𝑇

)︂
, 𝜆 = 𝜎

(︂
𝑊ET [t; eET]

𝑇

)︂
where 𝑊𝑣,𝑊EEG,𝑊ET ∈ R1×1536

, 𝑇 = 0.3 is a temperature parameter, and 𝜎 is the sigmoid function.

Gated fusion. Text serves as the most reliable signal, the anchor of the representation, since OCR

always yields some output, while the remaining modalities contribute additively, scaled by their gates:

z = t+ 𝛽 v + 𝛼 eEEG + 𝜆 eET

This additive formulation keeps the text representation intact regardless of gate values: even if all gates

collapse to zero, z = t and the model degrades gracefully to a text-only baseline.



Interpretability. The gate values (𝛽, 𝛼, 𝜆) are directly interpretable as modality importance. Cru-

cially, they are instance-level: the same model can assign high 𝛽 to a visually explicit meme and low

𝛽 to one where the sexism resides entirely in the text. We analyse the empirical distribution of gate

values across the 1,053 test memes in Section 7.

4.4. Run 3: Cross-Attention Gated

In Gated Fusion, each gate assesses modality relevance from static, independent representations: text

and the target modality have not yet interacted when the gate is computed. Cross Attention Gated solves

this constraint by introducing bidirectional cross-attention between text and each non-textual modality

before gating, allowing representations to incorporate cross-modal context before the fusion decision is

made.

Cross-modal enrichment. Each modality attends to, and is attended by, the text representation.

Let CA(q,k) denote multi-head cross-attention (8 heads) with query q and key-value k, and LN layer

normalisation with a residual connection. The enriched representations are:

t′ = LN(t+ CA(t, v) + CA(t, [eEEG; eET])) , (1)

v′ = LN(v + CA(v, t)) , (2)

[e′
EEG

; e′
ET
] = LN([eEEG; eET] + CA([eEEG; eET], t)) . (3)

Each modality is treated as a single-token sequence for the cross-attention operations.

Gated fusion. Because t′ already encodes cross-modal context, the gates need only be conditioned

on the enriched text (𝑊 ∈ R1×768
, single-input), unlike the dual-input gates of Gated Fusion:

𝛽 = 𝜎

(︂
𝑊𝑣 t

′

𝑇

)︂
, 𝛼 = 𝜎

(︂
𝑊EEG t′

𝑇

)︂
, 𝜆 = 𝜎

(︂
𝑊ET t

′

𝑇

)︂
.

The fused representation follows the same additive structure as our Gated Fusion model, replacing all

embeddings with their attended counterparts:

z = t′ + 𝛽 v′ + 𝛼 e′
EEG

+ 𝜆 e′
ET
.

Our Cross Attention model introduces approximately 9.4M additional parameters over our Gated Fusion
from the four cross-attention layers. We treat it as an experiment to assess whether explicit cross-modal

interaction before gating improves over the simpler content-adaptive weighting of our Gated Fusion
model.

5. Experimental Setup

5.1. Training

All models are trained with AdamW (𝑙𝑟 = 2 × 10−5
, warmup ratio 0.1), batch size 16, and bfloat16

automatic mixed precision on a single NVIDIA A100 GPU. We use 3-fold stratified cross-validation with

early stopping (patience 5) monitored on a combined validation F1:

𝐹1
val

= 0.40𝐹12.1 + 0.35𝐹12.2 + 0.25𝐹12.3,

same task weights as in the training loss. The best checkpoint per fold is saved.



5.2. Submitted Runs

Run selection followed two criteria. First, analytical: fold average validation F1 showed that Gated
Fusion and Cross Attention outperformed Early Fusion on Tasks 2.2 and 2.3, with Gated Fusion leading

on intention detection and Cross Attention on categorisation (Table 1). Early Fusion achieved marginally

higher Task 2.1 F1, but at the cost of substantially lower agreement with the other two architectures

(67% vs. 75% predicted sexist), suggesting a different and less consistent decision boundary. Second,

scientific positioning: since simple concatenation-based fusion had already been explored in related

work [1], submitting EarlyFusion would replicate an existing approach rather than advance the state

of the art. Submitting the two novel architectures and their ensemble instead allowed us to demonstrate

the added value of content-adaptive modality weighting over a previous baseline.

• Run 1 (Gated Fusion): fold ensemble of GatedFusion checkpoints. Best overall validation F1 on

Tasks 2.1 and 2.2.

• Run 2 (Ensemble GatedFusion+CrossAttnGated): average of both models’ softmax probabili-

ties, combining complementary strengths across tasks.

• Run 3 (Cross Attention): fold ensemble of CrossAttnGated checkpoints. Best validation F1 on

Task 2.3.

5.3. Prediction Formatting

Task 2.1. Hard label: 𝑦 = 1[𝑝(sexist) ≥ 0.5]. Soft label: raw sigmoid probability pair (𝑝yes, 𝑝no).

Task 2.2. Hard label: non-sexist memes receive No; sexist memes are assignedDirect or Judgemental

via argmax over conditional probabilities. Soft label: hierarchical distribution 𝑝no = 1− 𝑝2.1, 𝑝
direct

=
𝑝2.1 · 𝑝(direct | sexist), 𝑝

judg
= 𝑝2.1 · 𝑝(judg | sexist), normalised to sum to 1.

Task 2.3. Hard labels used category specific thresholds calibrated to match the training set label

frequency distribution, rather than a fixed 𝜏 = 0.5: for a category with training prevalence 𝑓 among

sexist memes, the threshold is set to the (1 − 𝑓)-th percentile of predicted scores on the test set.

This prevents systematic suppression of rare categories (e.g., Misogyny-NSV, 𝑓 ≈ 2.5%, 𝜏 ≈ 0.20).

Soft labels are submitted as raw sigmoid outputs per category, consistent with the task format where

probabilities need not sum to 1.

6. Results

Table 1 reports macro-averaged F1 and AUC on held-out validation folds. Official ICM and ICM-soft

scores on the test set will be added in the camera-ready version following the release of EXIST 2026

official results.

Table 1
Macro F1 and AUC2.1 on held-out validation folds. Tasks 2.2 and 2.3 are evaluated on sexist memes only.

EarlyFusion is included as a baseline reference but was not submitted. Best result per column in bold.

Model F12.1 F12.2 F12.3 AUC2.1

EarlyFusion (baseline, 3 folds) 0.627 0.532 0.370 0.669

GatedFusion (Run 1, 3 folds) 0.616 0.549 0.380 0.680
GatedFusion+CrossAttnGated (Run 2, ensemble) 0.613 0.543 0.389 0.673

CrossAttnGated (Run 3, 3 folds) 0.611 0.537 0.397 0.666



Table 2
Gate value statistics for the test set (1,053 memes). Gates are sigmoid outputs conditioned on text and modality

embeddings.

Gate Modality Mean Median Std

𝛽 Image (ALIGN) 0.982 0.990 0.022

𝛼 EEG 0.481 0.474 0.091

𝜆 Eye Tracking 0.027 0.020 0.020

Task 2.1: Sexism identification. Our Early Fusion model achieved the highest binary F1 (0.627),

which is expected: concatenation with equal weights is a strong prior when all modalities are roughly

equally informative at the binary level. However, Early Fusion’s higher F1 on this task did not translate

into better performance on the hierarchically harder tasks, nor into consistency with the other architec-

tures. This was one of the motivations to exclude it from submission (Section 5). On the other hand,

Gated Fusion achieved the highest AUC (0.680), suggesting its probability estimates are better calibrated

even if its hard-label F1 is marginally lower.

Task 2.2: Source intention. Gated Fusion leads on Task 2.2 (F1 0.549), the task requiring the model

to distinguish Direct from Judgemental sexism. This is consistent with the role of adaptive gating:

intention detection likely benefits from selectively suppressing modalities that add noise at this level of

distinction, precisely what the gates are designed to do.

Task 2.3: Sexism categorisation. Our Cross Attention Gated model leads on Task 2.3 (F1 0.397), the

most challenging subtask. Category prediction requires distinguishing between semantically overlap-

ping classes (e.g., Stereotyping-Dominance vs. Objectification), a task that benefits from the richer

cross-modal representations produced by bidirectional cross-attention before gating. The ensemble

(Run 2) interpolates between Gated Fusion and Cross Attention Gated, achieving intermediate perfor-

mance across all three tasks.

Complexity Vs. Interpretability. These results prompt a clear observation: architectural complexity

does not guarantee performance gains. Our Cross Attention Gated model introduces ∼9.4M additional

parameters over our Gated Fusion model through four cross-attention layers, yet underperforms on

Tasks 2.1 and 2.2 and leads only on the category subtask. Gated Fusion, by contrast, adds only three

lightweight linear projections over Early Fusion, the gate weight matrices, yet achieves competitive or

superior performance across all tasks while producing directly interpretable modality weights at no

additional inference cost. This imbalance implies that architectural decisions may be more effective

than deeper or attention mechanisms: while cross-attention provides expressive ability without a

correspondingly strong prior, the gates impose a structured inductive bias (text modality weighting) that

is consistent with the semantics of the task. Furthermore, the multi-task formulation with hierarchical

masking adds a form of structural complexity, by conditioning Tasks 2.2 and 2.3 on Task 2.1 predictions,

which consistently improves performance on the finer subtasks without increasing model parameters.

The gated fusion thus occupies a position in the complexity-interpretability trade-off: richer than a

concatenation baseline, more transparent than a cross-attention model, and competitive across all three

evaluation tasks.

7. Analysis: Gate Interpretability

The central advantage of our Gated Fusion over both its concatenation baseline and prior multimodal

approaches is that the gate values (𝛽, 𝛼, 𝜆) are not quantities requiring post-hoc attribution. They are

explicit scalars that the model exposes by construction. This section examines what the model learned



about modality importance for sexism detection, using gate distribution over the 1,053 test memes

(Table 2).

A stable modality hierarchy emerges. The model autonomously learns the ordering 𝛽 ≫ 𝛼 ≫ 𝜆,

consistent across all three training folds (gate std below 0.12 for every modality). This consistency is

itself a result: the hierarchy is not an artefact of a particular initialisation but a stable property the model

converges to. To our knowledge, this is the first quantitative, learned estimate of relative modality

importance for sexism perception in memes.

Image dominates (𝛽 ≈ 0.98). The image gate indicates the model relies almost entirely on visual

content. This is expected: in memes, sexism is frequently expressed through the image, the depicted

scene, the juxtaposition of figures, visual stereotypes rather than the text alone [2]. The low variance

(𝜎 = 0.022) shows this reliance is consistent across memes, not driven by a small subset.

EEG carries complementary signal (𝛼 ≈ 0.481). The EEG gate is high but not saturated, and

notably more variable (𝜎 = 0.091) than the image gate. Two observations follow. First, the model

assigns substantial weight to neural signals, indicating they encode information not recoverable from

text and image alone, consistent with Arcos et al. [1], who report an EEG-only AUC of 0.717 rivalling

text-only models. Second, the higher variance means the EEG gate is the one that adapts most across

memes: the model modulates its reliance on brain signals depending on content, which is precisely the

behaviour the gating mechanism was designed to enable.

Eye tracking is consistently suppressed (𝜆 ≈ 0.027). The ET gate is uniformly low across the

test set. We interpret this as evidence of redundancy rather than uselessness: eye-tracking and EEG

both index attentional and cognitive processing, and given access to both, the model concentrates its

reliance on the richer EEG representation (80 features vs. 8). This does not imply ET is uninformative

in isolation, only that it adds little marginal signal once EEG is present. The finding directly justifies

our exclusion of an even weaker physiological signal, Heart Rate, from the final models.

Cross-attention obscures the hierarchy. The same gates in our Cross Attention Gated are far less

stable: the image gate spans 𝛽 ∈ [0.07, 1.00] across folds, although the model achieved comparable task

performance. We attribute this to the OCR-induced redundancy intrinsic to memes. The text input is

extracted directly from the image, so text and image representations share substantial semantic content.

Cross-attention entangles these representations before gating; once entangled, the gate can no longer

attribute contribution cleanly to one modality or the other, thus its value becomes unstable. Gated
Fusion avoids this by gating over independent representations, and this preserves interpretability. This

is the core argument for preferring Gated Fusion: it attains competitive performance and yields stable,

meaningful modality attributions.

Per-meme gate variability. Figure 2 illustrates three representative cases from the test set that

highlight the adaptive behaviour of the gates. The meme with the highest EEG gate (𝛼=0.700) contains

explicit objectifying visual content, consistent with a stronger neural response beyond what text and

image encode alone. The meme with the highest eye-tracking gate (𝜆=0.163) is characterised by dense

text, suggesting that fixation and saccade patterns capture extended reading behaviour. Finally, the

meme receiving the lowest image gate (𝛽=0.744) in the test set is a cartoon where all sexist content is

textual so the model correctly suppresses a visually uninformative channel. These examples demonstrate

that the gates respond to content in a semantically coherent manner.



Figure 2: Three memes illustrating content-adaptive gate behaviour. Left : objectifying visual content elicits

the highest EEG gate (𝛼=0.700), indicating neural signal beyond text and image alone. Centre: dense OCR text

yields the highest eye-tracking gate (𝜆=0.163), consistent with extended visual scanning of written content.

Right : a cartoon meme where sexism is entirely textual receives the lowest image gate (𝛽=0.744).

8. Conclusion and Future Work

We presented a Gated Fusion architecture for multimodal sexism detection in memes that integrates

text, image, EEG, and eye-tracking signals through learnable, text-conditioned scalar gates. Evaluated

on EXIST 2026 Tasks 2.1, 2.2, and 2.3, Gated Fusion achieves competitive macro F1 while producing

directly interpretable modality importance scores as a byproduct of inference.

The gate analysis reveals a stable hierarchy: 𝛽(image) ≈ 0.98 ≫ 𝛼(EEG) ≈ 0.481 ≫ 𝜆(ET) ≈
0.027, which is consistent across folds and constitutes, to our knowledge, the first quantitative, learned
estimate of modality importance for this task.

We further show that increasing architectural complexity through cross-attention does not uniformly

improve performance and degrades gate stability, motivating the simpler gated design as the better

trade-off between performance and interpretability.

Limitations. The physiological signals were averaged over the full meme-viewing period and across

participants, which limits the representativeness of the learned EEG and ET representations. Thus,

the model learns to capture the average response of the individuals rather than a person level signal.

Furthermore, this average discards the temporal dynamics that may carry additional information about

when and how cognitive processing of sexist content unfolds.

Future work. The MLP-encoded EEG representation used here treats all 16 channels as a flat feature

vector, losing the spatial structure of the brain’s response. We plan to extend this approach with a

spatial EEG Transformer that treats each channel as an independent token with topographic positional

embeddings derived from electrode coordinates, enabling the model to learn inter-region dependencies

directly from data. Beyond this, we plan to implement per-channel gates conditioned on text and

image. This architecture would enable anatomically grounded analysis of which brain regions respond

most to sexist content, a natural bridge between computational sexism detection and cognitive neu-

roscience. We will also move to a per-subject dataset (instead of per-meme) formulation to preserve

individual physiological responses and enable subject-level cross-validation, providing a more rigorous



experimental design for evaluating the contribution of neurophysiological signals.
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