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Abstract

Hateful content on social platforms is often conveyed through
multimodal memes, where meaning emerges from image—text com-
position. While multimodal fusion models can be accurate, many
are brittle when a modality is unavailable at inference (e.g., missing
image due to broken media links, or missing text due to upstream
extraction or logging failures), requiring separate fallback models
or routing logic. We present the UniSafe framework, a modality-
agnostic approach that projects image and text evidence into a
shared safety embedding space using frozen foundation encoders
and lightweight trainable projectors. The UniSafe framework ap-
plies a single classifier to an order-invariant aggregation of the
available modalities, enabling inference on any non-empty subset
without retraining. On the Hateful Memes benchmark [5] (dev
split), UniSafe matches late fusion (AUROC 0.6865 + 0.0026 vs.
0.6853 + 0.0016) while supporting missing-modality inference with
the same checkpoint. Under modality failures, UniSafe is competitive
with a fusion+fallback deployment (AUROC 0.6509 on image-only
and 0.6489 on text-only). Ablations indicate that modality dropout
is the primary driver of robustness, while the alignment regularizer
is optional at this scale.

CCS Concepts

« Computing methodologies — Machine learning; Natural
language processing; Computer vision; « Information systems
— Social networking sites; » Security and privacy — Human and
societal aspects of security and privacy.

Keywords

multimodal learning; hateful content detection; memes; missing-
modality robustness; foundation models; any-subset inference

ACM Reference Format:

Siam Shibly Antar, Syem Shibly Ador, Steven H. H. Ding, and Benjamin
C. M. Fung. 2026. UniSafe: Modality-Agnostic Hateful Content Detection
via Shared-Space Projection. In Companion Proceedings of the ACM Web
Conference 2026 (WWW Companion 26), April 13-17, 2026, Dubai, United

This work is licensed under a Creative Commons Attribution 4.0 International License.
WWW Companion '26, Dubai, United Arab Emirates

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2308-7/2026/04

https://doi.org/10.1145/3774905.3795455

Syem Shibly Ador
syemshibly.ador@students.mq.edu.au

School of Computer Science, Macquarie University
Sydney, Australia

Benjamin C. M. Fung
ben.fung@mcgill.ca
School of Information Studies, McGill University
Montreal, Canada

Arab Emirates. ACM, New York, NY, USA, 5 pages. https://doi.org/10.1145/
3774905.3795455

1 Introduction

Hateful content on social media has evolved from simple text slurs
to complex multimodal compositions, particularly memes [2, 5, 8,
10], where toxic meaning often arises from the interaction between
image and text. In the Hateful Memes benchmark [5], many sam-
ples are unimodal-hard: the text and image may appear benign
in isolation, but their combination constitutes hate. While recent
vision-language models achieve high accuracy by modeling dense
cross-modal interactions, they typically operate under a strict as-
sumption: complete input availability.

Problem: fragility of fusion. In production systems, inputs
are rarely perfect. Images may fail to load (broken links, storage
outages), and text extraction or logging can fail. Standard fusion
architectures (e.g., VisualBERT [6]) treat the input as a rigid pair
(I, T) and degrade when a modality is missing, often requiring
separate unimodal checkpoints plus routing logic.

Scope. We focus on static image—text meme posts. We use
the Hateful Memes benchmark [5] and do not introduce a separate
OCR pipeline, utilizing the provided text modality directly.
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Figure 1: Safety embedding intuition. The UniSafe frame-
work projects image and text evidence into a shared latent
space Z. A single classifier separates hateful vs. safe regions
and supports any-subset inference.

Our approach: shared-space projection for any-subset infer-
ence. We treat multimodal evidence as a variable-sized set rather
than a fixed paired input (Figure 1). The UniSafe framework projects
each available modality into a shared safety embedding space and
then applies a permutation-invariant aggregation before classifica-
tion. This yields a simple inference contract:

Input: M, C {img, text}, My #0 =
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Output: p(y=1 | My) from one checkpoint.

Contributions.

Modality-agnostic shared-space projection: lightweight projectors
map frozen foundation embeddings into a common safety space optimized
for hate prediction.

e Any-subset inference with one checkpoint: permutation-invariant
aggregation (centroid pooling) supports {img}, {text}, or {img,text} with-
out retraining.

o Robustness via Modality Dropout: We demonstrate that training with
stochastic modality dropout enables competitive performance on incom-
plete inputs without requiring complex fallback routing. Our ablations
further reveal that this dropout strategy is the primary driver of robust-
ness, rendering alignment regularization a supplementary rather than
necessary component.

2 Related Work and Positioning

Multi-modal hate detection. The Hateful Memes dataset [5]
shifted attention from unimodal NLP to vision-language reason-
ing. State-of-the-art approaches often use large cross-modal trans-
formers such as VisualBERT [6], UNITER [3], LXMERT [12], or
VILBERT [7]. While accurate, these models are computationally
intensive and often require complete inputs at inference.

Missing modality robustness. Handling missing data has a
long history, including zero-imputation or generative imputation,
both of which can introduce noise or latency [1]. Modality dropout
[9] trains models to tolerate absent signals.

Our approach: embedding-first + set aggregation. The
UniSafe framework adopts an embedding-first pipeline with frozen
encoders (OpenCLIP [4, 11]) and a set-function classifier. Centroid
pooling is permutation-invariant and fits the standard Deep Sets
formulation for variable-sized evidence [13]. The key design point
is that shared-space projection (and optional regularization) yields
a single decision head that can operate on any non-empty subset
of modalities.

3 UniSafe Framework: Shared-Space Projection
for Any-Subset Inference

We treat multimodal evidence as a variable-sized set rather than a

fixed paired input (Figure 1).

Modalities as a set. Each sample contains a set of observed
modalities:

x={mlmem,, ye€{0,1}, My C {img, text}.

We require M, to be non-empty at inference.

Frozen encoders and trainable projectors. We use frozen foun-
dation encoders to obtain unimodal embeddings:
e Vision encoder Ejpg: CLIP-style ViT-B/16 producing v € R5'2.
o Text encoder Eieyt: paired CLIP-style text tower producing ¢ € R512,

We L2-normalize both embeddings before projection. Each modality
is mapped into a shared space Z:

Zimg = Pimg(v) € RD; Ztext = Prext () € RP.

Projector heads. Ping and Piext are two independent 2-layer
MLPs of the form Linear-GELU-Dropout-Linear, with hidden width
512 and output dimension D=256.
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Order-invariant aggregation and classification.
UniSafe aggregates available projections using a permutation in-
variant centroid [13]:

1 .
Zfinal = W Z Zm, § = 0(Wzgna + b).
X

meMy
This yields a fixed-size representation regardless of whether one
or both modalities are present.

Why centroid pooling? We use centroid pooling as a minimal
Deep Sets instantiation: it is permutation-invariant, parameter-
free, and yields a fixed-size representation regardless of whether
one or both modalities are present. This choice avoids introducing
additional fusion parameters that may implicitly assume complete
inputs, and keeps the framework’s any-subset inference contract
explicit. While richer set functions (e.g., attention-based pooling)
are possible, centroid aggregation provides a strong baseline that
isolates the effect of shared-space projection and modality dropout
on missing-modality robustness.

Training objective: modality dropout + optional alignment.

Modality dropout. During training we randomly drop modalities with
probability p while ensuring at least one remains, explicitly training the
framework to operate under partial evidence [9].

o Alignment regularization (optional). When both modalities are present
(not dropped), we can encourage agreement in Z:

L = Lpce + A Laign Lalign = | Zing — Ztext ||§

We prioritize modality dropout as the critical factor for robustness
(see Section 5), whereas alignment plays a secondary role.

4 Experimental Setup

Dataset and license compliance. We evaluate on the Hateful
Memes benchmark [5]. For convenience, we retrieved the official
release files via a public Kaggle-hosted mirror.! We use the dataset
splits as provided: train (8500), dev (500), and test (1000), totaling
10,000 images.

o Note on Unlabeled Test. The official test split labels are withheld. There-
fore, all quantitative results in this paper are reported on the dev split.
To mitigate overfitting, we do not perform extensive hyperparameter
tuning and report results averaged over 3 random seeds.

e License note. We do not redistribute the dataset; we release only code
and instructions to reproduce results after obtaining the dataset under
its terms.

Table 1: Dataset summary (this release).

Split #Samples Modalities Labels

Train 8500 img + text provided
Dev 500 img + text provided
Test 1000 img + text unlabeled

Embedding-first pipeline. We precompute and cache frozen
embeddings for both modalities, storing L2-normalized vectors
(fp16). This decouples training from image I/O and heavy encoder
execution and enables rapid iteration.

https://www.kaggle.com/datasets/parthplc/facebook- hateful-meme- dataset/data
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Figure 2: The UniSafe Framework. Frozen encoders (Etext OpenCLIP, Ej,g ViT-B/16) extract d=512 normalized embeddings.
Trainable 2-layer MLP projectors (Linear-GELU-Dropout-Linear) map each modality into a shared latent space ZZ (D=256).
UniSafe aggregates the available set via order-invariant centroid averaging, enabling any-subset inference. Training uses
modality dropout (p) and an optional alignment objective (L,}ign) when both modalities are present.

Baselines and fairness. To isolate the effectiveness of our fu-
sion strategy, we compare UniSafe against standard unimodal and
multimodal baselines:

e Unimodal heads: image-only and text-only heads on frozen embed-
dings.

o Late fusion (concat-MLP): concatenation of image and text embeddings
followed by an MLP classifier.

All models use the same cached embeddings, the same train/dev

split, and the same optimization budget (epochs/seeds).

Implementation details. We set the latent dimension D=256,
hidden width 512, modality dropout p=0.30, and alignment weight
A=0.10. Models are trained for 20 epochs with a batch size of 512.
We report mean=+std performance over three random seeds {0, 1, 2}.

Deployment robustness. UniSafe exposes a single operational
interface: given any non-empty subset of modalities, it produces a
hate probability using one unified checkpoint. Missing modalities
are handled by simply omitting their embeddings—no imputation,
routing logic, or modality-specific heads are required. This simpli-
fies production resilience (e.g., handling broken image links), as the
decision path remains identical across all data availability regimes.

5 Results

Main performance. Table 2 reports dev performance. UniSafe
matches late fusion while adding an operational benefit: a single
checkpoint supports any-subset inference (image-only, text-only, or
both). We report Accuracy, AUROC, and Macro-F1.

Missing-modality robustness. We evaluate the same UniSafe
checkpoint under three inference conditions: (i) full evidence {img +

Table 2: Main results on Hateful Memes (dev), mean+std over
3 seeds. UniSafe matches late fusion while enabling any-
subset inference.

Method Acc AUROC Macro-F1

Img—only 0.593 +£ 0.008 0.6518 + 0.0003 0.565 + 0.010
TXt-Only 0.566 + 0.003 0.6455 + 0.0002 0.535 + 0.006
Late Fusion 0.591 + 0.005 0.6853 £ 0.0016 0.569 + 0.004
UniSafe 0.583 £ 0.003 0.6865 + 0.0026 0.549 + 0.002

text}, (ii) missing image {text} only, and (iii) missing text {img} only.
Missingness is simulated by providing only the available cached
embedding(s) at inference; UniSafe applies the same set aggregation
and classifier regardless of which modalities are present.

To contextualize robustness, we compare against a practical
deployment baseline: Late Fusion (concat-MLP) when both modal-
ities are present, and a Fallback system that routes to a dedicated
img-only or text-only checkpoint when a modality is unavailable.
Table 3 reports AUROC means (3 seeds). To avoid repeating the
same information, Figure 3 visualizes UniSafe’s gain over this base-
line in each regime.

Discussion. UniSafe achieves late-fusion parity on full inputs
while removing the need for routing across multiple checkpoints.
Under missing modalities, UniSafe is competitive with the fusion
+ fallback baseline: it improves text-only performance when the
image is unavailable, and is approximately on par for image-only
inputs.

Additional Experiments. We add (i) targeted ablations isolat-
ing the contribution of alignment and modality dropout, and (ii) a
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Table 3: Any-subset robustness (dev AUROC, mean over 3
seeds). UniSafe uses one checkpoint across full and missing-
modality regimes. Baselines use Late Fusion when both
modalities are present, and fall back to dedicated unimodal
checkpoints when one is missing,.

Antar et al.

Table 4: Extension experiments (dev AUROC, meanz+std over
3 seeds). Ablations isolate the contribution of alignment and
modality dropout. Imputed Fusion is a single-checkpoint
baseline that supports missing inputs via imputation + mask
bits.

Scenario Baseline UniSafe
(AUROC) (Fusion/Fallback) (One Model)
Full input (img+text) 0.6853* 0.6865
Missing text (img only) 0.6518" 0.6509
Missing image (text only) 0.6455* 0.6489

*Late Fusion (concat-MLP).  "Dedicated img-only checkpoint. ~ ¥Dedicated
text-only checkpoint.

0.006 1
0.004 4
0.002 4

0.000

-0.002 1

-0.4009

—0.004

—0.006 1

A AUROC (UniSafe — Baseline)

—0.008

Missing text
(img only)

Full input Missing image

(imgtext) (text only)
Figure 3: Robustness gains under missing modalities (dev).
AAUROC of UniSafe relative to the fusion/fallback baseline
(UniSafe — Baseline) across three inference regimes. Error
bars reflect variability across seeds.

single-checkpoint Imputed Fusion baseline that supports missing

inputs via zero-imputation + mask bits. We use the identical ex-

perimental setup (frozen encoders, 20 epochs, 3 seeds) defined in

Section 4.

o Ablations and single-checkpoint baseline. Table 4 shows that remov-
ing modality dropout reduces robustness under missing inputs (especially
image-only), while removing alignment has negligible impact on this dev
split. Imputed Fusion provides a simpler one-checkpoint baseline that is
close on full inputs but slightly weaker under missing modalities.

Missingness curves. The all-or-nothing removal in Table 3 is coarse.
We therefore simulate independent modality failures by dropping each
modality with probability r (resampling if both would be absent) and
evaluate dev AUROC as a function of r € [0, 1]. Figure 4 shows a smooth
degradation as missingness increases. Across the full range of r, UniSafe
tracks Imputed Fusion closely and maintains a small but consistent ad-
vantage, indicating that the any-subset set-aggregation objective remains
stable under increasingly partial evidence.

Takeaway. Across these controlled variants, modality dropout is the key
ingredient for missing-modality robustness, while alignment (as imple-
mented here) does not materially change dev performance. UniSafe’s
main advantage remains the any-subset, one-checkpoint inference contract
with competitive accuracy.

6 Ethics, Limitations, and Broader Impact

This work uses datasets that contain harmful and offensive content.
We do not reproduce slurs or hateful imagery in text or figures.

Method Full (img+txt)  Img only Txt only

UniSafe

(p=0.30, 1=0.10)
UniSafe w/o align
(p=0.30, 1=0.00)

0.6865 £ 0.0026 0.6509 = 0.0063 0.6489 + 0.0024
0.6869 £ 0.0022 0.6511 £+ 0.0062 0.6489 + 0.0024

UniSafe w/o moddrop
(p=0.00, 1=0.10) 0.6892 + 0.0009 0.6424 + 0.0039 0.6479 + 0.0009

Imputed Fusion

. . 0.6840 + 0.0007 0.6462 + 0.0006 0.6445 + 0.0025
(single checkpoint)

p is modality-dropout prob.; A weights Lig,. Imputed Fusion concatenates
[0; t; ¥ img; ¥text | and trains with modality dropout; at inference, missing modality
embeddings are set to zero and the corresponding mask bit is 0.

—e— UniSafe
—-=- Imputed Fusion

o

)]

[ee]
L

AUROC (dev)
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D
)

e
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0.0 0.2 0.4 0.6 0.8 1.0
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Figure 4: Missingness robustness (dev). AUROC vs. missing-
modality rate r for UniSafe and Imputed Fusion (single check-
point) under independent modality dropout at inference (re-
sampling when both modalities would be missing). Shaded
regions indicate variability across seeds.

e Limitations. UniSafe relies on frozen encoders: if the foundation repre-
sentation fails to capture a visual symbol or cultural nuance, the light-
weight projectors cannot recover it. Additionally, centroid aggregation is
intentionally simple; while it supports any-subset inference, it may un-
derperform in cases where fine-grained conflict between text and image
is decisive.

Broader impact. UniSafe targets robust moderation under partial inputs;
real deployments should include calibration, thresholding, and human-
in-the-loop review.

7 Conclusion

We introduced the UniSafe framework, a shared-space projection ap-
proach for modality-agnostic hateful content detection. By treating
modalities as a set and using centroid aggregation, UniSafe supports
robust any-subset inference without fallback routing. On Hateful
Memes (dev), UniSafe matches late fusion (AUROC 0.6865 =+ 0.0026
vs. 0.6853 + 0.0016) while using a single checkpoint across full and
missing-modality regimes. Ablations show that modality dropout
is the primary driver of robustness.
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A Reproducibility Details
A.1 Cached embedding artifacts

Table 5: Cached embedding artifacts (ViT-B/16, d=512; L2-

normalized; fp16).

Artifact Shape Dtype
train image embeddings [8500,512]  fp16
train text embeddings [8500,512]  fp16
dev image embeddings [500, 512] fp16
dev text embeddings [500, 512] fp16
test image embeddings [1000,512]  fp16
test text embeddings [1000,512]  fp16

A.2 Compute environment

All experiments were run on a Linux GPU node with:

GPU: NVIDIA Quadro RTX 6000 (24 GB VRAM)
Driver / CUDA: NVIDIA driver 470.256.02; CUDA 11.8
Python: 3.10.19

PyTorch: 2.2.1+cul18

A.3 Training hyperparameters

Latent dimension: D=256, Hidden width: 512
Optimizer: AdamW (f; = 0.9, , = 0.999)
Learning rate: 0.001

Epochs: 20  Batch size: 512

Modality dropout: p=0.30

Alignment weight: 1=0.10 (optional; see Table 4)
Seeds: 0, 1,2 Model selection: best dev AUROC
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