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Abstract

This paper presents our system for the LT-
EDI@ACL 2026 workshop on meme classifica-
tion of homophobia and transphobia in English,
Hindi, and Chinese. Detecting harmful content
in memes is challenging because meaning often
emerges from the interaction between visual el-
ements and short textual cues, particularly in
multilingual settings. To address this, we build
a multimodal pipeline using CLIP ViT-L/14 vi-
sual embeddings, EasyOCR text extraction, TF–
IDF lexical features, and a multinomial logistic
regression classifier. We further incorporate
two optional expert modules, a LoRA-adapted
Qwen2-VL model and a CLIP zero-shot clas-
sifier, and combine predictions using weighted
majority voting. The system is intentionally
lightweight and reproducible, demonstrating
that strong pretrained transfer features paired
with explicit OCR can provide robust multi-
lingual meme moderation without extensive
fine-tuning. On the official leaderboard, our
submission ranks 1st in Hindi, 3rd in English,
and 5th in Chinese.

1 Introduction

Memes, a popular trend in social media, are rarely
meaningful through a single modality alone. A
caption that looks harmless on its own can become
hateful once you see the image behind it, and the
same is true the other way around. This cross-
modal interaction allows memes to encode discrim-
inatory narratives in ways that are difficult to detect
through unimodal analysis alone.

The LT-EDI@ACL 2026 shared task targets
this problem with three labels: Homophobia,
Transphobia, and Non_Anti_LGBT, evaluated
across English, Hindi, and Chinese memes (Pon-
nusamy et al., 2026), where OCR quality, scripts,
and font stylization vary strongly across languages,

*Code repository: https://
github.com/gaurangisinha-tamu/
Homophobia-and-Transphobia-Meme-Classification.

adding further complexity (Yang et al., 2024). The
task requires both multimodal reasoning and gener-
alisation from small training sets.

We chose a small set of well-understood compo-
nents instead of a larger custom architecture. We
use pretrained CLIP image embeddings (Radford
et al., 2021), explicit OCR text extraction using
EasyOCR (JaidedAI, 2020), sparse TF–IDF text
features (Ramos, 2003), and a balanced multino-
mial logistic regression classifier, extended with a
LoRA-adapted Qwen2-VL (Hu et al., 2022; Wang
et al., 2024) and a CLIP zero-shot expert, ensem-
bled with fixed weights.

Our contributions are as follows: (1) a repro-
ducible multimodal pipeline that is simple but
harder for multilingual hateful meme classifica-
tion; (2) evidence that script-aware OCR (English
/ Hindi / Chinese) improves explicit lexical signal
capture in meme images; and (3) official leader-
board outcomes alongside internal validation be-
havior for model variants and ensemble design.

2 Related Work

Multimodal hateful meme detection. The Hate-
ful Memes Challenge (Kiela et al., 2020) intro-
duced a benchmark with deliberately constructed
“benign confounders” that demand cross-modal rea-
soning, motivating a wave of fusion architectures
and prompt-based methods (Huang et al., 2025;
Mei et al., 2024; Chakravarthi et al., 2023a). Im-
age+text interaction is also central to broader online
harm work, including transformer-based fusion and
contrastive retrieval (Mei et al., 2024) and chain-of-
evolution prompting that adapts large multimodal
models to hateful content (Huang et al., 2025). Our
system follows the frozen-CLIP line of work, but
keeps the classifier deliberately linear and adds an
explicit OCR + TF–IDF branch for scripts where
CLIP text towers underperform.
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Homophobia and transphobia detection. Ear-
lier shared-task work on homophobia and trans-
phobia has focused mainly on text-only social
media content (Chakravarthi, 2024; Chakravarthi
et al., 2023b), while the 2026 LT-EDI edition is
the first to require multimodal reasoning across
English, Hindi, and Chinese memes (Ponnusamy
et al., 2026). Meme moderation in this setting re-
quires handling visual symbolism and overlaid text
jointly, which motivates our multimodal pipeline
rather than a text-only classifier.

Transfer learning and parameter-efficient adap-
tation. Transfer learning with CLIP has become a
strong baseline for low-data vision-language tasks
(Radford et al., 2021). In parallel, parameter-
efficient adaptation methods such as LoRA (Hu
et al., 2022) enable practical fine-tuning of larger
multimodal models such as Qwen2-VL (Wang
et al., 2024), including under tight memory bud-
gets via tooling such as Unsloth (Han, 2023).
For noisy extracted text, sparse lexical features
(e.g., TF–IDF) remain robust and interpretable
(Ramos, 2003; Pedregosa et al., 2011). Our system
combines these lines of work into a lightweight
pipeline.

3 Task and Data

The shared task includes memes in three languages,
each with train and test splits and three classes.
Table 1 reports organizer-provided counts from the
task documentation.

In our notebook implementation, each language
track is processed independently, and OCR is con-
figured per script: en for English, hi+en for Hindi,
and ch_sim+en for Chinese.

4 Method

4.1 Feature Extraction
For each meme image x, we compute CLIP ViT-
L/14 image features:

v = CLIP(x), ṽ =
v

∥v∥2
, (1)

where ṽ ∈ R768 is the normalized visual represen-
tation.

We extract OCR text s(x) from the same image
and convert it into TF–IDF features:

t = TFIDF(s(x)) ∈ Rdt , (2)

with dt = 3000, unigram+bigram vocabulary, and
sublinear term frequency.

The fused feature vector is a concatenation:

f = [ṽ; t] ∈ R768+dt . (3)

4.2 Main Classifier

The primary classifier is multinomial logistic re-
gression (Pedregosa et al., 2011) with class balanc-
ing:

p(y = c | f) = exp(w⊤
c f + bc)∑K

k=1 exp(w
⊤
k f + bk)

, (4)

where K = 3 classes.
The model is trained by minimizing weighted

cross-entropy:

L = −
N∑

i=1

αyi log p(yi | fi), (5)

with class weights αyi derived from inverse class
frequency.

4.3 Auxiliary Experts and Voting

We add two optional experts for diversity: a LoRA-
Qwen2-VL-2B expert (r=16, lora_alpha=16)
trained with instruction-style multimodal supervi-
sion via Unsloth (Han, 2023), and a CLIP zero-
shot expert (Radford et al., 2021) that scores OCR-
augmented text prompts. Given expert predictions
ŷ(m) with weights wm, the final label is

ŷ = argmax
c∈C

M∑

m=1

wm · I[ŷ(m) = c], (6)

with (w1, w2, w3) = (4, 2, 1) for (CLIP+TF–IDF,
LoRA-VLM, CLIP zero-shot). The weighting is
structurally safe (4 > 2+1): CLIP+TF–IDF can-
not be overruled by any single dissenting expert, so
the ensemble can only flip a prediction when both
weaker experts agree against it. A tie-breaker for
the regime where the main classifier is least confi-
dent. Before producing test predictions, the expert
with the lowest validation macro-F1 has its weight
set to 0 (the remaining two experts keep their orig-
inal weights; since majority voting is invariant to
positive rescaling, no renormalisation is required).

4.4 Language-Aware OCR

A single OCR reader is not equally robust across
Devanagari, Latin, and Chinese scripts, so we
configure script-specific readers and cache ex-
tracted text per image. For mixed-script memes we
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Class English Hindi Chinese

Train Test Train Test Train Test

Homophobic 160 40 366 64 705 176
Transphobic 160 41 274 96 55 14
Non-Anti-LGBT 240 60 158 40 196 49

Total 560 141 798 200 956 239

Table 1: Dataset statistics from the LT-EDI@ACL 2026 task page.

Figure 1: System overview used in our submission. The final prediction is produced by weighted majority voting
over available experts.

run multiple OCR readers and retain the highest-
coverage extraction (longest non-empty output),
which empirically gave the most stable downstream
TF–IDF features. Let R be a set of OCR readers
and sr(x) be text extracted by reader r on image x.
We select:

s∗(x) = arg max
sr(x), r∈R

|sr(x)|. (7)

This is a design choice motivated qualitatively by
script uncertainty; an isolated per-language quanti-
tative ablation is left to future work (Limitations).

5 Experimental Setup

The pipeline in Figure 1 uses automatic dataset dis-
covery from provided ZIP/XLSX files, an 80/20
train/validation split, and CLIP feature extraction
in batches of 16 with blank fallback images for un-
readable files. The logistic regression hyperparam-
eter C is searched over {0.01, 0.1, 0.5, 1, 2, 5, 10}

and selected on validation macro-F1; best perfor-
mance was obtained at C ∈ {5, 10}.

The official shared task evaluates with macro-
precision, macro-recall, and macro-F1. For class-
wise precision Pc and recall Rc:

F1,c =
2PcRc

Pc +Rc
, Macro-F1 =

1

K

K∑

c=1

F1,c.

(8)

Implementation. CLIP uses frozen ViT-L/14 em-
beddings; LoRA runs Qwen2-VL in 4-bit mode.
Models are loaded via Hugging Face Transformers
(Wolf et al., 2020) in PyTorch (Paszke et al., 2019).
Class balancing is applied in logistic regression,
and weighted voting runs only after each expert is
validated independently.

Ablation design. We isolate two design choices:
(i) modality (image-only, text-only, fused) and
(ii) ensemble components (individual experts vs.
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validation-time worst-expert drop vs. weighted
vote), both reported in Section 6.

6 Results

6.1 Internal Validation (Notebook Run)
Table 2 reports internal validation metrics on the
English 80/20 split. Each row also serves as an
ensemble-component ablation: CLIP+TF–IDF is
the strongest single model, LoRA-Qwen2-VL and
CLIP zero-shot are progressively weaker, and the
weighted ensemble matches the strongest expert on
this split.

Model (English val. split) Accuracy Macro-F1

CLIP Embedding + OCR TF–IDF 0.9018 0.9029
LoRA Qwen2-VL + OCR 0.7768 0.7826
CLIP Zero-shot + OCR 0.5536 0.5546
Weighted Ensemble (w=4, 2, 1) 0.9018 0.9029

Table 2: Internal validation on the English 80/20 split
(N=112), submitted-system run. Weights (w=4, 2, 1)
apply to CLIP+TF–IDF, LoRA-Qwen2-VL, and CLIP
zero-shot respectively; the worst-expert drop (Sec-
tion 4.3) removes CLIP zero-shot (0.5546) on English,
so the ensemble matches the strongest single expert.

6.2 Modality Ablation
We ablate the visual and lexical branches on the En-
glish validation split (Table 3): image-only (0.9128
macro-F1) leads, text-only trails by ∼11 points
(0.7989), and fused is within 0.012 of image-only
(0.9011). The per-class breakdown (Appendix A)
shows that adding TF–IDF raises precision on
the harmful classes (Homophobia 0.88 → 0.92,
Transphobia 0.94 → 0.97) at a recall cost on
Homophobia (0.88→0.75); on N=112 the macro-
F1 gap is within sampling noise. We submit fused
because it produced our official leaderboard ranks
(OCR is essential for Hindi) and prioritises preci-
sion on harmful classes, the operationally prefer-
able trade-off for moderation.

Feature set Accuracy Macro-F1

Image-only (CLIP ViT-L/14) 0.9107 0.9128
Text-only (OCR TF–IDF) 0.8036 0.7989
Fused (CLIP + OCR TF–IDF) 0.9018 0.9011

Table 3: Modality ablation on the English validation
split (N=112), from a single re-run (shared split, CLIP
features, and LR hyperparameters; only the feature ma-
trix varies). Per-class P/R/F1 in Table 5. Fused macro-
F1 differs from Table 2 by 0.0018 (different OCR cache
state).

6.3 Official Leaderboard Performance
Table 4 summarizes official rank-list results for
our shared-task submission (SigJBS_offensive,
Run 1).

Language Accuracy Macro-F1 Rank

English 0.6525 0.6396 3
Hindi 0.8400 0.8081 1
Chinese 0.8285 0.6492 5

Table 4: Official leaderboard results.

Hindi achieves the strongest rank (1st); En-
glish and Chinese remain competitive under cross-
lingual variation and class imbalance.

6.4 Cross-Lingual Behavior and
Reproducibility

Hindi benefits from balanced classes and effective
Devanagari+Latin OCR (Yang et al., 2024); Chi-
nese has high accuracy but lower macro-F1 due to
class imbalance (55 training transphobic memes).
Frozen embeddings, sparse lexical features, and
linear classification make training and debugging
easier than end-to-end fine-tuning. A pipeline-first
perspective aligned with analyst-style LLM work-
flows (Sinha et al., 2025).

7 Error Analysis

We observe three recurring failure modes: (i) OCR
degradation on stylized text, frequent in Chinese
memes; (ii) sarcasm or implicit stereotypes where
neither modality carries an explicit hateful cue;
and (iii) minority-class confusion (only 55 Chinese
transphobic memes). Appendix A gives E1 to E3
examples, the English confusion matrix, feature-
importance analysis, and a confidence proxy γ for
flagging borderline memes.

8 Conclusion

We presented a compact multimodal system for
homophobia/transphobia meme classification that
combines CLIP features, OCR-derived TF–IDF,
and optional VLM/zero-shot experts. The method
is lightweight, modular, and easy to reproduce,
while delivering strong official leaderboard results
(1st Hindi, 3rd English, 5th Chinese).

9 Ethical Considerations

This work addresses harmful content detection in
LGBT contexts. Automated predictions can pro-
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duce false positives and false negatives, especially
for reclaimed language, satire, or culturally spe-
cific expressions. We recommend human-in-the-
loop moderation and careful auditing before de-
ployment. The system should be used to assist, not
replace, policy review. The shared-task data was
used solely for the academic purpose of building
a meme moderation system, and we discuss only
aggregate, anonymized predictions; no individual
examples or images are reproduced in this paper.

10 Limitations

Our approach depends on OCR quality and may
degrade on highly stylized memes. Validation met-
rics in our notebook are based on a split from the
available local training set and do not fully repre-
sent all multilingual deployment conditions. Also,
weighted voting does not model confidence calibra-
tion across experts. We additionally do not provide
a per-language quantitative ablation of the longest-
string OCR rule (Section 4.4): isolating its contribu-
tion requires training language-specific classifiers,
which is a different experimental setup from our
submitted multilingual joint-training pipeline, so
the rule is supported here only by its qualitative
motivation. Future work will focus on improved
OCR robustness, a per-language OCR ablation un-
der matched training conditions, better class-aware
calibration, and stronger multilingual VLM adapta-
tion under limited labels.
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Appendix

A Error Analysis

We observe several recurring failure modes. OCR
extraction degrades noticeably under stylized text
heavy fonts, low contrast, and curved overlays,
which reduce text signal quality, as we frequently
encountered in Chinese memes. Memes relying
on sarcasm or implicit stereotypes also remain dif-
ficult even with multimodal inputs, since neither
modality carries an explicit hateful cue. Finally,
transphobia examples are sometimes confused with
non-anti-LGBT in visually noisy memes, particu-
larly when the minority class has very few train-
ing examples (e.g., only 55 Chinese transphobic
memes).

Per-class modality ablation (supplement to §6.2).
Before continuing with error-analysis material, Ta-
ble 5 provides the per-class precision/recall/F1
breakdown referenced in Section 6.2. All three
rows are from the same reproducibility re-run as
Table 3.

Representative examples. We describe three
error categories from the English/Hindi valida-
tion splits (predicted → gold).1 E1. OCR miss
on stylised English meme (Non-Anti-LGBT →
Homophobia): a photo with a curved, rainbow-
outlined caption where EasyOCR returned only
two tokens (“this is”); the slur completing the
caption was rendered in a decorative font and
missed, so the TF-IDF branch predicted Non-Anti-
LGBT. E2. Sarcasm / implicit stereotype in
Hindi (Non-Anti-LGBT → Transphobia): a De-
vanagari caption that literally praises someone,
paired with a mocking visual template; OCR is
high quality, but the lexical branch has no slurs to
flag and the CLIP branch scores the benign tem-
plate highly, so both experts are confidently wrong
in the same direction and the weighted vote cannot
recover. E3. Minority-class confusion in English
(Transphobia → Non-Anti-LGBT): a meme about
a trans-coded target where the text is a reclaimed in-
group phrase; LoRA-Qwen2-VL labels it Transpho-
bia, CLIP+TF-IDF labels it Non-Anti-LGBT, and
CLIP zero-shot is uncertain under weights (4, 2, 1),
CLIP+TF–IDF wins the vote and flips the gold
label.

1We describe rather than reproduce these memes because
many contain slurs or explicit imagery. Image identifiers
and anonymised paraphrases are listed in the released code
repository.
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Feature set Acc. Macro-F1 Homophobia Non_Anti_LGBT Transphobia
P R F1 P R F1 P R F1

Image-only (CLIP ViT-L/14) 0.9107 0.9128 0.88 0.88 0.88 0.91 0.88 0.89 0.94 1.00 0.97
Text-only (OCR TF–IDF) 0.8036 0.7989 0.72 0.66 0.69 0.77 0.90 0.83 0.96 0.81 0.88
Fused (CLIP + OCR TF–IDF) 0.9018 0.9011 0.92 0.75 0.83 0.85 0.94 0.89 0.97 1.00 0.98

Table 5: Per-class precision/recall/F1 breakdown of the modality ablation on the English validation split (N=112).
Adding OCR TF–IDF raises precision on the harmful classes (Homophobia 0.88 → 0.92, Transphobia 0.94 →
0.97) at a recall cost on Homophobia (0.88 → 0.75), while Transphobia is recovered perfectly (R=1.00) by both
image-only and fused configurations.

True \ Pred Homo. Non_Anti Trans.
Homophobia 24 8 0
Non_Anti_LGBT 2 45 1
Transphobia 0 0 32

Table 6: Confusion matrix of the fused CLIP+TF–IDF
classifier on the English validation split (N=112), rows
= ground truth, columns = predicted.

Qualitative observations. In early experiments,
we observed near-zero F1 for the Non_Anti_LGBT
class due to severe class collapse in the VLM pre-
dictions; adding oversampling and rewriting the
label parser resolved this. When OCR captures ex-
plicit slurs, the TF–IDF branch contributes strongly
and often corrects ambiguous visual predictions.
Conversely, for text-sparse memes where target
identity is implied by imagery or symbols, CLIP
embeddings provide the dominant signal. The most
difficult cases combine sarcasm and ambiguous
templates where neither text nor image is indepen-
dently decisive.

Confusion matrix (English validation). Ta-
ble 6 reports the confusion matrix of the fused
CLIP+TF–IDF classifier on the English 80/20
validation split (N=112), derived from the per-
class precision/recall/support triples logged in the
notebook. Transphobia is recovered perfectly
(32/32 recall), Non_Anti_LGBT confusion is minor
(3/48 misclassified), and the remaining errors are
Homophobia→Non_Anti_LGBT (8/32), consistent
with the E1 failure mode (OCR missing a stylised
slur lets the lexical branch drift toward Non-Anti-
LGBT).

Feature importance. To probe what the fused
model actually relies on, we split the absolute
logistic-regression coefficients on the English val-
idation classifier into the 768 CLIP image dimen-
sions and the 3000 TF-IDF text dimensions. Im-
age features carry 31.6% of the total absolute
coefficient mass and text features 68.4% (per-

class: Homophobia 34.7/65.3, Non_Anti_LGBT
28.4/71.6, Transphobia 32.6/67.4 image/text).
The 768 CLIP dims therefore carry roughly half
the mass of the 3000 TF–IDF dims, so image di-
mensions receive a higher per-dimension weight
on average consistent with image-only being the
strongest single configuration in Table 3. The
top-weighted TF–IDF n-grams per class are inter-
pretable and class-specific (transgender, trans
rights, dysphoria for Transphobia; not gay,
same sex, lgbt pride for Homophobia; neutral
tokens to, me, love, lgbtq for Non_Anti_LGBT),
showing the model uses both modalities rather than
text alone.

Confidence-based filtering. Prediction disagree-
ments among experts are also informative. Let
nc =

∑
mwm I[ŷ(m) = c] denote the weighted

votes for class c. A simple confidence proxy is:

γ =
maxc nc∑

c nc
. (9)

Low-γ examples are disproportionately associated
with borderline or noisy memes and are suitable
candidates for human review in practical modera-
tion workflows.

These errors suggest future gains from stronger
multilingual OCR post-processing, more targeted
hard-negative mining, and calibration-aware en-
sembling.

B Training and Reproducibility Details

Table 7 lists the exact hyperparameters used to pro-
duce the results in Sections 6 and A, sourced from
the released notebook.
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CLIP image branch

Backbone clip-vit-large-patch14, frozen
Feature dim 768, L2-normalized
Batch (extraction) 16

TF–IDF text branch

Vocabulary 3000, unigram+bigram
TF norm. sublinear_tf=True

Logistic regression

Solver / iters multinomial / 2000
Class weight balanced (inv. freq.)
C grid {0.01, 0.1, 0.5, 1, 2, 5, 10}
Best C (En. val.) {5, 10}
random_state 42
Train/val split 80/20 stratified, seed 42

LoRA Qwen2-VL expert

Base model Qwen2-VL-2B-Instruct (4-bit)
LoRA target vision + lang + attn + MLP
r/α/dropout 16 / 16 / 0, bias=none
Optimiser AdamW-8bit, wd=0.01
LR / schedule 2×10−4, linear, warmup 10
Epochs/batch/accum. 1 / 2 / 4 (eff. 8)
Precision / seq. len. bf16 (fp16 fb) / 2048
Class balancing oversample to majority
Training seed 3407

CLIP zero-shot expert

Backbone clip-vit-large-patch14
Scoring cosine vs. 3 OCR-aug. prompts

OCR (EasyOCR)

Reader (En/Hi/Zh) [en]/[hi,en]/[ch_sim,en]
Multi-reader rule longest (Eq. 7)
Caching per-image, persistent

Compute

Hardware 1×NVIDIA A100, Colab

Table 7: Hyperparameters and configuration used
in the submitted system. Values taken directly
from the released notebook; the full Hugging
Face paths are openai/clip-vit-large-patch14 and
unsloth/Qwen2-VL-2B-Instruct.
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