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Abstract

Harmful memes convey offensive intent
through implicit associations between visual
symbols and text, requiring a broad under-
standing of cultural stereotypes and visual
metaphors. Small-scale Multimodal Large Lan-
guage Models (MLLMs) often lack the knowl-
edge required to identify such implicit hate,
whereas Large-scale MLLMs, despite their
broader knowledge, exhibit systematic label-
ing bias. To address these challenges, we pro-
pose DR-HM, a Distill-then-Reinforce training
framework with cognition-aware data synthe-
sis for harmful meme detection, which aims to
transfer knowledge from closed-source mod-
els while mitigating their biases. DR-HM
introduces a six-step structured data synthe-
sis scheme with self-refinement that decom-
poses meme analysis into a progressive, human-
inspired reasoning process from entity recog-
nition to harmfulness judgment. Based on the
synthesized reasoning data, we further adopt a
Distill-then-Reinforce training strategy. This
approach combines a two-stage Supervised
Fine-Tuning (SFT) with an Adaptive Group
Relative Policy Optimization (A-GRPO) algo-
rithm, which incorporates class-ratio-aware re-
ward weighting and dynamic KL coefficients.
Experiments' on three benchmark datasets
show that the proposed approach consistently
outperforms existing methods and achieves an
accuracy of 84.7% on the FHM dataset, ap-
proaching the reported performance of human
annotators.

1 Introduction

Multimodal memes have become a dominant

medium for online expression. Beyond their hu-

morous surface, they frequently encode implicit
* Equal contribution.

¥ Corresponding authors.
'Code available at https: //github.com/newczh/DR-HM

Humans: "wait, what does this mean?"

. @‘ﬁ?ﬁ

AL: “This is a...... So i will choose the label: harmless.”

Figure 1: Comparison of human vs. Al interpreta-
tion of a meme. Humans follow a three-step reason-
ing chain: detect a horse-head cue, link it to esports
player TheShy’s nickname, and infer dehumanizing in-
tent—thus judging the meme harmful and signaling they
will report it. Al relying mainly on surface cues, pre-
dicts a harmless label.

attacks by deliberately pairing images and text to
target specific groups (Kiela et al., 2020b; Fersini
et al., 2022; Pramanick et al., 2021b). Such of-
fensive intent relies on cultural stereotypes, visual
metaphors, and cross-modal interactions that re-
main invisible when either modality is considered
in isolation.

Current detection approaches face a trade-off be-
tween interpretability and efficiency. Some meth-
ods adopt end-to-end direct classification without
explicit reasoning (Cao et al., 2022; Shah et al.,
2024; Zheng et al., 2025), making it difficult to
interpret the implicit attack logic in memes. An-
other line of work adopts a two-stage pipeline (Ji
et al., 2024; Lin et al., 2024), where a large model
first generates reasoning and a smaller model then
performs prediction. However, this approach is
cumbersome to deploy and incurs higher computa-
tional cost. In contrast, Group Relative Policy Opti-
mization (GRPO) follows the Explain-then-Detect
paradigm, generating reasoning prior to classifi-
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cation, which better matches the step-by-step na-
ture of meme understanding (Wei et al., 2022; Pan
et al., 2026). Nevertheless, recent studies show that
small-scale MLLMs struggle to benefit from this
paradigm due to insufficient world knowledge, of-
ten underperforming baselines trained solely with
label supervision (Mei et al., 2026).

As shown in Figure 1, human interpretation of
memes relies heavily on shared cultural knowledge,
historical context, and nuanced visual cues. Due
to the lack of this crucial cultural grounding, cur-
rent small-scale MLLMs frequently miss implicit
offensive meanings, rendering them unreliable for
subtle toxicity detection.

This gap motivates knowledge transfer from
larger closed-source models, such as the Gemini se-
ries, which encode broader commonsense and cul-
tural knowledge and produce coherent multi-step
reasoning. Mr.Harm (Lin et al., 2023) provides
an initial exploration of distillation-based meth-
ods, but reports that jointly training explanation
generation and harmfulness prediction can hurt per-
formance. It even performs worse than direct label-
based fine-tuning. A likely reason is its reliance
on simple or free-form prompts to elicit reasoning,
which often produces unstructured and noisy out-
puts. To mitigate this issue, Mr.Harm(Lin et al.,
2023) adopts a two-stage training strategy, first
learning to generate reasoning and then learning
to predict labels. However, this design requires
two separate models during inference, one for rea-
soning generation and the other for classification,
which increases system complexity. A more natural
alternative is to integrate reasoning and prediction
within a single framework, which can improve effi-
ciency while maintaining interpretability.

Despite closed-source models ability to provide
high-quality reasoning signals, their training objec-
tives are not fully aligned with the judgment criteria
in meme harmfulness analysis, which heavily rely
on subjective context, resulting in systematic bi-
ases in harmfulness judgments. We therefore need
a method that exploits their reasoning quality while
correcting their classification errors.

At the same time, standard SFT focuses on learn-
ing direct input—output mappings and thus strug-
gles to capture implicit associations beyond sur-
face patterns. Reinforcement learning approaches
(Wang et al., 2025; Chen et al., 2025), such as
GRPO (Shao et al., 2024) and related methods,
offer a way to enhance reasoning through post-
training. However, their direct application is hin-

dered by practical challenges, including severe

class imbalance in harmful meme datasets and the

difficulty of designing suitable task-specific reward
functions.

To address these challenges, we propose Distill-
then-Reinforce Training with Cognition-Aware
Data Synthesis for harmful meme detection, collec-
tively referred to as DR-HM. We design a six-step
structured data synthesis scheme that decomposes
meme analysis into progressive cognitive stages,
mirroring how human annotators reason about
memes. To mitigate label bias in closed-source
models, we introduce a Teacher—Reviewer—Proxy
self-refinement mechanism that validates and re-
vises generated reasoning when predictions are
incorrect. Building on the synthesized data, we
further propose a Distill-then-Reinforce Training
strategy. In this framework, a two-stage SFT pro-
cess first injects domain knowledge through com-
plete reasoning traces and then learns compressed
inference representations. Finally, we introduce
an improved reinforcement learning algorithm, A-
GRPO, which incorporates class-ratio—aware re-
ward weighting to address label imbalance and
sample-level dynamic KL coefficients to balance
exploration based on the reference model’s confi-
dence. Our main contributions are as follows:

* We propose a six-step structured data synthesis
scheme with a refinement mechanism for harm-
ful meme detection, releasing related reasoning
datasets.

* We design the Distill-then-Reinforce Training
strategy combining two-stage SFT with A-
GRPO, enabling open-source MLLMs with 7B
parameters to perform explicit reasoning for de-
tecting harmful memes.

» Experiments on three datasets show that DR-HM
achieves 84.7% accuracy on FHM, approaching
human-level performance (Kiela et al., 2020b),
84.8% on MAMI and 81.3% on PrideMM.

2 Related Work

2.1 Harmful Meme Detection

Harmful meme detection seeks to classify online
memes as harmful or harmless. Due to the com-
plex and multimodal nature of memes, which rely
on contextual factors (Pramanick et al., 2021a),
relying solely on unimodal detection methods of-
ten yields suboptimal performance. Consequently,
researchers have shifted towards sophisticated mul-
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timodal approaches. To address the inherent align-
ment problem between different modalities, early
solutions typically employed classical two-stream
architectures (Lu et al., 2019). These methods en-
code text and image features separately, letting
deep neural networks learn joint representations
through either early fusion (Kiela et al., 2020a) or
late fusion (Kiela et al., 2020b). To improve cross-
modal alignment, attention-based mechanisms are
widely used (Kumari et al., 2024; Pramanick et al.,
2021b). For example, MOMENTA leverages cross-
modal attention to model interactions between im-
ages and background text at both global and local
levels. Subsequently, a major line of work explored
fine-tuning pre-trained multimodal models specifi-
cally for this task (Lippe et al., 2020; Muennighoff,
2020; Velioglu and Rose, 2020). Parallel to this,
other studies leveraged contrastive learning frame-
works based on CLIP (Radford et al., 2021) to fuse
cross-modal features within a unified embedding
space (Burbi et al., 2023; Kumar and Nandaku-
mar, 2022; Mei et al., 2024; Tzelepi and Mezaris,
2025; Yang et al., 2024). In addition to architectural
advancements, efforts such as data augmentation
(Zhou et al., 2021; Zhu et al., 2022) and harmful
target disentanglement (Lee et al., 2021) were in-
troduced to improve classification accuracy.

However, most methods optimize classification
objectives without explicitly modeling step-by-step
reasoning, limiting interpretability and generaliza-
tion to novel meme formats.

2.2 Explainable Prediction

As LLMs have demonstrated remarkable capabili-
ties in complex reasoning (Brown et al., 2020; Rae
et al., 2022), explainable prediction has become an
important direction in multimodal learning, aim-
ing to improve interpretability and reliability by
providing reasoning alongside model predictions.
In harmful meme detection, it has been explored
through various approaches, including multimodal
debate (Lin et al., 2024), informative captioning
(Jiet al., 2024), evolution prompting (Huang et al.,
2025), and prompt engineering (Cao et al., 2022).

ExPO-HM (Mei et al., 2026) further investigates
incorporating reasoning into the prediction process
for open-source VLMs, showing that models can
benefit from training with SFT and reinforcement
learning. However, its SFT stage still fails to sur-
pass standard binary classification training in per-
formance.

3 Method

3.1 Problem Formulation

We formulate harmful meme detection as a multi-
modal binary classification problem. A dataset
is represented as M = {(m;,y;)}Y,, where
m; = (v4,t;), v; denotes the image, ¢; denotes the
text, y; € {harmful, harmless} indicates whether
the meme attacks a protected group, and N is the
total number of memes in the dataset. Following
ExPO-HM (Mei et al., 2026), we adopt the Explain-
then-Detect paradigm where the model fy first gen-
erates structured reasoning E before producing the
final prediction §:

fo(m) = {think : E, answer : §}. (1)

3.2 Cognition-Aware Data Synthesis with
Self-Refinement

Knowledge distillation provides an effective way
to transfer reasoning capabilities to smaller mod-
els (Ho et al., 2023; Hsieh et al., 2023). While
closed-source models can generate high-quality
reasoning data, their training objectives are not
fully aligned with the subjective standards used in
meme harmfulness assessment (see Appendix B.1),
which may introduce systematic biases. To mitigate
this, we design a Cognition-Aware Data Synthesis
framework with a Self-Refinement mechanism that
leverages the strong text generation ability while
ensuring alignment with ground-truth labels.

3.2.1 Structured Question Design

Two properties of meme detection shape our ques-
tion design. First, unlike mathematical reasoning
tasks that rely on deep logical chains, meme de-
tection requires broad world knowledge, including
an understanding of cultural stereotypes, group-
specific references, and visual metaphors. Such
knowledge is inherently limited in small open-
source models. Second, human annotators do not
assess memes through instantaneous pattern match-
ing. Instead, they follow a systematic cognitive
process that progresses from surface perception to
deeper semantic judgment, as illustrated in Fig-
ure 1. Accordingly, we design structured questions
that mirror this human cognition process, enabling
the distillation of broader world knowledge from
large-scale MLLMs pretrained on vast corpora.
Following the cognitive trajectory of perception,
interpretation, cultural association, deep seman-
tics and final judgment, we decompose meme rea-
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Figure 2: The overview of Cognition-Aware Data Synthesis with Self-Refinement. The Teacher generates reasoning
without label hints, the Proxy Model verifies predictions, if incorrect, the Reviewer corrects the reasoning based on

the ground-truth label.

soning into five sequential questions. ¢': Iden-
tify entities and objects appearing in the image
and text. ¢?: Describe salient visual elements.
¢®: Detect biased or offensive associations and
explicitly identify targeted groups. ¢*: Analyze
metaphors emerging from the image—text interac-
tion. ¢°: Based on the preceding analysis, deter-
mine whether the meme exhibits harmful behav-
iors toward specific targets. This progression fol-
lows the cognitive trajectory of human annotators
and is consistent with chain-of-thought prompting
(Wei et al., 2022). Notably, Q** = (¢%,¢%,¢*)
explicitly elicit cultural stereotypes, group-specific
knowledge, and symbolic interpretations that are
difficult for smaller models to infer independently.
Since Q' = (¢',¢%, ¢3, ¢*, ¢°) produce verbose
output unsuitable for direct training, gs performs
lossless compression of Q'*®, condensing core ev-
idence without revealing classification tendency.
Detailed prompt templates are provided in Ap-
pendix A.

3.2.2 Self-Refinement Mechanism

A key challenge in harmful meme annotation is
subjectivity, that is, different annotators or models
may have varying thresholds for what constitutes
harmful content. To address this while preserving
generation quality, we propose the Self-Refinement
mechanism, as illustrated in Figure 2, including (1)
a Teacher Model, such as Gemini-3-Flash (Google

DeepMind, 2025), that generates initial reasoning
under label-free prompting, preserving natural gen-
eration without label-induced bias; (2) a Proxy
Model, such as Gemini-2.5-flash-lite, that evalu-
ates whether the reasoning leads to correct pre-
dictions, simulating capability of the target student
model; and (3) a Reviewer Model, such as Gemini-
3-Flash, that corrects erroneous reasoning when
necessary.

Self-Refinement mechanism decouples the
strong text generation capability of closed-source
LLMs from their classification bias.

For each meme m; € M, the teacher model T
first generates reasoning EZ(O) through our six pro-
gressive questions without label hints, preserving
the fluency and naturalness of the reasoning chain.

EZ(O) — T(m“ Ql:()’)7 2)
where Q!¢ denotes the prompt containing all six
questions. A proxy model P then predicts the label
7; conditioned on both the meme and the generated
reasoning.

ji = P(ms, B, 3)

If §; # y;, a reviewer model R revises the rea-
soning by incorporating the ground-truth label as
guidance.

E; = R(mi, E, ). 4)

42978



Otherwise, the original reasoning is retained: E; =
EEO). This design ensures that reasoning is gener-
ated without label leakage while still achieving
alignment with ground-truth labels through tar-
geted revision. Last, we construct a reasoning-
augmented dataset D* = {(m;, Ef, )}, where
each sample contains the meme, high-quality rea-
soning text involving multi-step answers E* =
(e',e?,e3,e, e, ef), and the corresponding label.
This dataset serves as the foundation for subsequent
supervised fine-tuning stages.

By decoupling reasoning generation from label
verification, self-refinement enforces strong con-
sistency between the synthesized rationales and
ground-truth labels. This separation also prevents
the propagation of teacher classification errors,
overcoming an inherent flaw in standard single-
pass distillation.

3.3 Distill-then-Reinforce Training

Figure 3 illustrates our three-stage Distill-then-
Reinforce training framework. The three stages
build capabilities progressively: Stage 1 injects
reasoning knowledge from distilled data; Stage 2
compresses this knowledge into efficient inference
patterns; and Stage 3 moves beyond the imitation
ceiling of SFT through reinforcement learning.

Stage 1: Full Knowledge Injection In the first
stage, the model is trained to generate complete
responses to questions Q'°, fully transferring
the high-quality reasoning knowledge from the
teacher model. This stage encourages the model
to learn comprehensive, fine-grained reasoning pat-
terns rather than directly mapping inputs to la-
bels, thereby establishing a solid reasoning founda-
tion for subsequent compression and optimization.
Given an input meme m € M and the correspond-
ing five questions Q'°, the training objective is
defined as:

1:5
le™?]

Lspry = — »  logp(e™ | m, Q"% e"<"),  (5)

t=1

where e!® = (e!,e2,e3,¢e*, e’) from E* in D*
denotes the multi-step answers corresponding to
Q. Here |e!*?| is the total token count, e!*>! is
the t-th token, and e'*><! denotes all preceding

tokens.

Stage 2: Reasoning Compression At this stage,
the model compresses the reasoning information
contained in answers e! to ¢ and leverages it for

holistic reasoning and judgment of meme harmful-
ness. We design the question ¢7“%9¢ to guide the
model to first generate a complete reasoning pro-
cess before producing the harmfulness judgment.
By training exclusively on this question, the model
is encouraged to aggregate essential evidence in a
compact and effective form, enabling efficient and
reliable classification. The training loss for this
stage is defined as:

lef|

LspTo = — Zlog Py (66,1& ‘ m, qjudge’ e6,<t)7 (©6)
t=1

where €5 denotes the response corresponding to
¢7"9¢, Here |e®| is the total token count, % is the
t-th token, and €% <* denotes all preceding tokens.

This two-stage design allows the model to first
learn full reasoning knowledge and then compress
its outputs, thereby mitigating information loss that
may occur when directly learning compressed rea-
soning.

Stage 3: Adaptive Group Relative Policy Opti-
mization SFT is essentially behavioral cloning:
the model imitates input-output mappings without
exploring alternative reasoning paths (Shen et al.,
2025). To enhance output regularity and classifi-
cation accuracy, we introduce GRPO (Shao et al.,
2024) for post-training after SFT, and propose two
improvements tailored for the classification char-
acteristics of harmful meme detection, forming A-
GRPO.

Given input meme m, A-GRPO samples a group
of candidate outputs {s1,...,5;,...,Sg} from the
old policy mg,,, where each s; = (ej,7;) com-
prises generated reasoning and prediction. For the
t-th token of the j-th output sequence, the impor-
tance sampling ratio is defined as:

TOota (sj,t | m, 3j,<t>

Our A-GRPO objective function is:

Pjt = (N

11
IrGrro(0) = E(m.y) {s;}~ms, G 2 Is;]
j=1

Is;]
Z (min (pjidj, clip(pjs, 1—€,1+€)A;) )
t=1

_BmDKL [79 H Wref])] )

where € is the clipping threshold and Bm is the
sample-level KL coefficient. A; = R;—mean(R),
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Figure 3: Overview of the Distill-then-Reinforce training framework. Stage 1 injects full reasoning knowledge
(Q'); Stage 2 compresses reasoning into concise outputs (¢°); Stage 3 further enhances classification accuracy

through reinforcement learning.

where R = {Rji,..., Rg} denotes the set of re-
wards corresponding to each candidate output s; in
the group. Below, we introduce the two improve-
ments of A-GRPO over standard GRPO.

* Class-Ratio Reward Weighting. Harmful meme
datasets exhibit significant class imbalance. For
instance, in the FHM dataset, there are 3019 harm-
ful samples and 5481 harmless samples. Using
uniform rewards causes the model to favor predict-
ing the majority class for higher expected returns.
To address this, we design a class-aware reward
function including format reward and classification
reward. The classification reward is:

w, :&j:y/\yecmin
Rcls(gjv y) = 17 @] =Yy A VRS Cmaj ) (9)

where Cpiy and Cpp,j denote the minority and major-
ity classes, respectively, containing pmin and ppa;
MEMES. W = Pyaj /Pmin 18 the class ratio weight.
The format reward is used to verify whether the
output adheres to the template defined in Equation
1, assigning a score of 1 for compliance and O oth-
erwise. The final reward R; for the j-th sampled
output combines format compliance and classifica-

tion accuracy:
Rj = Rfmt(Sj) + Rcls(gﬁ y)

This design provides higher incentives for cor-

rect predictions of the minority class, mitigating
policy bias caused by class imbalance.
* Sample-Level Dynamic KL Coefficient. Stan-
dard GRPO uses a uniform KL coefficient 5 for
all samples, making it difficult to balance prevent-
ing forgetting for easy samples and encouraging
exploration for difficult samples. Before training,
we perform multiple inference runs on each sample
using Tef, calculate the accuracy p,,, and define
the sample-level KL coefficient:

Bm = B - max(0.1, ) (11)

where [ is the base coefficient and p,, is the pre-
computed accuracy of the reference model 7r on
meme m. Samples with higher p,, receive stronger
KL constraints to prevent policy deviation, while
those with lower p,, receive weaker constraints,
encouraging exploration of new reasoning paths.

(10)

4 Experiments

4.1 Experimental Setup

We evaluate on three mainstream harmful meme de-
tection datasets: FHM (Kiela et al., 2020b), MAMI
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Model FHM MAMI PrideMM Avg.
Acc F1 Acc F1  Acc Fl1 Acc Fl
Closed-Source Baselines
Gemini-3-Flash 804 81.8 89.5 89.6 70.6 62.8 80.2 78.1
Gemini-3-Pro 80.9 799 87.6 869 69.6 60.1 794 75.6
Gemini-2.5-flash-lite 68.6 682 80.1 79.1 627 707 705 727
GPT-5.2 71.3 68.1 850 858 653 708 739 749
GPT-5.1 70.1 66.8 85.1 859 647 644 733 724
Claude-Opus-4.5 80.1 819 89.0 894 698 643 79.6 78.5
Open-Source Baselines
Qwen2.5-VL-7B (Zero-shot) 64.7 66.5 72.6 69.8 63.1 62.7 668 66.3
Pro-Cap 72.3 - 73.1 - - - - -
LoReHM 70.2 70.1 83.0 83.0 - - - -
RA-HMD (Qwen2-VL-7B) 82.1 79.7 799 812 78.1 784 80.0 79.8
RA-HMD (Qwen2.5-VL-7B) 80.8 80.1 81.0 81.0 78.0 77.8 799 79.6
ExPO-HM (Qwen2.5-VL-7B) - 81.1 - 82.3 - 78.7 - 80.7
Ours
DR-HM (InternVL3-8B) 823 813 834 843 815 822 824 82.6
DR-HM (Qwen2.5-VL-7B) 84.7 842 848 855 813 81.1 83.6 83.6

Table 1: Main experimental results on three harmful meme detection benchmarks.

(T3]

indicates the model was not

evaluated on the corresponding task or metric. Best results are in bold and second-best results are underlined.

(Fersini et al., 2022), PrideMM (Shah et al., 2024).
The detailed description of datasets and implemen-
tation details can be found in Appendix B. We use
accuracy (Acc) and F1 score as primary metrics.

Closed-source models We evaluate several
closed-source models via API using zero-shot
prompts. These include Gemini-3-Flash and
Gemini-3-Pro (Google DeepMind, 2025), GPT-5.1
and GPT-5.2 (OpenAl, 2025a,b), as well as Claude-
Opus-4.5 (Anthropic, 2025).

Open-source baselines We compare Qwen?2.5-
VL-7B in a zero-shot setting, performing direct in-
ference without fine-tuning, and Label-SFT, which
is fine-tuned using only classification labels with-
out reasoning data. We also include previous state-
of-the-art methods, RA-HMD (Mei et al., 2025),
a retrieval-augmented approach with contrastive
learning, Pro-Cap (Cao et al., 2023), a method that
generates probing-based captions, combines them
with meme text to train BERT and PromptHate for
hateful meme detection, LoOReHM (Huang et al.,
2024), which uses an agent-based LMM frame-
work leveraging few-shot in-context learning and
self-improvement for low-resource hateful meme
detection, and ExXPO-HM (Mei et al., 2026), which
combines SFT with GRPO for an explain-then-
detect strategy.

4.2 Main Results

Table 1 reports the performance of all models
across three benchmarks. Our DR-HM achieves the
strongest overall performance among open-source
methods and remains competitive with closed-
source models. With the Qwen2.5-VL-7B back-
bone, it reaches an average accuracy of 83.6%, out-
performing strong closed-source models such as
Gemini-3-Flash with 80.2% accuracy and Claude-
Opus-4.5 with 79.6%. Compared with prior open-
source methods, DR-HM shows improvements
across all datasets. On FHM, it achieves 84.7% ac-
curacy, matching reported human annotator agree-
ment to the best of our knowledge. The perfor-
mance gain is also robust across different back-
bones. Using InternVL3-8B, DR-HM achieves
competitive results and obtains the best perfor-
mance on PrideMM, reaching 81.5% accuracy and
82.2% F1.

4.3 Evaluation of Reasoning Quality

We evaluate reasoning quality using both subjec-
tive and objective metrics. For subjective evalu-
ation, we employ an LLM (Gemini-3-Flash) to
score generated reasoning from multiple perspec-
tives, including completeness, coherence, and con-
ciseness. For objective evaluation, we adopt
Reasoning-Assisted Prediction Gain, RAPG =
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Acc(P(m,E)) — Acc(P(m)), where E is gener-
ated by the teacher without label access and sup-
plied to proxy P as reference-only evidence. The
distilled data score above 9.1 in both complete-
ness and coherence. Compared with e, €5 shows
improved conciseness with only a minor complete-
ness drop, confirming the compression design. The
trained model’s reasoning quality exceeds the zero-
shot baseline by over 2 points in completeness
(8.19 vs. 5.86) and approaches that of the distilled
data. Other results can be found in Table 14.

Model FHM

Comp Coh Conc RAPG
Our data (Gemini-3-Flash)
el 925 938 858 154
eld 9.14 932 879 146
eb 8.66 921 926 127
Closed-source
Claude-Opus-4.5 8.61 921 9.19 11.28
Gemini-3-Flash 790 897 954 10.60
GPT-5.2 727 885 9.65 3.50
Ours (Qwen2.5-VL-7B)
zero-shot 586 739 872 -3.6
DR-HM 8.19 874 9.07 150

Table 2: Reasoning quality evaluation on FHM. Comp:
Completeness, Coh: Coherence, Conc: Conciseness
(LLM-scored 1-10).

4.4 Ablation Study

Training Pipeline Ablation Table 3 evaluates
the different stages of our training pipeline. We
compare against two baselines: Zero-shot, which
directly uses the base model, and Label-SFT, which
fine-tunes solely on classification labels. We also
include SFT EasyR, a simple distillation approach
that trains on single free-form rationales generated
by the teacher. For our proposed method, SFT 1
denotes Stage 1 training, +SFT 2 adds Stage 2 com-
pression, and +A-GRPO further introduces Stage 3
reinforcement learning. We additionally evaluate
Only-SFT 2, which skips Stage 1.

SFT EasyR and SFT 1 do not consistently beat
the Label-SFT baseline. They show improvements
on MAMI but actually perform worse on FHM and
PrideMM. This inconsistency implies that gener-
ating unconstrained or very long reasoning traces
introduces noise and weakens the main classifica-
tion signal.

Adding the compression stage in SFT 2 allevi-
ates this issue and improves performance across

all datasets. This indicates that concise, decision-
focused reasoning is more suitable for classifica-
tion. However, compression alone is not sufficient.
When we test Only-SFT 2, which skips Stage 1 en-
tirely, performance drops significantly, suggesting
that the initial knowledge injection is necessary for
effective compression. Finally, applying A-GRPO
achieves the best overall performance, showing the
benefit of reinforcement learning.

FHM MAMI PrideMM
Model

Acc F1 Acc F1 Acc Fl1
Zero-shot 64.7 66.5 72.6 69.8 63.9 68.2
Label-SFT  79.8 80.3 75.7 79.4 75.3 75.1
SFT EasyR  77.4 73.5 78.8 78.6 70.8 70.4
SFT 1 77.0 74.9 79.2 79.6 70.6 70.1
+ SFT 2 82.4 82.4 82.0 83.5 77.3 77.2
+ A-GRPO 84.7 84.2 84.8 85.5 81.3 81.1
Only-SFT 2 80.8 80.7 80.4 81.9 73.0 72.8

Table 3: Ablation results for training pipeline.

GRPO Configuration Ablation Table 4 exam-
ines the components of A-GRPO. We evaluate two
variants to isolate their effects. Removing the class-
ratio reward weighting (w/o crw) eliminates the
additional incentives for minority samples, while
removing the dynamic KL coefficient (w/o dKL)
replaces the adaptive constraint with a fixed value.
Both changes lead to performance drops. On the
imbalanced FHM dataset, accuracy decreases from
84.7% to 82.8% without class-ratio reward weight-
ing. Similarly, removing the dynamic KL coef-
ficient reduces both accuracy and F1 across all
datasets. These results indicate that the two mecha-
nisms have distinct but complementary effects.

FHM MAMI  PrideMM
Model

Acc F1 Acc F1 Acc Fl
w/o crw 82.8 826 - - - -
w/odKL. 83.5 829 84.1 84.1 80.5 80.9
Full 84.7 84.2 84.8 85.5 81.3 81.1

Table 4: Ablation results for GRPO configurations.
MAMI and PrideMM are excluded from the w/o crw as
their training sets are nearly balanced. Detailed dataset
statistics can be found in Appendix B.2.

MAMI and PrideMM are not included in the
class-ratio reward weighting ablation study because
their training sets are nearly balanced. Detailed
dataset statistics can be found in Appendix B.
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Rollouts (m) 4 8 12
Accuracy 81.3 819 824

Table 5: Effect of the number of inference rollouts (m)
on PrideMM.

Impact of Reference Rollouts and Efficiency
The dynamic KL coefficient requires running the
reference model for m inference rollouts to esti-
mate the sample-level accuracy. To evaluate how m
affects both performance and computational cost,
we test m € {4, 8, 12} on the PrideMM dataset. As
shown in Table 5, the accuracy steadily improves
from 81.3% to 82.4% as the number of rollouts
increases.

However, this pre-computation introduces a ef-
ficiency trade-off. For context, our full train-
ing pipeline takes approximately 7 hours on 4 x
NVIDIA RTX PRO 6000 GPUs, while a single
round of reference inference requires about 1 hour
on a single GPU. Although m = 12 yields the
highest accuracy, m = 4 strikes a practical balance
between computational overhead and performance.
Therefore, we adopt m = 4 as the default setting
for our main experiments, leaving larger rollout
sizes as a reliable option to further boost perfor-
mance when sufficient computational resources are
available.

Teacher FHM MAMI PrideMM
Model Acc FI Acc F1 Acc Fl
Gemini-3 ¢ 4 ¢34 82.0 835 77.3 772
-Flash

Qwen3-VL

535B 78.9 78.1 79.3 81.2 76.7 74.3

Table 6: Impact of closed-source and open-source
teacher models on Qwen2.5-VL-7B at the SFT stage.
Framework Generalization We further exam-
ine the robustness of our framework from two per-
spectives: cross-cultural transfer and reliance on
closed-source teacher models.

Since the primary benchmarks are limited to En-
glish and Western contexts, we additionally evalu-
ate DR-HM on ToxiCN_MM (Lu et al., 2024), a
Chinese harmful meme dataset grounded in a dis-
tinct cultural setting. Without requiring structural
changes to the training pipeline, DR-HM achieves
an F1 of 83.3% and an F'1 g4, of 76.5%, outper-
forming the best baseline reported in the original
dataset paper, as shown in Table 7. This result
suggests that the framework transfers well across
languages and cultural contexts.

Model F1 F 1Harm

CLIP + MKE (Lu et al., 2024)  80.2 72.4
DR-HM (Ours) 83.3 76.5

Table 7: Cross-cultural generalization on ToxiCN_MM,
a Chinese harmful meme benchmark.

We also investigate whether our pipeline de-
pends on closed-source APIs for effective distil-
lation. To this end, we replace the Gemini-3-Flash
teacher with an open-source alternative, Qwen3-
VL-235B-A22B. As shown in Table 6, although
the performance slightly decreases, the student
model remains competitive across all benchmarks
in both accuracy and F1. These findings indicate
that strong performance can still be achieved with-
out relying on closed-source models, offering a
practical path toward lower-cost and more repro-
ducible training.

5 Conclusions

To distill rich knowledge for harmful meme detec-
tion, we propose DR-HM, a Distill-then-Reinforce
training framework with cognition-aware data syn-
thesis. Our approach first simulates the human per-
ceptual process of meme interpretation by decom-
posing meme analysis into six progressive steps,
ranging from entity identification to harmfulness
recognition, and introduces a self-refinement mech-
anism to improve the quality of the synthesized
data. Building on the resulting inference-enhanced
dataset, we further adopt a Distill-then-Reinforce
training strategy that employs a two-stage fine-
tuning procedure and incorporates Adaptive GRPO
to enhance both reasoning and detection capabil-
ities. On three benchmarks, DR-HM with a 7B-
parameter model reaches 83.6% average accuracy,
matching or exceeding closed-source models an
order of magnitude larger. Future work will focus
on improving the model’s cross-domain detection
capability, particularly in multilingual and cross-
cultural settings where culturally specific knowl-
edge plays a more critical role.

Acknowledgements

The work is supported by the National Natural
Science Foundation of China (Nos. 62272092,
62172086), and the Fundamental Research
Funds for the Central Universities under Grants
(N25XQD004).

42983



Limitations

Our approach relies on closed-source models for
initial knowledge distillation, inheriting potential
biases in their world knowledge. The dynamic KL
coefficient requires pre-computing sample difficul-
ties, adding computational overhead.

Ethical Considerations

This work constructs an inference-enhanced multi-
modal dataset based on publicly available datasets
using closed-source large multimodal language
models (MLLMs) accessed through official APIs.
All source datasets used in this study are publicly
available and were collected in compliance with
their original licenses and terms of use. The closed-
source MLLMs employed in our framework are
used solely for knowledge distillation and reason-
ing generation, without accessing private or sensi-
tive user data. No new personal data are collected,
and no attempt is made to identify or infer personal
attributes beyond those explicitly annotated in the
original datasets.

Given that harmful meme detection inherently
involves sensitive and potentially offensive content,
we take care to use the data exclusively for research
purposes aimed at improving content moderation
systems.
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A Prompts
A.1 Detailed Prompt Templates

We design six progressive questions to guide the
teacher model in generating structured reasoning
text. The question design follows a cognitive path-
way of “perception — description — cultural as-
sociation — deep semantics — judgment — com-
pression.”

FHM Prompts Q1-Q5

Q1. Identify all the objects and people in the
image and the text. Note that if pronouns refer
to a person, they should be counted as people;
if pronouns refer to an object, they should be
counted as objects.

Q2. Please provide a detailed description of the
people or objects, paying close attention to the
following attributes: skin color, race, ethnicity, na-
tionality, religion, sex, sexual orientation, disabil-
ity, and disease. If certain attributes are not dis-
cernible or applicable, you may omit them from
your explanation.

Q3. Please explain whether any people or objects
are associated with stereotypes or problematic
representations. Consider behaviors such as satire
or insult, violent or dehumanizing speech (e.g.,
comparing people to animals), statements of in-
feriority, calls for exclusion or segregation, or
mocking of hate crimes. Pay special attention to
how people and objects are referenced, including
direct mentions, pronouns, or implied references
within the image or text. Describe whether any of
these references contribute to or reflect harmful
stereotypes.

Q4. From now on, you need to identify what each
person or object is doing. Pay attention to the
cross-modal connections between people and ob-
jects in both the text and the image, as well as
the referents of pronouns. Based on the above,
explain whether the people or objects carry any
implied metaphors or symbolic references. Pay at-
tention to the connections between the behaviors
of the people and objects, as well as any associ-
ated stereotypes.

Q5. Based on the above analysis, please explain
whether this meme contains any of the following
related behaviors toward the listed people, objects,
or the persons or things implied by them: satire or
insult, violent or dehumanizing speech (such as
comparing people to non-human things like ani-
mals), statements of inferiority, calls for exclusion
or segregation, or mocking hate crimes. Please
note that all of these behaviors are considered
harmful. A direct or indirect attack on criminals,
terrorists, or ongoing or completed criminal activ-
ities is considered harmless.
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MAMI Prompts Q1-Q5

Q1. This meme is accompanied by the text "text’.
Identify all the objects and people in the image
and the text. Note that if pronouns refer to a
person, they should be counted as people; if pro-
nouns refer to an object, they should be counted
as objects.

Q2. Please provide a detailed description of the
people or objects, paying close attention to the
following attributes: skin color, race, ethnicity, na-
tionality, religion, sex, sexual orientation, disabil-
ity, and disease. If certain attributes are not dis-
cernible or applicable, you may omit them from
your explanation.

Q3. Please explain whether any people or objects
are associated with stereotypes or problematic
representations. Consider behaviors or content
such as shaming, stereotype, objectification, or
violence. Pay special attention to how people and
objects are referenced, including direct mentions,
pronouns, or implied references within the image
or text. Describe whether any of these references
contribute to or reflect harmful stereotypes.

Q4. From now on, you need to identify what each
person or object is doing. Pay attention to the
cross-modal connections between people and ob-
jects in both the text and the image, as well as
the referents of pronouns. Based on the above,
explain whether the people or objects carry any
implied metaphors or symbolic references. Pay at-
tention to the connections between the behaviors
of the people and objects, as well as any associ-
ated stereotypes.

Q5. Based on the above analysis, please explain
whether this meme contains any of the following
related behaviors toward the listed people, objects,
or the persons or things implied by them: whether
it depicts an offensive, sexist, or hateful scene
(implicitly or explicitly, weak or strong) targeting
a woman or a group of women. Please note that
all of these behaviors are considered harmful.

PrideMM Prompts Q1-Q5

Q1. This meme is accompanied by the text ’text’.
Identify all objects and any individuals, communi-
ties, or organizations present in the image and the
text. Note that if pronouns refer to an individual,
a community, or an organization, they should be
counted as such; if pronouns refer to objects, they
should be counted as objects.

Q2. Please provide a detailed description of all
objects, individuals, communities, and organiza-
tions present. For individuals, pay close attention
to the following attributes: skin color, race, ethnic-
ity, nationality, religion, sex, sexual orientation,
disability, and disease. If certain attributes are
not discernible or applicable, you may omit them
from your explanation.

Q3. Please explain whether any objects, individ-
uals, communities, or organizations present are
associated with stereotypes or problematic repre-
sentations. Consider behaviors such as satire or
insult, violent or dehumanizing speech (e.g., com-
paring people to animals), statements of inferior-
ity, calls for exclusion or segregation, or mocking
of hate crimes. Pay close attention to how these

entities are referenced, including direct mentions,
pronouns, or implied references within the image
or text. Describe whether any of these references
contribute to or reflect harmful stereotypes.

Q4. From now on, you need to identify what each
objects, individuals, communities, or organiza-
tions present is doing. Pay attention to the cross-
modal connections between these entities in both
the text and the image, as well as the referents of
pronouns. Based on the above, explain whether
these objects, individuals, communities, or orga-
nizations present carry any implied metaphors or
symbolic references. Pay attention to the con-
nections between their behaviors, as well as any
associated stereotypes.

Q5. Based on the above analysis, please explain
whether this meme contains any of the follow-
ing related behaviors toward the listed objects,
individuals, communities, organizations present,
or any entities implied by them: satire or insult,
violent or dehumanizing speech (such as com-
paring people to non-human things like animals),
statements of inferiority, calls for exclusion or
segregation, or mocking hate crimes. Please note
that all of these behaviors are considered harmful.

Q6 for all datasets Perform lossless compres-
sion of Q1-Q5 to generate a chain-of-thought. Out-
put format specification: Use subheadings with
concise phrases, objectively narrating without re-
vealing classification tendencies.

Q6. Please summarize your analysis by integrat-
ing insights from all previous responses, with par-
ticular emphasis on your answer to Question 5,
which highlights potential concerns. Based on
this, construct a clear and logically sound reason-
ing process to assess whether the meme might
contain content that violates the criteria for prob-
lematic material. Focus exclusively on the rea-
soning process; do not offer any explicit final
judgment or use terms like "harmful” or "harm-
less’

A.2 Prompt Templates for the SFT EasyR
Baseline

To construct the SFT EasyR baseline, we prompt
the teacher model to generate a single, free-form
rationale before outputting the final classification
label. Unlike our proposed structured questions
(Q1-Q6), which strictly enforce a multi-step cogni-
tive pathway, these baseline prompts simply ask the
model to analyze the meme organically. Below are
the exact prompt templates used for each dataset.

Prompt for the FHM Dataset

This image includes text with ’text’,you need
to analyze the image to determine whether the
meme is harmful. The following is the defini-
tion of harmful. A direct or indirect attack on
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people based on characteristics, including ethnic-
ity, race, nationality, immigration status, religion,
caste, sex, gender identity, sexual orientation, and
disability or disease. We define attack as vio-
lent or dehumanizing (comparing people to non-
human things, e.g. animals) speech, statements
of inferiority, and calls for exclusion or segrega-
tion. Mocking hate crime is also considered hate
speech. Attacking groups perpetrating hate (e.g.
terrorist groups) is not considered hate.

Prompt for the MAMI Dataset

This image includes text with text’,you need to
analyze the image to determine whether the meme
is harmful. A meme is harmful if it describes an
offensive, sexist, or hateful scene (weak or strong,
implicitly or explicitly) and attack a woman or
a group of women. The attack can be expressed
through shaming, stereotype, objectification, or
violence.

Prompt for the PrideMM Dataset

This image includes text with ’text’,you need
to analyze the image to determine whether the
meme is harmful. The following is the definition
of harmful: A direct or indirect attack targeting
an individual, a community, an organization, or
an undirected target. We define attack as vio-
lent or dehumanizing (comparing people to non-
human things, e.g. animals) speech, statements
of inferiority, and calls for exclusion or segrega-
tion. Mocking hate crime is also considered hate
speech. Attacking groups perpetrating hate (e.g.
terrorist groups) is not considered hate.

A.3 LLM-as-Judge Prompt

We employ Gemini-3-Flash as the judge model to
score reasoning quality on a 1-10 scale.

Evaluation Prompt

You are a strict and critical evaluator. Please eval-
uate the quality of the following reasoning text
for harmful meme detection task.

Reasoning to evaluate:

<reasoning_content>

reasoning_content ...

</reasoning_content>

Dimensions and Scoring Rubric (1-10 scale):
Completeness - Whether it covers key informa-
tion needed to judge harmfulness (entities, con-
text, stereotypes, symbolic meanings, etc.)

1-2: Missing most analytical components;

5-6: Basic structure present but lacks depth;
9-10: Comprehensive analytical framework (rare)
Coherence - Whether the reasoning is clear, log-
ical, and well-organized with smooth transitions
between points

1-2: Disorganized, contradictory, or incoherent;
5-6: Acceptable structure but some logical jumps;
9-10: Flawless logical chain (rare)

Conciseness - Whether it avoids redundancy and
delivers information efficiently without unneces-
sary repetition

1-2: Extremely verbose or repetitive;

5-6: Some unnecessary content;

9-10: Perfectly concise (rare)

Please output strictly in the following format:
<completeness>score</completeness>
<coherence>score</coherence>
<conciseness>score</conciseness>
<tendency>harmful or harmless</tendency>

B Experiments

B.1 Closed-Source Model Analysis

We analyze the precision-recall trade-offs exhib-
ited by closed-source models to understand their
underlying classification biases, which informed
the design of our Self-Refinement mechanism.

Over-Alignment Phenomenon. Several safety-
aligned models show a better safe than sorry ten-
dency: high recall at the cost of precision. On
FHM, Claude-Opus-4.5 achieves the highest recall
of 90.7% among all models but with precision of
only 74.7%, indicating a tendency to over-predict
harmfulness. Similarly, Gemini-2.5-flash-lite on
PrideMM shows extreme over-caution with 92.3%
recall but merely 57.3% precision, misclassifying
nearly half of harmless memes as harmful.

While this conservative stance is desirable for
production safety systems, it introduces systematic
bias when using these models for annotation or
knowledge distillation.

Under-Detection Pattern. Conversely, GPT-
series models on FHM exhibit the opposite bias:
GPT-5.1 and GPT-5.2 achieve relatively higher pre-
cision (73.1% and 74.8%) but notably lower recall
(61.6% and 62.4%), suggesting a more permissive
threshold for harmfulness judgment. On PrideMM,
Gemini-3-Flash and Gemini-3-Pro show high pre-
cision (81.8% and 83.5%) but extremely low recall
(51.0% and 47.0%), potentially reflecting insuffi-
cient sensitivity to LGBTQ+-targeted content in
their training.

Connection to Self-Refinement Statistics.
These biases are precisely what our Self-
Refinement mechanism targets. As shown in
Table 15, 17.9% of samples required correction
through the Reviewer, corresponding to cases
where the Teacher model’s reasoning led to
predictions inconsistent with ground-truth labels.
The 0.2% failure rate represents cases where
systematic alignment biases, such as extreme
sensitivity to historically sensitive terms like gas
chambers (see Section C), prevent correction even
with label guidance.

These statistics confirm that closed-source mod-
els generate high-quality reasoning text with 9.25
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Model Acc Prec Rec F1

Gemini-2.5-flash-lite  68.6 67.7 68.7 68.2
Gemini-3-Flash 80.4 748 804 775
Gemini-3-Pro 80.9 824 775 799
GPT-5.1 70.1  73.1 61.6 66.9
GPT-5.2 713 748 624 68.0
Claude-Opus-4.5 80.1 747 90.7 819

Table 8: Complete results of closed-source models on
the FHM dataset.

Completeness and 9.38 Coherence in Table 2, yet
their classification judgments require calibration
against dataset-specific annotation standards, high-
lighting the gap addressed by our Self-Refinement
mechanism, which decouples reasoning generation
from label alignment.

Model Acc Prec Rec F1

Gemini-3-Flash 89.5 889 902 89.5
Gemini-3-Pro 87.6 922 822 869
Gemini-2.5-flash-lite  80.1 83.2 754 79.1
GPT-5.1 85.1 849 869 859
GPT-5.2 85.0 84.1 875 858
Claude-Opus-4.5 89.0 88.6 902 894

Table 9: Complete results of closed-source models on
the MAMI dataset.

Model Acc Prec Rec F1

Gemini-3-Flash 70.6 81.8 51.0 62.8
Gemini-3-Pro 69.6 835 470 60.1
Gemini-2.5-flash-lite  62.7 57.3 923 70.7
GPT-5.1 64.7 633 656 0644
GPT-5.2 653 599 86.6 708
Claude-Opus-4.5 69.8 758 559 643

Table 10: Complete results of closed-source models on
the PrideMM dataset.

B.2 Experimental Details
B.2.1 Dataset Statistics

We conduct experiments on three datasets for harm-
ful meme detection, including FHM (Kiela et al.,
2020b), MAMI (Fersini et al., 2022), and PrideMM
(Shah et al., 2024), with dataset statistics summa-
rized in Table 11.

The class distribution across datasets shaped our
A-GRPO design. FHM exhibits significant class
imbalance with only 35.52% harmful samples in
the training set, creating a 1:1.82 ratio between mi-
nority and majority classes. This imbalance causes

standard RL algorithms to favor predicting the ma-
jority class for higher expected returns.

In contrast, MAMI is fully balanced, and
PrideMM is nearly balanced. This motivates our
ablation design in Table 4, where the class-ratio
reward weighting ablation is conducted only on
FHM, since this component degenerates to uniform
weighting when w = pmaj/Pmin ~ 1 in balanced
datasets such as MAMI and PrideMM.

Dataset Train Valid Test
H NH H NH H NH
FHM 3,019 5481 247 253 490 510
MAMI 4,500 4,500 500 500 500 500
PrideMM 2,120 2,208 115 113 247 260
Table 11: Label distribution statistics across the

train, validation, and test splits for the FHM, MAMI,
and PrideMM datasets. Notably, while MAMI and
PrideMM maintain a nearly balanced class ratio across
all splits, FHM exhibits severe class imbalance in its
training set, with harmful memes constituting only
35.52%.

B.2.2 Implementation Details

We employ LLaMA-Factory for the SFT stage and
VLM-R1 for the GRPO stage. All experiments are
conducted on 4x NVIDIA RTX PRO 6000 GPUs
(96GB each). SFT hyperparameter settings can
be found in Table 12, and GRPO hyperparameter
settings can be found in Table 13.

Parameter Stage1 Stage 2
Learning Rate le-5 le-5
Batch Size 24 24
Epochs 3 3
Max New Tokens 4096 4096
Freeze Vision Tower true true
Freeze Multimodal projector true true
Freeze Language Model false false

Table 12: SFT hyperparameter settings.

Parameter Value
Base KL Coefficient (3) 0.04
Temperature 0.9
Top_p 1
Top_k 50
Number Generations 4
Learning Rate Se-6
Per Device Train Batch Size 24
Reference Inference Runs (K) 4

Table 13: GRPO hyperparameter settings.
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B.3 Additional Experiments

Table 14 reports reasoning quality on MAMI and
PrideMM. Our cognition-aware synthesis produces
consistently strong reasoning on both datasets. On
MAMI, the full reasoning chain reaches 9.11 in
completeness and 9.22 in coherence. On PrideMM,
the scores are 9.18 and 9.27. These results show
that the six-step design can reliably produce reason-
ing that is both comprehensive and well-structured
across different domains.

When detailed reasoning from e’ to e is com-
pressed into €%, conciseness improves from 8.58 to
9.16 on MAMI and from 8.63 to 9.08 on PridleMM.
This compression leads to a moderate drop in com-
pleteness, but RAPG only decreases slightly, from
10.10 to 9.80 on MAMI and from 7.50 to 6.89
on PrideMM. This suggests that most decision-
relevant information is retained after compression.

Among closed-source baselines, GPT-5.2 per-
forms notably worse on PrideMM, with complete-
ness at 4.83 and RAPG at 1.60. In contrast, Claude-
Opus-4.5 remains stable across datasets, with com-
pleteness scores of 8.72 and 8.45. This difference
indicates that Claude provides more balanced cov-
erage.

Finally, Distill-then-Reinforce training brings
clear improvements over zero-shot performance.
RAPG increases from -6.92 to 4.97 on MAMI and
from 0.39 to 14.83 on PrideMM.

B.4 RAPG Additional Details

Formally, RAPG = Acc(P(m, E)) — Acc(P(m)),
where the teacher generates E label-free and P is
explicitly instructed to treat it as reference only.
Empirically, RAPG approaches the teacher—proxy
accuracy gap and is slightly higher, confirming
that structured reasoning transfers useful evidence
beyond P’s intrinsic capability.

C Case Study of the Distillation Process

We analyze the role of Self-Refinement in the
data synthesis process through concrete examples.
Cases are categorized into three types based on the
number of Teacher-Proxy-Reviewer correction it-
erations. Table 15 summarizes the distribution of
correction attempts during reasoning data genera-
tion on the FHM training set.

C.1 Direct Success Case (attempts = 1)

Meme Text: its their character not their color that
matters

] = DI
1kl

Figure 4: Direct success case. The meme promotes
character-based judgment over racial prejudice, with
clear positive messaging that requires no correction.

Ground Truth: harmless

Reasoning Highlights:

* ¢3 (Stereotype Analysis): The text echoes
Martin Luther King Jr’s famous ideal—
judging people by the content of their char-
acter rather than the color of their skin—
representing an anti-racial prejudice expres-
sion.
e® (Harm Judgment): The content advocates
evaluation standards based on character rather
than race, containing no derogatory, dehuman-
izing, or exclusionary language.
* €% (Summary): The meme employs a com-
mon social commentary format, advocating
equality rather than hatred.

Analysis When the semantic intent is unambigu-
ous and the cultural reference is well-known, a
single reasoning pass suffices. The text directly
expresses positive racial equality ideals, and the
visual elements contain no negative stereotypes.

C.2 Rethink Correction Case (attempts > 1)

Meme Text: woman badly injured in fight
Ground Truth: harmless

Teacher’s Initial Reasoning (Incorrect Ten-
dency): The initial reasoning over-interpreted the
violent elements in the image, associating them
with violence against women as a group. The Proxy
Model predicted harmful based on this reasoning.

Reviewer-Corrected Reasoning:

42990



MAMI PrideMM

Model

Comp Coh Conc RAPG Comp Coh Conc RAPG
Our data (Gemini-3-Flash)
el 9.11 922 840 1060 9.18 9.27 834 820
el® 9.09 925 858 10.10 849 9.03 8.63 7.50
eb 855 9.13 9.16 9.80 871 9.16 9.08 6.89
Closed-source
Claude-Opus-4.5 8.72 9.28 9.25 8.87 845 915 9.12 6.34
Gemini-3-Flash 8.12 9.05 9.58 9.34 7.78 892 948 6.81
GPT-5.2 745 892 9.68 5.02 483 878 9.62 1.60
Ours
zero-shot 6.15 762 885 -692 629 8.01 9.03 0.39
Qwen2.5-VL-7B 835 8.85 9.18 4.97 8.19 883 8.86 14.83

Table 14: Reasoning quality evaluation on MAMI and PrideMM. Comp: Completeness, Coh: Coherence, Conc:
Conciseness (LLM-scored 1-10). RAPG: Reasoning-Assisted Prediction Gain (proxy model accuracy improvement

with reasoning).

Category Count Ratio
Direct Success 6959 81.9%
Refine Corrected 1523 17.9%
Refine Failed 18 0.2%

Table 15: Distribution of Self-Refinement outcomes on
FHM training set.

s
\ 1

nibadiylinjuredin fight

Figure 5: Rethink correction case. Initial reasoning
over-interpreted violent imagery; Reviewer corrected by
emphasizing the neutral, descriptive nature of the text.

+ ¢3 (Stereotype Analysis): The text provides
an objective description of the image content,
without implying that violence is targeted at
women as a group or that it is being justified.

* ¢° (Harm Judgment): Characterizing the
event as a “fight” rather than domestic vio-
lence or gender-based violence constitutes a
neutral factual statement.

+ ¢f (Summary): The meme functions as a
literal description, lacking typical markers of
hate speech.

Analysis This case illustrates the value of Self-
Refinement. The Teacher model’s initial judgment
may have been overly sensitive due to the violent
visual elements in the image. The Reviewer cor-
rected the reasoning by re-examining the neutral
descriptive nature of the text. This illustrates how
the mechanism recovers from initial misclassifica-
tions.

C.3 Failure Case

mevin thoselgasichamhbers

Figure 6: Failure case. The meme contains the his-
torically sensitive phrase gas chambers without an ex-
plicit protected-group target, which leads models to
over-predict harmfulness.

Meme Text: rev up those gas chambers
Ground Truth: harmless

Teacher’s Incorrect Reasoning:
+ ¢3 (Stereotype Analysis): Identified the his-
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torical association between gas chambers and
the Holocaust, interpreting this as mockery of
genocide.

+ ¢5 (Harm Judgment): Determined that the
content trivializes mass murder through a pop
culture meme template.

* 5 (Summary): The meme exploits historical
tragedy for comedic effect.

Post-Rethink Incorrect Reasoning: The Re-
viewer attempted to reanalyze from the perspective
of no specific attack target:

* Argument: The image is a generic cartoon
fish, and the text does not explicitly target any
protected group.

* Outcome: The Proxy Model still predicted
harmful based on the inherent sensitivity of
“gas chambers.”

Failure Analysis After RLHF alignment, closed-
source models adopt conservative stances toward
content involving historically sensitive events and
are difficult to persuade through reasoning text to
change their judgments. The harmfulness of gas
chambers in the absence of a specific attack target
involves subjective judgment. The FHM dataset
may employ more lenient harmless criteria, label-
ing borderline content without explicit attack tar-
gets as harmless.

D Case Study of the DR-HM Method
D.1 Harmful Case

gikllyoesSoutw

hlind date

Figure 7: Examples of harmful case

Meme Text: girl goes out with him blind date
Ground Truth: harmful
Prediction: harmful

Reasoning: Summary and Reasoning Process: The
analysis of this meme centers on the intersection of
a specific celebrity’s physical appearance and the
cultural context surrounding his identity.

1. **Identification of Subject:** The image iden-
tifies Stevie Wonder, a prominent figure known for
his blindness.

2. **Linguistic Analysis:** The text uses the
word blindin two distinct senses: literally (as a
description of blindness) and figuratively (as part
of the idiom blind date).

3. **Synthesis of Meaning:** The humor is
derived from the literal interpretation of a blind
datewhen applied to a person who is physically
blind. This creates a pun that relies on the subject’s
disability.

4. **Assessment of Tone:** The tone is satiri-
cal. It uses a protected attribute—disability—as the
central mechanism of its joke.

5. **Reasoning on Criteria:** The meme tar-
gets an individual based on their disability. In the
context of content safety, the use of a protected
attribute as a punchline or a means of mockery can
be viewed through the lens of satire directed at a
group. The reasoning process suggests that because
the humor is inextricably linked to a disability, it
functions as a joke about that protected character-
istic, which aligns with the criteria for material
that mocks or demeans individuals based on their
physical attributes.

D.2 Harmless Case

Figure 8: Examples of harmless case

Meme Text: like and share if you want loretta
lynch investigated
Ground Truth: harmless
Prediction: harmless
Reasoning: Summary and Reasoning Process: The
analysis of this meme centers on the intersection of
a specific political figure’s identity and her public
role.

1. **Identification of Target:** The meme tar-
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gets Loretta Lynch, a Black woman and former U.S.
Attorney General.

2. **Contextual Analysis:** The text advocates
for her investigation,which is a standard procedure
in political discourse regarding public officials.

3. **Attribute Check:** While the subject be-
longs to protected groups, the text does not ref-
erence those attributes. There is no evidence in
the image or text that the subject is being attacked
because of her race or sex.

4. **Behavioral Assessment:** The meme uses
a call to action (like and share) to mobilize support
for political accountability. It does not utilize de-
humanizing metaphors, incite violence, or promote
stereotypes associated with her protected status.

5. **Reasoning:** Because the content focuses
on the professional conduct of a public official
and lacks any derogatory or exclusionary language
based on protected characteristics, it functions as
a piece of political speech. The reasoning process
suggests that the meme is a form of expression
regarding a public figure’s actions rather than an
attack on their inherent identity.
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