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Abstract

Social media memes are a challenging domain for hate de-
tection because they intertwine visual and textual cues into
culturally nuanced messages. To tackle these challenges,
we introduce TRACE, a hierarchical multimodal frame-
work that leverages visually grounded context augmentation,
along with a novel caption-scoring network to emphasize
hate-relevant content, and parameter-efficient fine-tuning of
CLIP’s text encoder. Our experiments demonstrate that se-
lectively fine-tuning deeper text encoder layers significantly
enhances performance compared to simpler projection-layer
fine-tuning methods. Specifically, our framework achieves
state-of-the-art accuracy (0.807) and F1-score (0.806) on the
widely-used Hateful Memes dataset, matching the perfor-
mance of considerably larger models while maintaining effi-
ciency. Moreover, it achieves superior generalization on the
MultiOFF offensive meme dataset (F1-score 0.673), high-
lighting robustness across meme categories. Additional anal-
yses confirm that robust visual grounding and nuanced text
representations significantly reduce errors caused by benign
confounders. We publicly release our code to facilitate future
research.1

Code — https://github.com/surrey-nlp/TRACE
Extended version — https://arxiv.org/abs/2504.17902

1 Introduction
Social media platforms provide the environment by which
multimedia content, such as internet memes, can proliferate,
evolve swiftly, making them difficult to moderate (Young
2022). Internet memes represent benign, humorous, or satir-
ical images combined with a caption in the form of over-
laid text (Denisova 2019). In hateful memes, the images are
repurposed to propagate hateful messages, reinforce stereo-
types, and target individuals and communities. Detecting
hateful memes requires not only an understanding of the vi-
sual content but also the underlying linguistic and cultural
context that distinguishes hateful rhetoric from benign hu-
mour.

*Corresponding author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1Disclaimer: This paper includes references to potentially dis-
turbing, hateful, or offensive content due to the nature of the task.

Figure 1: Illustration of benign confounders (absent from the
dataset) as noted by Kiela et al. (2020). (left) meme, (centre)
image confounder, (right) text confounder.

Understanding hateful memes poses two major challenges
for current vision–language models. Firstly, memes are not
simply a juxtaposition of an image with overlaid text; in-
stead, they convey meaning through a nuanced fusion in
which the image can provide context, irony, or subtext to
the accompanying words in the text. Hence, models need to
capture subtle semantic and cultural cues within mathemat-
ical representations. This remains difficult for the current
state-of-the-art architectures (Kiela et al. 2020). Secondly,
models often misclassify content because of the impact that
benign elements have on representations. For example, in
Figure 1 (top row, left-most image), the text along with the
image yields a hateful meme. However, the benign image
along with the same text (top row, middle image) yields a
non-hateful meme. Such combinations are known as “be-
nign confounders” (Kiela et al. 2020). While this is an exam-
ple of a textual confounder, similar image confounders also
exist. These confounders prevent models from exploiting a
combination of unimodal representations, i.e., neither the vi-
sual modality nor the textual modality alone reliably indi-
cates the presence of hate (Aggarwal et al. 2024; Koushik,
Kanojia, and Treharne 2025). As a result, there is a need for
advanced multimodal strategies for the detection of hateful
memes.

Existing approaches to hateful meme detection span a di-
verse range of multimodal techniques, each attempting to
reconcile the conflicting and often subtle signals present in
meme images and their overlaid text (Hu et al. 2024; Mei
et al. 2023; Kumar and Nandakumar 2022). Many of these
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approaches achieve good results, but they focus on either
capturing the complex semantic interplay inherent in memes
or mechanisms for distinguishing benign confounders. To
understand memes, we believe a framework needs to encap-
sulate a holistic understanding of the image and text com-
bination along with cultural context, which may be missing
from the original meme text. To this end, we propose a hi-
erarchical interpretable framework, TRACE, that performs
multimodal context augmentation, while enriching input in-
formation related to the meme image prior to augmentation.
The main contributions of this paper are:

• A hierarchical, interpretable framework, referred to as
TRACE, for hate detection (as shown in Figure 2) that
includes visual grounding to reduce the complexity of
meme images when performing multimodal context aug-
mentation.

• Within TRACE, we propose an efficient n-layer fine-
tuning approach, and novel joint optimization of vision-
language models using a caption-scoring neural network.
The caption scorer takes candidate captions as input and
selects the best image-caption pair during the fine-tuning
process.

• A comprehensive evaluation of various model configura-
tions with both quantitative and qualitative error analysis.
Notably, TRACE attains high accuracy (0.807) and an F1
score (0.806) on the Hateful Memes dataset, at par with
the existing SoTA framework while being more efficient.

2 Related Work
Multimodal Hate Detection Recent advances in multi-
modal hate detection have shown promising developments
in analysing hateful memes, though significant challenges
persist. Gomez et al. (2020) established early foundations
with the MMHS150K dataset, implementing a dual-stream
architecture combining Inceptionv3 (Szegedy et al. 2016)
for visual features and LSTM (Hochreiter and Schmidhu-
ber 1997) for textual features achieving a modest accu-
racy of 68.2%. The field then shifted toward contrastive
learning approaches: HateSieve (Su et al. 2024) combined
a large vision–language model (LVLM) for caption gen-
eration with SDXL (Meng et al. 2021) for image syn-
thesis, achieving 73.45% accuracy on the FHM dataset
(Kiela et al. 2020); Hate-CLIPper (Kumar and Nandakumar
2022) fine-tuned Contrastive Language-Image Pre-training
(CLIP)’s projection layers for cross-modal interaction to
reach an AUROC score of 0.858 (Acc 0.756), which was
further improved by Retrieval-guided Contrastive Learning
(RGCL) (Mei et al. 2023) to AUROC 0.870 (Acc 0.788)
through a runtime retrieval database. While these methods
outperform earlier models, they still struggle with benign
confounders and complex semantic relationships between
modalities, as cosine-based similarity can yield inconsistent
performance (Steck, Ekanadham, and Kallus 2024). More
compute-intensive approaches like PALI-X-VPD (Hu et al.
2024) achieve state-of-the-art AUROC 0.892 (Acc 0.808)
via a 55B-parameter language model with chain-of-thought
prompting, raising concerns about real-world deployabil-
ity. Alternative lightweight architectures such as fine-tuned

Flamingo (Alayrac et al. 2022) and ISSUES (Burbi et al.
2023) have reported competitive AUROC scores of 0.866
and 0.855, respectively. Domain-specific datasets have also
emerged: MultiOFF (Suryawanshi et al. 2020) for the 2016
US elections (F1 0.54) and CrisisHateMM (Bhandari et al.
2023) for Russia–Ukraine conflict memes (F1 0.786).

Building on these foundations, recent work has ex-
plored richer semantic and knowledge-guided representa-
tions. (Zhong and Baghel 2024) introduces a fairness-aware
vision–language framework that generates human-centric
explanations for multimodal memes across domains, fo-
cusing on interpretability rather than classification accu-
racy. (Grasso et al. 2024) presents KERMIT, a memory-
augmented model integrating ConceptNet knowledge for
harmful meme detection, reporting 85.3% AUROC on the
FHM dataset. (Lin et al. 2024) harnesses multimodal de-
bates between large language models to generate conflict-
ing rationales, then fine-tunes a lightweight judge model for
harmfulness inference, improving explainability and detec-
tion robustness. These approaches suggest that integrating
external knowledge, richer semantic signals, and fairness
considerations can complement contrastive and large-scale
models, balancing detection accuracy with interpretability
and deployment feasibility.

Caption Generation The development of vision-
language models (VLMs) has revolutionized image
captioning and expansion, producing more detailed,
context-rich descriptions. Early encoder-decoder models
like “Show and Tell” (Vinyals et al. 2015) and “Show,
Attend and Tell” (Xu et al. 2015) used convolutional
and recurrent neural networks, but typically generated
only brief captions. Recent models use transformers and
large pretrained language models for improved semantic
alignment; ClipCap (Mokady, Hertz, and Bermano 2021),
for example, augments CLIP embeddings with a language
model for captions closely tied to image content. Large
Vision-Language Models (LVLMs) like BLIP-2 (Li et al.
2023) and InternVL (Chen et al. 2024b) have achieved
state-of-the-art results on captioning tasks. In our work, we
use the INTERNVL-2.5-8B model for caption generation,
as the meme text forms meaning in tandem with the image
rather than describing it directly.

Visual Grounding Despite LVLMs’ strong image under-
standing, they can hallucinate on subtle meme content. Sup-
plementing them with visual grounding provides needed
context and improves model interpretation (Bai et al. 2024).
Recent advances integrate visual grounding into VLMs,
boosting alignment between text and visual regions, ben-
efitting tasks like VQA, image retrieval, and object local-
ization. Notably, some works rephrase and augment input
queries by salient visual content (Prasad, Stengel-Eskin, and
Bansal 2023), while others use generative VLM prompts to
elicit object-level descriptions without extensive manual la-
beling (Wang et al. 2025). Additional methods apply visual
grounding for object localization (Yang et al. 2023), image
compression (Liu et al. 2024a), and reducing hallucinations
(Yan et al. 2024). Accordingly, our approach leverages vi-
sual grounding through object tagging and detection to im-
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Figure 2: Proposed hierarchical architecture of the TRACE
framework for Hateful Meme detection. The process in-
cludes: (1) Visual Grounding using RAM and Ground-
ingDINO; (2) Context Augmentation where LVLMs gener-
ate captions incorporating grounded visual details and orig-
inal text; (3) A VLM layer (such as CLIP) encoding the
image and augmented text; (4) A novel Caption Scorer se-
lecting the most relevant caption; and (5) Joint fine-tuning
the text encoder and caption scorer for final classification.
Frozen components (`) remain untrained.

prove caption quality and minimize hallucination.

3 Methodology
Our TRACE framework consists of three blocks as shown in
Figure 2. We describe the first two blocks in § 3.1, and the
third block in § 3.2. Figure 3 provides a more detailed view
of the third block. In both figures, the ` symbol indicates
that framework components in TRACE are frozen and thus
remain untrained on our data. The symbol highlights that
TRACE proposes training for these components.

3.1 Visually Grounded Context Augmentation
To create visual grounding from the original image, we
utilise the Recognize Anything Model (RAM) (Zhang et al.
2024) for tagging, and GroundingDINO (Liu et al. 2024b)
for detecting objects along with their bounding boxes. Al-
though zero-shot object detection methods, e.g., YOLOv9
(Wang, Yeh, and Mark Liao 2024), can produce bound-
ing boxes for generic images, they fall short in capturing
the context of hateful memes. Hence, we employ RAM
for tag generation paired with GroundingDINO for open-
vocabulary object detection. The next step is to augment the

Figure 3: Parameter-Efficient Fine-tuning of the CLIP text
encoder within TRACE. This diagram illustrates the strategy
where only the last n-layers (indicated by symbol) of the
text encoder (comprising Layer Norm, Multi-Head Atten-
tion, and Feed Forward blocks) are fine-tuned, alongside the
Caption Scorer. This minimizes trainable parameters to pre-
vent overfitting while adapting the model for hate detection.

context from the image into the text. To do so, the tags from
RAM and bounding box coordinates from GroundingDINO
are then fed into the LVLM layer to generate captions. These
captions highlight interactions between visual and textual el-
ements, with an emphasis on cultural references essential for
meme comprehension, as shown in the supplementary file2.
TRACE supports the generation of captions using several dif-
ferent VLMs. All such captions and the original meme text
are then encoded for the caption scorer, as described below.

3.2 Caption-aware Text Encoder Fine-tuning
The last block of TRACE is a combination of a vision-
language model and a novel neural network. TRACE
builds upon CLIP, a foundational vision-language encoder
model which was trained using a contrastive learning ap-
proach (Radford et al. 2021). CLIP is jointly trained us-
ing image-text pairs, and our task requires an understand-
ing of the nuanced interplay between visual content and
text for detecting hateful memes, making it well-suited
as a component. Since our training dataset contains lim-
ited samples (approx. 8.5k), fine-tuning all layers in the
text encoder (as shown in Table 1) is likely to result in
over-fitting on the training set, worsening performance on
the validation and the test set. Therefore, for such a low-
resource scenario, TRACE adopts parameter-efficient fine-
tuning (Houlsby et al. 2019), and proposes only tuning the
last n-layers of the text encoder, as shown in Figure 3. Ad-
ditionally, our experiments show the viability of only tuning

2All references to the supplementary file points to the extended
version of our paper on arXiv
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Model # of
Params

# of
Text Enc.

Layers

Text
Enc.

#
Last-4

CLIP-ViT-L/14 428M 12 123M 41M
SIGLIP2-L/16-

384
882M 24 413M 68M

CLIP-XLM-R-
ViT-H-14 1.1B 24 540M 90M

Table 1: Number (#) of parameters for CLIP and SigLIP
models. ‘Text Enc.’ reports parameters from the text en-
coder, and ‘Last-4’ reports parameters in the last four layers
of the text encoder.

the text encoder, leaving the image encoder untrained.
TRACE feeds the candidate captions to the text encoder

for obtaining representations, and further proposes the use of
our novel caption scorer, i.e., a feed-forward neural network
with 3 hidden layers detailed as follows. The caption scorer
S processes textual features hi ∈ Rd (where d is the output
dimension of the CLIP text encoder) to produce relevance
scores Si.

Si = fθ(hi) = W5

(
ϕ4

(
W4

(
ϕ3

(
W3

(
ϕ2

(
W2

(
ϕ1(W1hi)

)))))))
where:

ϕ(x) = GELU(LayerNorm(x))⊙ Dropout(p)
W1 ∈ Rd×1024, W2,W3 ∈ R1024×1024,W4 ∈ R1024×512, W5 ∈ R512×1

Weight normalisation W = g
∥v∥v is applied to the weight

matrices W2, W3, and W4. Bias terms are omitted for
brevity, but applied in each linear layer. Second, Gumbel-
Softmax enables differentiable caption selection:

pi =
exp((si + gi)/τ

Σn
j=1exp((sj + gj)/τ

where gi ∼ −log(−log(U(0, 1))) is Gumbel noise, τ is
the temperature, and n is the number of caption candidates.
The selected caption and image features are projected onto a
larger projection space and then undergo bidirectional cross-
attention fusion before classification. Given image features
I and text features T, the cross-attention mechanism com-
putes:

Ip = Projection(I) ∈ RB×D

Tp = Projection(T) ∈ RB×D

where B is batch size and D is projection dimension (1024).

CrossAttn(Q,K,V) = softmax
(
QKT

√
dK

)
V

For image-to-text attention:

Ienhanced = Ip + CrossAttn(Ip,Tp,Tp)

where Q = Ip (Query is image), K = Tp (Key is text), and
V = Tp (Value is text). For text-to-image attention:

Tenhanced = Tp + CrossAttn(Tp, Ip, Ip)

where Q = Tp (Query is text), K = Ip (Key is image),
and V = Ip (Value is image). The enhanced features are
concatenated:

Fcombined = [Ienhanced;Tenhanced] ∈ RB×2D

This bidirectional attention allows each modality to be en-
hanced by information from the other before classification.
Finally, a hate relevance loss Lrel aligns caption selection
with labels:

Lrel = −
[
y log

(∑
pi

)
+ (1− y) log

(
1−

∑
pi

)]
The classification loss (Lcls) uses combined features of

both the image and the selected caption. Hate relevance loss
(Lrel) on the other hand, uses only the caption scores directly
from the caption scorer. Both use binary cross-entropy loss
for calculation. While Lcls predicts whether an image-text
pair represents hateful content, Lrel directly evaluates how
‘hateful’ each caption is and encourages the caption scorer to
assign higher scores to hateful captions for hateful images.
These components interact through joint optimization:

Ltotal = Lcls︸︷︷︸
classification

+ Lrel︸︷︷︸
hate alignment

The model learns to: 1) weight captions by hate relevance
(S), 2) maintain differentiability in selection (pi), and 3) di-
rectly connect caption choices to label supervision (Lrel), en-
abling the model to specialize for hate detection while pre-
serving original text understanding through partial parame-
ter updates. These losses are back-propagated to the model
for fine-tuning.

3.3 Experimental Setup
We perform experiments in three different settings as de-
scribed below. For generalizability, we also report the perfor-
mance of the best approach on the MultiOFF dataset. Both
datasets are binary classification datasets with split sizes as
shown in Table 2.

Zero-shot We perform zero-shot experiments with multi-
ple LVLMs for hate detection, allowing us to report the per-
formance of only the LVLM layer, without any other com-
ponent of TRACE. For these experiments, we provide the
original meme image and overlay text as input within the
prompt described in the supplementary file.

Dataset #Training #Val #Test
Hateful Memes 8.5k 500 1k

MultiOFF 445 149 149

Table 2: Dataset Splits. Number of samples allocated to
the training, validation (Val), and test sets for the Facebook
Hateful Memes (FHM) and MultiOFF datasets used in the
experiments.
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Projection Layer Fine-tuning This experiment compares
the performance of two VLMs, CLIP-VIT-L/14, and
LLM2CLIP-Llama-3.2 (1B-Instruct-CC-Finetuned) with
two existing approaches, HateCLIPper-Align (Kumar and
Nandakumar 2022), and RGCL (Mei et al. 2023) which uti-
lize representation fusion. For fine-tuning both VLMs, we
first take the encoder pooler outputs (i.e., the [CLS] token)
and map them through linear plus dropout blocks for text and
image separately. These mapped representations are then
passed through a short stack of “pre-output” layers, which
apply dropout, linear transformation, and an activation func-
tion before the final classification.

TRACE We utilize INTERNVL-2.5-8B, and GEMINI-2.5-
FLASH to generate candidate captions for TRACE. We also
perform multiple experiments varying VLM models, and
the number of tunable layers (n) in the final framework
block, while jointly optimizing the caption scorer for hate
detection. We perform experiments with CLIP-VIT-L/14,
SIGLIP2-L/16-384 (Tschannen et al. 2025) and the large
variant CLIP-XLM-R-VIT-H/14 (Cherti et al. 2023) mod-
els as they report strong performance on downstream tasks
involving vision-language.

All publicly available models are obtained from the
HuggingFace repository, while for GEMINI-2.5-FLASH and
GPT-4O-MINI, we use their respective APIs. The experi-
ments are conducted using two 24GB A5000 GPUs. All
experiments on both datasets (Table 2) are executed with a
batch size of 64, with a gradient accumulation up to 512, and
a learning rate of 1e − 4 for 30 epochs with early stopping,
with an average runtime of 2 hours per experiment.

Evaluation Metrics To evaluate our models’ ability to
flag hateful memes, we report macro-averaged preci-
sion, recall, F1-score, and accuracy using the Scikit-learn
toolkit (Kramer and Kramer 2016). We omit AUROC score,
since it only measures the ranking of predicted scores and
ignores whether those probabilities reflect true hateful con-
tent (Lobo, Jiménez-Valverde, and Real 2008). Furthermore,
it aggregates performance across all possible thresholds,
rather than relying on a single decision point used in de-
ployment. It treats false positives and false negatives as
equally important, despite missed hateful instances (false
negatives) being far more problematic than over-flagging be-
nign memes (Halligan, Altman, and Mallett 2015). Conse-
quently, F1 and accuracy offer more meaningful insights into
our classifiers’ real-world effectiveness.

4 Experimental Results
Zero-shot From Table 3, the zero-shot results show that
GEMINI-2.5-FLASH (Team et al. 2023) performs signifi-
cantly better than the other two LVLMs, achieving an F1
score of 0.756, while the 8B variant of the INTERNVL-2.5-
8B model (Chen et al. 2024a) achieves 0.679, and GPT-4O-
MINI (Hurst et al. 2024) achieves 0.703 F1. To evaluate the
viability of LLMs for such a task, we further experimented
by providing the generated captions from LVLMs as input
to an LLM for zero-shot hate detection. However, the results
were significantly inferior to LVLMs in zero-shot.

Model Acc. F1 P R
INTERNVL-2.5-8B 0.690 0.679 0.688 0.671
GEMINI-2.5-FLASH 0.741 0.756 0.698 0.824

GPT-4O-MINI 0.692 0.703 0.666 0.745

Table 3: Zero-Shot hate detection performance on the FHM
Dataset. Evaluates the performance of various LVLMs on
the FHM test split without any task-specific fine-tuning.
Acc: Accuracy, P: Precision, R: Recall.

Model Acc. F1 P R
CLIP-VIT-L/14 0.720 0.710 0.746 0.717

LLM2CLIP-Llama-3.2 0.673 0.652 0.716 0.668
Hate-CLIPper - Align 0.756⋆ – – –

RGCL 0.788 – – –

Table 4: Projection layer fine-tuning results on the FHM
Dataset. Compares performance when fine-tuning only the
projection layers of CLIP-VIT-L/14 and LLM2CLIP-
Llama-3.2-1B. Results are benchmarked against prior meth-
ods (Hate-CLIPper-Align, RGCL) using similar lightweight
tuning. ⋆Score reproduced from their code.

Projection Layer Fine-tuning As shown in Table 4,
although the CLIP-VIT-L/14 and the newer variant of
LLM2CLIP (Huang et al. 2024) models already report good
results in other vision–language tasks, simply fine-tuning the
projection layers on the generated captions did not suffice.
They achieve accuracy scores of 0.720 and 0.673, respec-
tively; however, they still fall short compared to existing
CLIP-based approaches such as Hate-CLIPper (Acc 0.788)
and RGCL (Acc 0.756). This suggests that simple projec-
tion layer fine-tuning is insufficient for effectively utilizing
the caption information.

TRACE’s Fine-tuning As Table 5 demonstrates, selec-
tively fine-tuning the text encoder yields a clear performance
boost compared to full text-encoder fine-tuning in smaller
models. In particular, increasing the number of trainable
layers to 4 yields the best F1 score, as visualized in Fig-
ure 4. This pattern appears for CLIP-VIT-L/14, SIGLIP2-
L/16-384, and CLIP-XLM-R-VIT-H/14, indicating that
deeper text encoder updates improve the model’s ability to
capture subtle, context-dependent signals in hateful memes
for CLIP-based models. With the proposed hate-relevance
loss, we observe TRACE achieves SoTA performance on the
FHM dataset, with an F1 of 0.806 and an Accuracy of 0.807.
Please refer to Appendix D in the supplementary file for the
statistical significance (Pairwise McNemar’s) tests.

Finally, as shown in Table 6, we also evaluated TRACE
(w/ CLIP-XLM-R-ViT-H-14) with INTERNVL-2.5-8B and
GEMINI-2.5-FLASH on the MultiOFF dataset to demon-
strate the generalizability of our approach. The table also
presents the best existing benchmarked results as presented
in the original dataset paper for MultiOFF (Baseline). De-
spite the smaller sample size and different domain focus
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Figure 4: F1 Score vs. the number of fine-tuned text encoder
layers (n). Illustrates the impact of increasing the number of
trainable layers (n, from 1 to 5) in the text encoder on F1
performance for CLIP-ViT, CLIP-XLM, and SigLIP mod-
els within the TRACE framework on the FHM dataset. Fine-
tuning 4 layers achieves the best performance for all three
models.

of MultiOFF, our framework still achieves a notably higher
F1 score compared to prior work. This result underlines the
broader applicability of our methodology, even when deal-
ing with more limited datasets or varied offensive content
scenarios.

4.1 Discussion

Overall, TRACE performs at par with the PALI-X-VPD (Hu
et al. 2024) framework, which currently reports SoTA per-
formance over the FHM dataset. It reports an accuracy of
0.808, while TRACE reports an accuracy of 0.807 and an F1
score of 0.806. Further analysis using last-layer fine-tuning
(Table 5) isolates the impact of the loss components un-
der minimal parameter updates. This suggests that our novel
caption scorer and the associated Lrel provide targeted and
effective signals to adapt the model to this specific hate de-
tection task.

Importance of Caption-Scorer and Visual Grounding
Our qualitative analysis highlights the critical roles of
visual grounding and caption scoring in TRACE. Visual
grounding notably reduces hallucinations in smaller mod-
els (e.g., INTERNVL-2.5-8B), aiding accurate entity iden-
tification. For instance, in meme ‘07193.png’ (Figure 5a),
visual grounding improved INTERNVL-2.5-8B’s basic vi-
sual recognition but still missed subtle racial stereotypes
implied by the text “things I love to hunt.” In contrast, the
larger GEMINI-2.5-FLASH model generated a caption ex-
plicitly recognizing these racial stereotypes, which the cap-
tion scorer correctly identified as most hate-relevant (shown
in Appendix B of the supplementary file). This targeted
caption selection enabled TRACE to effectively detect nu-
anced hate, demonstrating how the combination of robust vi-
sual grounding and the caption scorer significantly enhances
multimodal hate detection accuracy and interpretability.

Model FT Acc. F1 P R

CLIP-VIT
L/14

T (-1) 0.743 0.740 0.757 0.745
T (-4) 0.764 0.764 0.764 0.764

SIGLIP2
L/16-384

T (-1) 0.705 0.700 0.730 0.708
T (-4) 0.723 0.721 0.733 0.725

CLIP-XLM-T
VIT-H/14

T (-1) 0.774 0.771 0.794 0.776
T (-4) 0.807 0.806 0.813 0.808

Table 5: Performance of TRACE fine-tuning on the FHM
Dataset with ablations. Evaluates TRACE using different
VLMs and varying the number of fine-tuned text encoder
layers (n = 1 and n = 4) using Lcls + Lrel losses. The best
configuration achieving SoTA-comparable results is marked
in bold. FT: Fine-tuning, T: Text, Acc: Accuracy, P: Preci-
sion, R: Recall. (−1) and (−4) indicate that last layer and
last 4 layers of the text encoder are fine-tuned, respectively.

Model Configuration Acc. F1 P R
MultiOFF Baseline

(Suryawanshi et al. 2020) – 0.540 0.390 0.840
GEMINI-2.5-FLASH

(Zero-shot) 0.557 0.492 0.451 0.542

CLIP-VIT-L/14
(projection FT) 0.604 0.377 0.302 0.500

TRACE (ours) 0.678 0.673 0.673 0.681

Table 6: Performance comparison on the MultiOFF Dataset.
Evaluates the generalizability of TRACE by comparing its
performance against the original MultiOFF baseline, zero-
shot, and projection layer fine-tuning (FT). TRACE results
use the configuration CLIP-XLM-R-VIT-H/14, and n = 4
layers.

Qualitative Analysis We further evaluated the TRACE’s
best output from the CLIP-XLM-R-VIT-H/14 model by
conducting qualitative analysis on samples with benign con-
founders. Figure 5 shows a confounder pair where the same
template can be benign or hateful depending on context.
TRACE correctly classifies both memes. Visual grounding
focuses captioning on the salient entities (e.g., the runner
and overlaid text), and the caption scorer prioritizes the more
nuanced caption. Figure 6 contrasts a correct negative with
a false negative. In 6a, a common, non-hateful template is
correctly rejected. In 6b, the meme implies potential vio-
lence, but small, low-salience objects (guns) are not consis-
tently captured by the grounding stage, leading the classifier
to mislabel. This points to a remaining limitation: sensitiv-
ity to small or partially occluded objects that carry decisive
semantic weight. These examples show that TRACE is ro-
bust to benign confounders when salient cues are grounded,
but can miss cases where key evidence is small or visu-
ally subtle. The supplementary file presents additional ex-
amples predicted by TRACE, comparing different candidate
captions, their scores, and how these eventually influence the
classification outcome.

38768



(a) True Label: Hateful,
Prediction: Hateful

(b) True Label: Not Hateful,
Prediction: Not Hateful

Figure 5: TRACE predictions using CLIP-XLM. (a) A cor-
rect classification where subtle hateful objectification is
identified. (b) A correctly identified non-hateful meme.

(a) True Label: Not Hateful,
Prediction: Not Hateful

(b) True Label: Hateful,
Prediction: Not Hateful

Figure 6: TRACE predictions using CLIP-XLM. (a) A cor-
rectly identified non-hateful meme. (b) A misclassification
where a hateful meme implying potential violence (guns)
is missed, possibly due to visual grounding challenges with
small objects.

TRACE as an Interpretable Framework Existing ap-
proaches, such as HateCLIPper (Kumar and Nandakumar
2022) and RGCL (Mei et al. 2023), only produce classifi-
cation labels, and there is no way for a moderator to un-
derstand how the model arrived at that decision. TRACE ’s
modular design makes use of visual grounding, caption gen-
eration, and Gumbel-softmax reliant caption scorer to assign
probabilities to any candidate captions. This helps the CLIP
model pick the best assisting caption to make an informed
prediction. Thus, when a moderator looks at the predicted
label along with the caption scores and probabilities, they
can understand the model’s decision process regardless of a
correct or incorrect model prediction.

Computational Efficiency To further highlight TRACE ’s
computational efficiency and methodological novelty, we
compare it directly against PaLI-X-VPD (Hu et al. 2024),
the current SoTA approach. As shown in Table 7, TRACE
achieves comparable accuracy to PaLI-X-VPD while requir-
ing drastically fewer computational resources, significantly
reducing training time from two days using large TPU clus-
ters to approximately four hours on just two GPUs while
incorporating visual grounding models and LVLMs for gen-
erating contextually enriched captions. These components
not only enhance detection accuracy but also provide inter-
pretability by clearly linking multimodal signals to model
predictions. Such efficiency and interpretability advantages
position TRACE favorably for practical deployment scenar-

Metric PaLI-X-VPD
(Hu et al. 2024) TRACE (ours)

Model
Size

55B parameters
+ code gen

+ visual tools
+ CoT

1.1B parameters (largest variant)
+ vg (RAM + GroundingDINO)
+ cap gen (INTERNVL-2.5-8B

+ GEMINI-2.5-FLASH)
Hardware

Used
128 TPU-v3

/ 128 TPU-v5
2 × NVIDIA A5000 GPUs

(24GB each)
Training

Time ∼2 days ∼4 hours (2h cap gen + 2h training)

Inference
Time (avg)

8.9s (4.7s code gen.
+ 4.2s exec.)

∼8s (5.5s vg & cap gen
+ 2.5s single forward pass)

Acc (FHM) 0.808 0.807

F1 (FHM) - 0.806

Table 7: Efficiency comparison with PaLI-X-VPD

ios, especially in resource-constrained environments.

5 Conclusion and Future Work
In conclusion, we propose the TRACE framework that en-
riches hateful meme detection with visually grounded con-
text augmentation, caption scoring, and parameter-efficient
text encoder fine-tuning. Our experiments showed that sim-
ply fine-tuning projection layers on strong underlying mod-
els does not fully leverage the generated captions. Instead,
targeted text encoder tuning substantially improved accu-
racy and F1 across datasets (FHM and MultiOFF). Notably,
our performance is at par with the 55B parameter SoTA
PALI-X-VPD framework and TRACE achieves an accuracy
of 0.807 and an F1 score of 0.806 while being more effi-
cient. This reflects the framework’s ability to capture subtle
linguistic signals, an ability reinforced by visual grounding
and enhancing context with LVLMs.

Future Work Although our text encoder fine-tuning strat-
egy already shows strong performance, it still involves
tuning millions of parameters, suggesting that scaling up
the training set—e.g., incorporating larger datasets such
as MMHS150K or combining multiple (recently released)
meme datasets could substantially enhance both general-
izability and robustness. In addition, we plan to explore
the extraction of intermediate-layer representations from en-
coders, since different layers may capture distinct linguistic
or semantic nuances. Notably, all these directions fit natu-
rally into our proposed framework: by treating it as the core
pipeline, such refinements remain modular to apply to any
meme dataset.

Ethical Impact
Our work relies on public datasets and publicly available
pre-trained models; therefore, no ethical review was neces-
sary. Nevertheless, these models can inherit biases from their
original training data, potentially yielding skewed or harm-
ful judgments for under-represented groups. From an ethical
standpoint, responsible usage of this system would require
human oversight to prevent over-censorship of benign con-
tent and to ensure a review of sensitive or ambiguous cases.
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