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Abstract

Hate detection in memes involves an inher-
ent trade-off between over-detection, which
may suppress legitimate expression, and under-
detection, which may allow harmful content
to spread. Therefore, beyond improving de-
tection accuracy, it is important to make the
decision-making process transparent and as-
sess the quality of its underlying reasoning.
In this study, we extend REPS, a reasoning-
enhancement framework, to the multimodal
setting in order to improve both the explainabil-
ity and detection sensitivity of vision—language
models for context-dependent hateful meme
detection. Our approach enables the model to
iteratively select and learn from self-generated
rationales. Experimental results show that ex-
planation plausibility improves with an approx-
imately 60% win rate while achieving a re-
call of 0.960. These findings demonstrate that
reasoning-enhanced multimodal learning im-
proves both explanation quality and detection
sensitivity, while highlighting the trade-off in-
troduced by over-reasoning.

1 Introduction

Memes on social media combine short text
with visual cues, making their meaning highly
context-dependent and enabling them to spread
rapidly (Shifman, 2013). This property also al-
lows memes to implicitly convey discriminatory
content related to attributes such as race, ethnic-
ity, gender, and religion, motivating the develop-
ment of automated hate detection systems (Schmidt
and Wiegand, 2017; Martinez Pandiani et al.,
2025). Because hateful intent often emerges from
interactions between textual and visual informa-
tion (Kumar and Nandakumar, 2022), unimodal ap-
proaches are inherently insufficient (Gomez et al.,
2020). However, even vision-language models
(VLMs) may generate hallucinated or post-hoc ra-
tionales (Huang et al., 2025; Liu et al., 2025; Jain
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Figure 1: Overview of the proposed framework. QA-
formatted supervision is constructed for hateful meme
detection, and REPS is extended to the multimodal set-
ting to select plausible QA rationales for training.

and Wallace, 2019), limiting the transparency and
trustworthiness of their decision-making process.
To make the decision process more transparent,
we formulate hateful meme detection as a QA-
formatted task, where a VLM predicts whether a
meme is hateful while generating question—answer
(QA) rationales that explain its decision. Figure 1
illustrates the overview of our approach. First, we
transform the Hateful Memes Dataset (Kiela et al.,
2020) into QA-formatted supervision for jointly
learning hate detection and rationale generation.
We then extend Rationale Enhancement through
Pairwise Selection (REPS) (Kawabata and Sug-
awara, 2024) to the multimodal setting. For each
meme, multiple QA rationale candidates are gener-
ated, and REPS selects the most plausible candidate
as supervision for training the VLM. To isolate
the effect of this rationale selection process, we
compare our approach with a baseline trained on
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the same QA-formatted data without REPS-based
selection. Finally, we evaluate whether rationale
selection improves both hateful meme detection
performance and the plausibility of the generated
QA rationales.

Our experiments show that REPS-based selec-
tion substantially improves the plausibility of deci-
sion rationales compared with the baseline. We also
observe high recall, indicating increased sensitivity
to hateful content at the cost of more false posi-
tives, suggesting a trade-off between explanation
quality and discriminative accuracy. These findings
demonstrate that reasoning-enhanced multimodal
learning can improve both explanation quality and
detection sensitivity, while highlighting the trade-
offs introduced by over-reasoning.

2 Background and Related Work

Hateful Memes Dataset and Multimodal Rea-
soning. The Hateful Memes Dataset (Kiela et al.,
2020) is a benchmark designed to evaluate multi-
modal reasoning for hateful meme detection. A
key characteristic of this dataset is the inclusion
of benign confounders, where neither the image
nor the text alone is hateful, but their combination
conveys hateful intent. Consequently, solving this
task requires VLMs to capture complex interac-
tions between visual and textual information while
incorporating relevant background knowledge and
cultural context. These characteristics make the
dataset a suitable benchmark for studying not only
detection performance but also the quality of the
reasoning underlying model predictions.

VLM Reasoning Processes and REPS. Improv-
ing the transparency of VLM reasoning remains an
important research challenge. Chain-of-Thought
(CoT) prompting (Wei et al., 2022; Shao et al.,
2024) encourages models to generate intermedi-
ate reasoning steps together with their predictions
and has been widely adopted to improve reasoning
performance and interpretability. As an explicit
reasoning approach, we adopt a QA-formatted
rationale-generation framework for hateful meme
detection, in which the model jointly predicts the
label and its supporting rationale (Kawabata and
Sugawara, 2024). To improve the quality of gen-
erated rationales, we build on Rationale Enhance-
ment through Pairwise Selection (REPS) (Kawa-
bata and Sugawara, 2024), which performs pair-
wise comparisons among multiple model-generated
answer—rationale pairs and uses the model itself
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Figure 2: Examples of hateful meme images and the
procedure for constructing the training dataset.

to select the most plausible rationale for training.
By iteratively selecting higher-quality rationales,
REPS improves the plausibility of explanations
without requiring additional human annotations.
We extend REPS to the multimodal setting and
evaluate its impact on both hate detection perfor-
mance and rationale quality.

3 Methods and Experimental Setup

We extend REPS to the visual domain and apply it
to hateful meme detection. First, the QA generation
model (Mgeq) converts the Hateful Memes Dataset
into a QA format compatible with the REPS frame-
work. Next, the QA selection model (M) scores
the generated rationales, as illustrated in Figure 2,
and selects the most plausible QA candidate for
each training instance. The selected QA pairs are
then used to fine-tune the student model (M) to
jointly predict the classification label and gener-
ate a rationale for its prediction. For evaluation,
we measure not only classification accuracy but
also Explanation Plausibility (Win Rate) using an
evaluation model (Meya)).

3.1 Dataset Construction

Seed Dataset. First, we use the Hateful Memes
Dataset (Kiela et al., 2020) as the seed dataset
for our experiments. The training split (8,500 in-
stances) is used for model training, while the valida-
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Method Number of training instances
Original data 8,500
Augmentation 29,886
Random 8,245
REPS 8,245

Table 1: Number of training examples per setting. For
Random and REPS, one QA pair is used per image
among the 8,245 images where generation succeeded.

tion split (500 instances) is reserved exclusively for
final evaluation. Because the ground-truth labels
of the official test split are not publicly available,
we report results on the validation split.

Data Construction and Training Settings. To
evaluate REPS, we first use My, to generate QA
candidates for each training image following Fig-
ure 2. We sample up to four QA pairs per image by
running generation up to 10 times, retaining only
images for which at least one valid QA pair is gen-
erated. Table 1 shows the resulting dataset statistics.
Based on the candidate pool, we construct training
data using the following three settings:

1. Baseline (Random): One QA candidate is
randomly selected for each image as super-
vision, corresponding to the distillation of
teacher-generated outputs without selection.

2. Baseline (Augmentation): All generated QA
candidates are used as training data, increas-
ing the amount and diversity of supervision.

3. REPS: QA candidates are scored using a
prompt-based evaluator according to answer
appropriateness, internal consistency, and
plausibility. The highest-scoring candidate
is then selected to supervise each image.

Prompt templates for QA generation and evaluation
are provided in Appendix A.

3.2 Model Configuration

As illustrated in Figure 3, we use four models with
distinct roles for data generation, selection, train-
ing, and evaluation.

* QA generation model (Mgen): M,en gener-
ates QA pairs consisting of a predicted la-
bel and its supporting rationale.  We use
1lama3-1lava-next-8b-hf! (Li et al., 2024).

¢ QA selection model (Mge): M. selects the
most plausible QA candidate for each training

"https://hf.co/1lava-hf/1lama3-1lava-next-8b

instance using REPS-style pairwise evaluation.
We use Qwen2.5-VL-7B-Instruct? (Bai et al.,
2025).

¢ Student model (Mgy,): My, is fine-tuned on
the constructed dataset for hateful meme detec-
tion. We primarily use LLaVA-1.5-7B® (Liu
etal., 2024) as the backbone model. Since My, is
the model that performs the actual inference, we
additionally use LLaVA-v1.6-Vicuna-13B* (Liu
et al., 2024) to examine whether our approach re-
mains effective across different parameter scales.

¢ Evaluation model (Mgya): Meya serves
as a judge model for assessing the qual-
ity of generated explanations. We use
InternVL2-8B> (OpenGVLab Team, 2024). Us-
ing a different VLM as the judge helps reduce
preference bias toward the models used for data
generation and selection.

The synthetic QA pairs generated by M,e, and
selected by Mg are used to construct the training
data for My, and fine-tune it using LoRA (Hu et al.,
2022) with batch size 32, 3 epochs with a learning
rate of 2 x 10~%. To ensure a fair comparison, all
methods, i.e., REPS and Baseline (Augmentation
and Random), are trained with the same hyperpa-
rameters, and we use half precision. Unless other-
wise specified, all implementations are based on
the Hugging Face Transformers library (Wolf et al.,
2020) and use the default settings of the Trainer
API. Training was conducted on a single NVIDIA
A6000 GPU.

3.3 Evaluation Metrics

We evaluate model performance from two perspec-
tives: quantitative classification accuracy and qual-
itative explanation capability.

Classification Metrics. We extract the predicted
label (Hateful or Not Hateful) from the model-
generated answer and report Accuracy, Precision,
Recall, and F1 score.

Explanation Plausibility (Win Rate). In hate
speech detection, the rationale for a decision is as
important as the predicted label. To ensure repro-
ducible evaluation, we adopt an automated evalua-
tion framework that uses a VLM as a judge (LLM-

2https://hf.co/Qwen/QwenZ.5-VL-7B-Instruct
3https://hf.co/llava-hf/1lava-1.5-7b-hf
*https://hf.co/llava-hf/1lava-v1.
6-vicuna-13b-hf
Shttps://hf.co/OpenGVLab/InternvL2-8B
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Figure 3: Models and Procedures for Each Stage

Method Accuracy Precision Recall F1 Score
Baseline (Rand.) 0.526 0.514 0928 0.662
Baseline (Aug.) 0.518 0.511 0.872  0.644
REPS (Proposed)  0.524 0513  0.960 0.669

Table 2: Classification performance of each method us-
ing the primary backbone model, LLaVA-1.5-7B. REPS
achieves the highest Recall and F1 scores. “Rand.” de-
notes Random, and “Aug.” denotes Augmentation.

as-a-Judge) (Zheng et al., 2023) instead of human
annotation. Specifically, on the validation set (500
instances), we perform pairwise comparisons of
the QA outputs produced by the three models, i.e.,
Baseline (Random), Baseline (Augmentation), and
REPS, using M.y,. We then compute the Win Rate,
defined as the proportion of comparisons in which
the QA generated by the model trained with REPS
is preferred. By directly comparing the quality of
two rationales, this evaluation measures how ratio-
nale quality changes before and after REPS-based
training. To minimize preference bias, we use an
independent VLM as M., that differs from the
VLMs used in the other stages of our framework.

4 Results

Quantitative Evaluation: Classification Perfor-
mance. Table 2 reports the classification perfor-
mance of each method. First, we observe no sub-
stantial differences among methods in Accuracy
and Precision. This is consistent with the findings
of (Kawabata and Sugawara, 2024), who note that
REPS is not primarily designed to yield large im-
provements in classification performance. In con-
trast, REPS improves Recall to 0.960, though this
comes at the expense of increased false positives.
Examining the confusion matrix on the validation

set, among the 250 hateful instances, REPS mis-
classified 10 as not hateful, whereas Baseline (Aug-
mentation) and Baseline (Random) misclassified
32 and 20 instances, respectively. These results
suggest that REPS-based training substantially im-
proves the model’s sensitivity to hateful content.

Qualitative Evaluation: Explanation Plausibil-
ity. Next, we evaluate the quality of the gener-
ated decision rationales through pairwise compar-
isons using the evaluation model (Meyq1). Figure 4
shows the results. REPS is preferred over Base-
line (Random) and Baseline (Augmentation) in
58.2% and 59.4% of the comparisons, respectively.
This improvement is consistent with the findings
of Kawabata and Sugawara (2024), suggesting that
the REPS selection process is also effective for
improving explanation quality in the multimodal
setting. Nevertheless, the results with the other
backbone, LLaVA-v1.6-Vicuna-13B, show only
marginal gains. Although the margins differ be-
tween the two backbone models, REPS consistently
achieves win rates above chance, suggesting that
its benefit is preserved across them.

5 Discussion

Divergence Between Explanation Quality and
Classification Accuracy. REPS improves ratio-
nale plausibility but does not improve classification
accuracy, consistent with prior findings that better-
looking reasoning does not necessarily yield better
predictions (Kawabata and Sugawara, 2024). Given
the complex interplay between visual and textual
information in VLMs, plausible explanations are
not guaranteed to faithfully reflect the model’s de-
cision process or correspond to the ground-truth
label (Jacovi and Goldberg, 2020; Lyu et al., 2024).
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Figure 4: Pairwise evaluation results (Win Rate) by M., . The orange bars indicate the proportion of comparisons
won by REPS, while the blue bars indicate the proportion won by the baseline.

Method Setting n Word count Hedge count

mean + std  median [Q1,Q3] mean + std  median [Q1,Q3]
LLaVA-1.5-7B (main backbone)
Baseline augmentation 500  147.59 £ 24.99 145 [130, 160] 2.848 +1.983 311,4]
Baseline random 500 138.15 £23.41 138[121,153.25] 2.532 £ 1.742 211,4]
REPS (Proposed) reps 500 138.68 +£23.33  137.5[122, 154] 2.066 £+ 1.605 211, 3]
LLaVA-v1.6-Vicuna-13B (sub backbone)
Baseline augmentation 500 173.63 £ 30.43 173152, 200] 1.898 £1.743 1[1,3]
Baseline random 500 135.82 +£24.75 135[118, 150] 1.186 + 1.356 1[0,2]
REPS (Proposed) reps 500 72.04 £ 14.38 71[63, 81] 0.392 £+ 0.596 0[0,1]

Table 3: Style statistics of generated rationales. We report mean =+ std and median with quartiles [Q1, Q3].

Figure 5: An example failure case.

Analysis of Higher Recall and Increased Over-
Detection. To better understand the higher recall
and increased false positives, we analyze represen-
tative errors and patterns of rationale. Figure 5
presents a representative failure case. Moreover,
we analyze two surface properties of the generated
rationales: (i) length (word count) and (ii) hedging
usage (hedge count). Table 3 reports the mean=+std
and median [Q1, Q3] for each setting. Rationale
lengths are broadly comparable across methods:
REPS is similar to Baseline (Random) and slightly
shorter than Baseline (Augmentation). In contrast,

REPS uses fewer hedge words (mean 2.066 vs.
2.532-2.848; median 2 with a lower upper quar-
tile), suggesting REPS encourages more assertive
explanations without increasing rationale length.

6 Conclusion

In this study, we investigated the selection of REPS-
based training data to improve VLM explainability
for hateful meme detection. Experimental results
show that REPS improves rationale plausibility (ap-
proximately 60% win rate over the baselines) while
achieving high recall (0.960), indicating greater
sensitivity to subtle image—text hate cues. However,
this improvement comes at the cost of increased
false positives, revealing a trade-off between ex-
planation quality and classification performance.
Future work includes incorporating supervision on
benign cases and refining the selection process to
reduce over-detection.

Limitations

First, we evaluated our approach only on the Hate-
ful Memes Dataset and reported results on the vali-
dation split, because the official test labels are not
publicly available. Therefore, the generalizability
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of our findings to other meme datasets, platforms,
languages, or deployment settings remains unclear.
Second, our pipeline depends on specific model
choices for generation, selection, and evaluation
(e.g., the selection model and the VLM-as-a-Judge).
In particular, explanation plausibility is assessed
through pairwise comparisons by a judge model,
whose preferences may not fully align with hu-
man judgments. Moreover, plausibility does not
guarantee faithfulness to the model’s true decision
process, so well-formed explanations may still be
post hoc or incomplete. Therefore, further human
evaluation would be ideal for practical validation.
Third, REPS increases detection sensitivity but
also increases false positives, reflecting a trade-off
that may lead to over-moderation in practice. We
do not investigate threshold calibration or decision
policies that explicitly control this trade-off.
Fourth, our training data is constructed from au-
tomatically generated QA candidates. A small por-
tion of images (approximately 3%) fail during QA
generation and are therefore excluded, potentially
introducing bias into the constructed dataset.

Ethical Considerations

Dataset. We use the Hateful Memes Dataset in
accordance with its license and terms of use and
do not redistribute the dataset (including images or
associated text) beyond what those terms permit.
Because the benchmark contains potentially offen-
sive content, we present qualitative examples and
model outputs only when necessary and take care
to minimize unnecessary exposure or amplification.
Given the risk of false positives and potential mis-
use, the proposed system is not intended for fully
automated enforcement and should be used only
with human oversight.

Al-assistant. Al-assisted writing tools, includ-
ing DeepL, Grammarly, and GPT-5, were used for
language refinement, including wording improve-
ments, translation, and grammatical correction. All
research ideas, experimental design, implementa-
tion, analyses, and conclusions were developed and
verified by the authors.
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A Prompt Templates

We used three prompt templates: (i) a structured
QA prompt that outputs JSON for the label and
minimal evidence, (ii) an explanation prompt for
generating a rationale, and (iii) a scoring prompt
that assigns a score from 0 to 100 based on factual
grounding and logical consistency. OCR-extracted
meme text was included as context when available.

Structured QA Prompt (JSON)

You are a careful multimodal QA assistant. Output
JSON only.

1) Q1: Does the meme express hate toward a pro-
tected group? - Answer with one of: "Yes", "No", or
"Uncertain".

2) Q2: If yes or uncertain, which group appears tar-
geted? - Short phrase, or "None".

3) Evidence: Quote minimal text or describe minimal
visual elements (<=2 sentences).

Return JSON with keys: “q1”: “...”, “q2_group™: “...”,
“evidence”: “...” Do not add any text outside JSON.
[OCR/text in meme]: “<OCR_TEXT>"

Explanation Prompt

Provide a concise, fact-grounded rationale in 2-4 sen-
tences about whether the meme is hateful and why.
[OCR/text in meme]: “<OCR_TEXT>"

Scoring(0-100) Prompt

You are a helpful assistant who evaluates explana-
tions’ factual accuracy and logical consistency.
Look at the image and the provided information. Eval-
uate the following explanation and assign a score
from 0 to 100 based on how factually grounded it is
in the image and how logically valid it is.

Scoring rubric: - 90-100: Fully grounded in the im-
age/information, logically coherent, no unsupported
claims. - 70-89: Mostly grounded; minor speculation
or small logical gaps. - 40-69: Partially grounded;
several unsupported claims or notable inconsistencies.
- 10-39: Largely ungrounded; major hallucinations or
faulty reasoning. - 0-9: Completely ungrounded or
contradicts the image/information.

Output format: Score: <integer 0-100> Rationale:
<1-2 sentences explaining the main evidence and the
main issue, if any>
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