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Abstract

Multimodal harmful meme detection is chal-
lenging because harmful intent is often ex-
pressed through implicit image-text associa-
tions, cultural references, rhetorical framing,
and context-dependent targets. Existing meth-
ods mainly rely on supervised multimodal mod-
els, MLLM prompting, or fixed agent work-
flows. However, they still lack experience accu-
mulation and rely on static skill design, making
it difficult to reuse prior judgments or adapt to
emerging meme templates and long-tail harm
patterns. To address these limitations, we
propose HARMEVOSKILL (Harmful Meme
Evolving Skill-Memory), a label-free self-
evolving Skill-Memory framework for harmful
meme detection. HARMEVOSKILL converts
unlabeled reference memes into Case Mem-
ory, Insight Memory, and Risk Memory. It
then automatically discovers candidate skills,
abstracts recurring reasoning patterns, and in-
duces executable skill cards without predefined
skill labels. During inference, a Skill Plan-
ner retrieves relevant memories, selects task-
specific skills, and generates evidence. A graph-
assisted judge organizes the evidence into a
harmful-harmless claim graph, makes the fi-
nal prediction, and updates memory through
graph diagnosis. Extensive benchmark eval-
uations show that HARMEVOSKILL achieves
consistently strong performance among evalu-
ated methods. On HarM, it improves Accuracy
by 9.33% and Macro-F1 by 17.97% over the
direct MLLM baseline.

1 Introduction

Multimodal harmful memes pose a major chal-
lenge to online safety because harmful intent is
often conveyed implicitly through the interaction
between images and text. Such intent may be en-
coded through humor, cultural references, rhetori-
cal framing, evolving meme templates, or context-
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dependent targets, rather than through explicit hate-
ful words (Ma et al., 2025). A meme may look
humorous, ironic, or politically critical, while im-
plicitly attacking a protected group or normalizing
harmful stereotypes. This makes harmful meme
detection harder than standard multimodal classi-
fication: the model must jointly interpret visual
and textual cues, account for cultural context, in-
fer the target and stance, and distinguish harmful
implication from benign humor, satire, or politi-
cal criticism (Wang et al., 2026a; Kmainasi et al.,
2026).

To address this challenge, existing methods
mainly follow two directions. The first line devel-
ops supervised or prompt-based multimodal mod-
els for harmful and hateful meme classification,
using textual, visual, and OCR signals to capture
cross-modal harmful cues (Kiela et al., 2020; Pra-
manick et al., 2021; Cao et al., 2022). These meth-
ods learn useful task-specific patterns, but they of-
ten struggle with emerging meme templates, im-
plicit cultural references, and long-tail rhetorical
forms. The second line explores large multimodal
models and agent-based reasoning for zero-shot or
low-resource harmful meme understanding (Huang
et al., 2025; Mei et al., 2025; Liu et al., 2025).
These methods improve interpretability by using
prompting, retrieval, or multi-agent deliberation,
but their reasoning experience is still not accumu-
lated as reusable memory, and their skills are usu-
ally designed as fixed prompts or predefined agents.

Despite this progress, current methods still face
two key limitations:

(1) Lack of Experience Accumulation. Each
meme is usually treated as an isolated inference
case, so successful judgments, failure modes, and
reusable insights are not preserved for future rea-
soning. This prevents the model from reusing prior
harmfulness judgments, target-disambiguation ex-
perience, or hard-negative patterns when facing
new memes.
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Figure 1: Motivation of HARMEVOSKILL, which con-
structs multi-level memory from unlabeled reference
memes, automatically extracts executable skills, and up-
dates the memory bank through self-evolving diagnosis.

(2) Static Skill Design. Existing agent or
skill-based workflows mostly rely on predefined
prompts, fixed agent roles, or manually designed
reasoning procedures. As a result, they are difficult
to adapt to new cultural templates, political events,
coded references, or long-tail harm patterns. In
harmful meme detection, useful skills should be
discovered from prior cases and updated through
later reasoning.

Figure 1 contrasts no-reference direct MLLM
reasoning, fixed agent workflows, and our label-
free inference setting with unlabeled reference
memory. The first setting measures the raw rea-
soning ability of an MLLM without external refer-
ence memes, whereas our setting uses an unlabeled
reference split but no gold labels, supervised task
training or task-specific parameter updates.

Inspired by recent studies on agentic mem-
ory, self-evolving memory, and evolvable memory
skills (Xu et al., 2025; Lang et al., 2026; Zhang
et al., 2026), we propose HARMEVOSKILL, a
label-free self-evolving Skill-Memory framework
for multimodal harmful meme detection. We in-
troduce a novel formulation of multimodal harm-
ful meme detection as a validated skill-memory
evolution problem, where memory construction,
skill induction, graph-assisted reasoning, and vali-
dated updates form a task-specific self-evolving
loop. Within this loop, HARMEVOSKILL inte-
grates multi-level memory construction, automatic

skill induction, graph-assisted reasoning, and vali-

dated memory updates into a unified task-specific

framework. Our code is available on GitHub'.
Our contributions are summarized as follows:

* To the best of our knowledge, we introduce the
first self-evolving Skill-Memory framework
for multimodal harmful meme detection, uni-
fying memory construction, skill induction,
graph-assisted reasoning, and validated up-
dates in a label-free loop.

* We design a multi-level memory architecture
comprising Case, Insight, and Risk Mem-
ory to preserve instance-level cases, reusable
cross-case insights, and ambiguous or failure-
prone patterns.

* We develop an adaptive skill-evolution mecha-
nism that discovers and induces executable
skills without predefined labels, and com-
bines memory-guided planning with harmful—
harmless claim graphs and update validation.

* Extensive experiments across benchmark
datasets show that HARMEVOSKILL con-
sistently outperforms competitive baselines
and achieves strong performance among eval-
uvated methods. In particular, on HarM,
HARMEVOSKILL improves Accuracy and
Macro-F1 by 9.33% and 17.97% respectively.

2 Related Work

2.1 Harmful Meme Detection

Harmful meme detection has been widely stud-
ied as a multimodal safety problem. Early work
mainly formulates it as supervised image-text clas-
sification. The Hateful Memes Challenge shows
that unimodal cues are insufficient and introduces
benign confounders to require joint visual-textual
reasoning (Kiela et al., 2020). MOMENTA fur-
ther studies harmful meme detection and target
identification through global and local multimodal
modeling (Pramanick et al., 2021). PromptHate
exploits prompt-based language modeling and in-
context examples to use implicit knowledge from
pretrained language models for hateful meme clas-
sification (Cao et al., 2022). These methods es-
tablish strong task-specific baselines, but they usu-
ally rely on annotated data and may struggle when
meme templates, cultural references, or harm mech-
anisms shift.

"https://github.com/luoli-z/HarmEvoSkill
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Recent studies explore LLMs, MLLMs, re-
trieval, and agent-based reasoning for more flex-
ible harmful meme understanding. LLM-based
methods improve implicit harmfulness reasoning
through distilled multimodal reasoning or harmful—
harmless debate (Lin et al., 2023, 2024). Retrieval-
and agent-based methods further support low-
resource or zero-shot adaptation by revising agent
knowledge, retrieving related memes, or injecting
contextual evidence into MLLMs (Huang et al.,
2024; Liu et al., 2025; Mei et al., 2025). Re-
lated multimodal misinformation studies further
explore multi-domain and domain-aware model-
ing to capture heterogeneous cross-modal pat-
terns across different news domains (Tong et al.,
2024; Lu et al., 2025). More recent work investi-
gates domain-aware prompt tuning and retrieval-
augmented multi-agent reasoning for more adap-
tive multimodal evidence integration (Zeng et al.,
2026; Tong et al., 2025; Lu et al., 2026). Recent
reasoning-oriented methods model meme evolu-
tion, social graph-of-thought inference, or thinking-
based MLLM post-training (Huang et al., 2025;
Wang et al., 2026b; Kmainasi et al., 2026). Closely
related to our setting, ALARM performs label-
free MLLM-agent self-improvement by distilling
knowledge from pseudo-labeled explicit memes
and contrastive meme pairs (Lang et al., 2026).
However, ALARM represents acquired experience
as revised agent knowledge rather than typed multi-
level memory and does not explicitly induce exe-
cutable skill cards. In contrast, HARMEVOSKILL
constructs Case, Insight, and Risk Memory, in-
duces executable skills, and combines memory-
guided evidence planning, harmful-harmless claim
graphs, and validator-controlled updates in a task-
specific self-evolution loop.

2.2 Memory, SKkill, and Self-Evolving Agents

Our work is also related to recent studies on self-
evolving memory and skill-based agents. IMOL
retrieves transferable cross-sample knowledge to
improve multimodal reasoning under incomplete
modalities (Zeng et al., 2025). A-MEM proposes
an agentic memory system that dynamically orga-
nizes memories rather than relying on fixed mem-
ory operations (Xu et al., 2025). G-Memory intro-
duces hierarchical agentic memory for multi-agent
systems and organizes interaction histories through
multi-level graph structures (Zhang et al., 2025).
Evo-Memory formulates self-evolving memory as
a test-time learning problem, where agents retrieve,

reuse, and update memory across streaming task
sequences (Wei et al., 2025). These studies sug-
gest that memory should not be treated as a static
retrieval cache, but as an evolving structure that is
updated as agents encounter new tasks.

Another line of work studies reusable skill ac-
quisition for agents. EvolveR distills interaction
trajectories into strategic principles for later task
solving (Wu et al., 2025). MemSkill treats mem-
ory operations as learnable skills that can be se-
lected and refined from hard cases (Zhang et al.,
2026), while Memento-Skills stores reusable skills
as structured external memory and updates the
skill library through a read—write reflective loop
(Zhou et al., 2026). These methods move beyond
fixed prompting, but they mainly target general
agent tasks, tool use, multi-turn interaction, or rea-
soning benchmarks. They do not address mul-
timodal harmful meme detection, where the key
difficulty lies in implicit visual-textual harm, so-
cial targets, cultural references, and ambiguous
protected-group implications.

In contrast, HARMEVOSKILL adapts skill-
memory evolution to multimodal harmful meme
detection. It constructs Case, Insight, and Risk
Memory from unlabeled reference memes, induces
reusable reasoning skills, and updates memory
through graph-assisted diagnosis. This makes
memory and skill evolution serve fine-grained
harmfulness judgment rather than generic task com-
pletion.

3 Methodology

We propose HARMEVOSKILL, a label-free self-
evolving Skill-Memory framework for multimodal
harmful meme detection. As shown in Figure 2,
HARMEVOSKILL consists of three stages. First, it
builds multi-level memory from unlabeled memes
and adaptively induces executable skill cards. Sec-
ond, it retrieves relevant memory to plan task-
specific skills and generate structured evidence.
Third, it integrates the evidence into a harmful—
harmless claim graph for final judgment and self-
evolving memory update.

3.1 Problem Definition

Given a multimodal meme x = (I, T), where I
denotes the image and 7T denotes the associated
text, OCR content, or caption, the task is to predict
a harmfulness label y € {0,1}. Here, y = 1 in-
dicates harmful and y = 0 indicates harmless. In
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our setting, the model has access to an unlabeled
reference set:

R={z},, = =T, (1)

where no gold labels are used at any stage and
no task-specific model parameters are trained or
updated. We refer to this protocol as label-free in-
ference with unlabeled reference memory; unlike
no-reference direct prompting, it permits access
to R but not to its labels. Given a target meme
x4, the goal is to predict its harmfulness while pro-
ducing structured evidence and reusable reasoning
experience.

3.2 Label-free Skill-Memory Construction

The first stage constructs reusable memory from the
unlabeled reference set. For each reference meme,
an MLLM analyzer produces a structured analy-
sis, including visual entities, OCR cues, image-text
relations, target candidates, possible harm mecha-
nisms, benign interpretations, and uncertainty sig-
nals. This follows the recent view that agent mem-
ory should store structured and dynamically or-
ganized observations rather than raw interaction
traces alone (Xu et al., 2025; Zhang et al., 2025).
These analyses are not used as pseudo labels. In-
stead, they serve as intermediate observations for
memory construction.

We organize the resulting experience into a
multi-level memory bank:

B = Mease Minsight U Mrisk’ (2)

where B denotes the full memory bank. A“**¢
stores instance-level contexts, M59" stores gen-
eralized reasoning patterns abstracted from simi-
lar cases, and M7 stores ambiguous or error-
prone patterns. This design is also related to recent
memory-based agents that retain prior experiences,
distill reusable strategies, and use successful or
failed cases to guide later reasoning.

Case Memory keeps concrete meme-level in-
formation, including visual evidence, textual cues,
target hypotheses, image-text relations, and com-
peting harmful or harmless interpretations. It al-
lows the framework to retrieve similar historical
cases during inference.

Insight Memory abstracts reusable reasoning
patterns from groups of related cases. For example,
it may capture recurring visual metaphors, coded
group references, rhetorical framing, target shift-
ing, or cases where political criticism should be
separated from protected-group attacks.

Risk Memory records cases with unstable or
conflicting interpretations. These include low-
confidence predictions, unclear targets, misleading
humor, weak context, or cases where both harmful
and harmless readings are plausible. Risk Memory
is used to warn the planner and judge about likely
failure modes.

Based on the typed memory bank,
HARMEVOSKILL performs adaptive skill
extraction. Unlike fixed agent pipelines, the skills
are not manually predefined. A Skill Discovery
Agent first mines case-aware skill proposals from
Case, Insight, and Risk Memory. Similar proposals
are then grouped and abstracted into seed skill
families. A Skill Inducer further converts each
seed family into an executable skill card. Each
induced skill is represented as:

tri ev1 pl“O ver _fail
j—{sj 9 j ) ] 7Sj 7Sj 9 (3)

where s}“ denotes the trlggerlng condition, sj‘”

specifies the required evidence, s i " describes the

reasoning procedure, s7" defines the verification

rule, and sg‘r’“l records known failure modes. A

Memory Validator checks whether the generated
skill is executable, non-redundant, and consistent
with the memory bank. The validated skills form
the induced skill pool:

S ={sj}/1, @)
where J is the number of validated skills.

3.3 Memory-guided Skill Planning and
Evidence Generation

During inference, HARMEVOSKILL first extracts a
query signature from the target meme. The signa-
ture summarizes visual content, OCR text, entities,
target candidates, tone, image-text relation, possi-
ble harm mechanisms, and uncertainty cues. It is
used to retrieve relevant Case, Insight, and Risk
Memory.

For each memory item 7 in the memory bank,
we compute a multimodal retrieval score:

= ¢ cos(e, €5) + A, cos(ey, e?), (5)

s(zq,m;)
where efl and e; denote the textual and visual em-
beddings of the target meme, and eg- and e denote
the corresponding embeddings of memory item m;.
A¢ and A, balance textual and visual similarity. The

retrieved memory set is defined as:

Z S(.’Eq,mj), (6)

m; eB’

max

B, = arg
1 BICB, |B/|=K
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Figure 2: Overall framework of HARMEVOSKILL. Stage 1 builds multi-level memory from unlabeled reference
memes and induces executable skill cards. Stage 2 retrieves relevant memories, selects task-specific skills, and
generates structured evidence packets. Stage 3 builds harmful-harmless claim graphs for final judgment and

graph-assisted memory update.

where K is the memory retrieval budget.

The retrieved memory provides two types of
guidance for skill planning. Case and Insight Mem-
ory provide positive reasoning experience by show-
ing how similar patterns were previously inter-
preted. Risk Memory provides cautionary signals
by highlighting ambiguous targets, misleading hu-
mor, weak context, or harmful-harmless conflicts.

Based on B,, the Skill Planner selects L task-
specific skills from the induced skill pool S, form-
ing S; C S with |S;| = L, where L is the skill
planning budget. The planner does not execute all
available skills. Instead, it selects skills whose trig-
gers match the target meme and whose required
evidence can be supported by the retrieved mem-
ory. This keeps the reasoning process focused and
avoids irrelevant agent deliberation.

Each selected skill produces a structured evi-
dence packet rather than a final label. An evidence
packet contains the local claim, textual evidence,
visual evidence, target hypothesis, harmful inter-
pretation, harmless alternative, uncertainty signal,
and a short rationale. This design separates local
reasoning from final decision-making. It also al-
lows later stages to inspect which skill contributes
which evidence.

3.4 Graph-assisted Judgment

The third stage aggregates evidence packets
through a claim graph:

gq - (an gq)a (7)

where V, consists of claim nodes {Uharm, Usafe }» €V-
idence nodes Veyi, skill nodes Vg1, memory nodes
Vmem, and uncertainty nodes V.. Edges indicate
whether an evidence node supports or weakens a
claim, whether it is derived from a specific skill,
whether it is supported by retrieved memory, and
whether it conflicts with other evidence. Related
multimodal misinformation work has also shown
that graph-structured reasoning can capture event-
level cross-modal relations and inconsistencies (Ma
et al., 2024).

The LLM Judge receives the target meme, re-
trieved memories, evidence packets, and the seri-
alized claim graph. It compares the harmful and
harmless claims under the evidence structure and
outputs the final prediction, supporting evidence,
rejected alternatives, and a concise explanation.
Compared with free-form direct reasoning, this
graph-assisted design makes the decision process
more explicit. It also helps separate strong harmful
evidence from weak associative cues.
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3.5 Self-evolving Memory Update

After judgment, HARMEVOSKILL performs graph-
assisted diagnosis. The Memory Curator exam-
ines the claim graph, the final prediction, and unre-
solved uncertainty. If the case contains a reusable
pattern, it proposes an update to Case Memory or
Insight Memory. If the case exposes ambiguity,
hallucinated evidence, misleading retrieval, or con-
flict between skills, it proposes an update to Risk
Memory. If a skill produces useful or noisy evi-
dence, the curator may revise its trigger, evidence
requirement, verifier, or failure modes.

The separate Memory Validator then accepts,
rejects, or requests revision of the proposal:

(Bi41,St+1) = Validate(Bt,St, A(Gy, Yqs rq))
(®)
where A(Gg, 34, 7¢) denotes the update proposal
generated from the claim graph G, the prediction
14> and the rationale r,. A proposal is committed
only if it is supported by explicit textual, visual,
retrieved-memory, or verified image—text relational
evidence; is non-redundant; and does not contain
unresolved harmful-harmless conflict. Ambiguous
proposals are rejected or stored as Risk Memory
rather than confident Case or Insight Memory.
This update is not unconditional self-training.
The framework does not add every prediction back
into memory. Instead, it uses graph diagnosis to
identify reusable reasoning patterns, uncertainty
sources, and skill-level failure modes. Through this
process, HARMEVOSKILL forms a self-evolving
loop: unlabeled memes are transformed into mem-
ory, memory induces skills, skills generate evi-
dence, graph judgment produces diagnosis, and
diagnosis further refines memory and skills.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate HARMEVOSKILL on five
multimodal harmful meme benchmarks: HarM,
FHM, Harm-P, MultiOFF, and PrideMM (Kiela
et al., 2020; Pramanick et al., 2021; Suryawanshi
etal., 2020; Shah et al., 2024). These datasets cover
diverse harmfulness scenarios, including hateful
implication, offensive humor, political harmfulness,
protected-group targeting, and LGBTQ+-related
harmful content. Detailed dataset statistics are pro-
vided in Appendix A.

Baselines. We compare HARMEVOSKILL with
three categories of baselines. 1): Direct MLLM

Prompting includes representative MLLMs under
direct or CoT-style prompting, including LLaVA-
NeXT-34B (Li et al., 2024), Qwen2.5-VL-32B
(Bai et al., 2025), Gemini-2.0-Flash (Pichai et al.,
2024), GPT-40, GPT-40-mini (OpenAl, 2024b,a),
and GPT-5.4-mini. 2): Harmful Meme Meth-
ods includes supervised, prompt-based, retrieval-
based, and agent-style harmful meme detection
methods, including PromptHate, MR.HARM, Pro-
Cap, LoReHM, Evolver, and MIND (Cao et al.,
2022; Lin et al., 2023; Cao et al., 2023; Huang et al.,
2024, 2025; Liu et al., 2025). 3): Skill-Memory
and Self-evolving Methods includes skill-memory
or self-evolving harmful meme detection methods,
including ALARM and our skill-memory variants
(Lang et al., 2026). All baselines are evaluated
under the same evaluation sets and metrics. For
prior methods without reported results on all five
datasets, we reproduce or adapt their core strategies
under our unified evaluation protocol.

Metrics and Implementation. Following prior
studies in harmful meme detection (Liu et al.,
2025), we report Accuracy and Macro-F1. Macro-
F1 is emphasized because harmful meme datasets
often contain label imbalance, and both false pos-
itives on benign humor and false negatives on im-
plicit harmful content are important. Unless oth-
erwise specified, HARMEVOSKILL uses GPT-5.4-
mini as the default MLLM backbone. During infer-
ence, the Skill Planner retrieves K relevant mem-
ory items and selects L task-specific skills for ev-
idence generation. We set K = 5 and L = 3 in
the main experiments. More details are given in
Appendix B.

4.2 Main Results

Table 1 reports the main results on five bench-
marks. HARMEVOSKILL achieves strong over-
all performance across all datasets. Compared
with GPT-5.4-mini Direct, HARMEVOSKILL im-
proves Accuracy and Macro-F1 by 9.33% and
17.97% on HarM, and by 4.40% and 5.12% on
FHM, respectively. Compared with the strongest
non-ours baseline, HARMEVOSKILL further im-
proves Accuracy/Macro-F1 by 2.02%/2.43% on
MultiOFF and 2.76%/2.58% on PrideMM. These
results show that the gains do not simply come
from a stronger backbone, but from the pro-
posed skill-memory mechanism. By organizing
reusable experience into Case, Insight, and Risk
Memory, inducing executable skills from memory,
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Method FHM HarM Harm-P MultiOFF PrideMM
Acc. Macro-F1 ~ Acc. Macro-F1 ~ Acc.  Macro-F1 ~ Acc.  Macro-F1 ~ Acc.  Macro-F1
Direct and CoT-style MLLM Baselines
LLaVA-NeXT-34B 64.80 64.63 66.67 62.57 87.53 86.94 72.48 71.81 75.15 74.48
Qwen2.5-VL-32B 68.70 68.49 65.54 62.93 88.59 87.55 74.50 72.53 78.30 77.74
Gemini-2.0-Flash (CoT) 72.80 72.55 72.60 70.94 88.99 88.31 75.17 73.92 79.29 78.46
GPT-40 (CoT) 72.90 72.68 74.29 73.52 89.85 88.71 77.18 76.58 80.28 79.86
GPT-40-mini 68.50 67.92 68.93 66.47 88.20 88.14 74.50 73.88 78.90 78.42
GPT-5.4-mini (CoT) 70.20 69.84 72.03 65.58 89.39 88.55 75.17 74.69 79.49 79.43
GPT-5.4-mini 68.80 68.08 68.64 59.39 88.73 88.13 74.50 73.91 79.09 78.64
Harmful Meme Detection and Agent-style Reasoning Methods
PromptHate 68.90 68.69 71.47 69.52 89.06 88.44 75.84 74.58 78.50 77.41
MR.HARM 69.50 69.01 72.03 70.62 89.66 88.76 75.17 74.13 80.67 80.01
Pro-Cap 69.10 68.52 72.32 70.77 89.46 88.92 76.51 75.68 79.88 78.79
LoReHM 70.60 70.03 73.45 72.23 90.19 89.18 77.18 76.55 81.07 80.96
Evolver 70.10 68.18 73.73 7291 89.99 89.45 77.85 77.26 81.66 81.52
MIND 71.00 70.41 74.58 73.86 90.52 89.82 77.85 77.13 80.87 79.98
Skill-Memory and Self-evolving Methods
ALARM 70.90 70.79 75.14 74.52 90.72 89.91 78.52 77.96 82.64 82.38
HARMEVOSKILL w/o Evolution ~ 71.50 71.02 75.42 74.81 90.85 90.17 77.85 76.64 82.25 81.58
HARMEVOSKILL 73.20 73.20 77.97 77.36 91.71 90.75 80.54 80.39 85.40 84.96
Table 1: Main results on multimodal harmful meme benchmarks.

Variant HarM FHM Backbone HarM Acc. FHM Acc.

Acc.  Macro-F1 ~ Acc.  Macro-F1 Direct  Ours A Direct  Ours A
Full HARMEVOSKILL 71.97 77.36 73.20 73.20 Qwen2.5-VL-7B 63.28 68.08 +4.80 6290 68.20 +5.30
w/o Case Memory 75.42 74.91 71.60 71.16 GPT-40-mini 6893 7458 +5.65 6850 7120 +2.70
w/o Insight Memory 74.86 74.28 70.40 70.31 Qwen2.5-VL-32B  65.54 71.19 +5.65 68.70 72.00 +3.30
w/o Risk Memory 75.14 74.63 71.20 70.84 GPT-40 7175 7599  +4.24  71.60 74.10 +2.50
w/o Adaptive Skill Extraction ~ 73.45 72.76 70.10 70.02
w/o Skill Planner 74.58 73.65 70.80 70.47 . .
w/o Claim Graph 7571 7502 7130 71.04 Table 3: Backbone generalization on HarM and FHM.
w/o Memory Update 76.27 75.68 71.80 71.42
w/o Reference Memory 70.34 68.90 69.40 69.08

Table 2: Ablation study on HarM and FHM.

HarMonly [=1 FHMonly [ Harm-P only
90
85

80 1
77.36

Macro-F1

751 72.88 7344

704

HarM FHM

Harm-P

Figure 3: Memory source analysis measured by Macro-
FI1.

and updating them through graph-assisted diag-
nosis, HARMEVOSKILL improves implicit target
reasoning, image-text incongruity understanding,
protected-group attribution, and harmful-harmless
evidence comparison.

4.3 Ablation Study

We remove one major component at a time. Ta-
ble 2 shows that all modules contribute to the final
performance. Removing Case, Insight, or Risk
Memory weakens instance-level analogy, abstract

pattern reuse, or ambiguity control, respectively.
Removing adaptive skill extraction, the Skill Plan-
ner, or the claim graph also causes clear drops,
showing that executable skills, focused planning,
and harmful-harmless evidence comparison are all
important.

4.4 Generalization Analysis

Figure 3 reports memory-source transfer results
measured by Macro-F1. Each group denotes a
target dataset, and each bar denotes the memory
source. The matched source usually performs best,
while the off-source results remain competitive,
suggesting that the induced skills capture reusable
reasoning patterns beyond dataset-specific short-
cuts. Table 3 further shows that HARMEVOSKILL
consistently improves different MLLM backbones,
indicating that the proposed skill-memory mecha-
nism is not tied to a single model.

4.5 SKkill-Memory Evolution Analysis

Memory Scale Analysis. Table 4 studies the ef-
fect of reference memory scale and memory qual-
ity. Performance improves as the reference set
increases from 25% to 100%. This indicates that
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. HarM FHM
Setting
Acc. Macro-F1 ~ Acc.  Macro-F1

w/o reference memory  70.34 68.90 69.40 69.08
25% reference set 73.73 73.08 71.20 70.74
50% reference set 75.71 75.12 71.90 71.86
100% reference set 71.97 77.36 73.20 73.20
random memory 72.88 72.13 70.10 70.02
noisy memory 74.58 73.97 71.50 71.03

Table 4: Memory scale analysis. Noisy memory injects

weakly related memory items into the memory bank.

@5 Case Memory

Indirect nickname refers
to a protected group

rather than a public
individual.

Implicit targets often
require linking coded
references with social
stereotypes.

é‘ Risk Memory
R

Benign identity mentions
may mimic group
references without
armful intent.

E}ﬂ Case Memory

A meme attacks a
politician through

exaggerated metaphor.

Criticism of public figures
is not necessarily group-
directed harm.

Risk Memory

Strong political tone may
be mistaken for
protected-group attack. /

Initial Induction
Implicit Target Attribution
Trigger:

Target is not explicitly
named

Evidence:

group hints; cultural cue;
image-text relation
Procedure:

identify candidate targets ->
link indirect reference ->
test protected-group
implication

Verifier:

check whether target
evidence is sufficient
Failure Mode:

may confuse benign mention
with harmful targeting

Initial Induction

Political Criticism Boundary
Trigger:

Meme involves politician or
public issue

Evidence:

criticism target: attack wording;
group cue

Procedure:

separate criticism target from
group target -> assess whether
harm extends beyond public
figure

Verifier:

check whether protected-group
evidence exists

Failure Mode:

may over-predict harm from
strong political tone

Updated After
Graph Diagnosis
Trigger:
Indirect or coded target reference
Evidence:
group hints; cultural cue; image-text
relation; derogatory implication
Procedure:
identify candidate targets -> verify
protected-group link -> compare
harmful vs benign reading
Verifier:
require explicit support for
protected-group implication
Failure Mode:
high risk when identity mention
appears without attack cue
Diagnosis signal:
false positive on benign identity
meme.

Updated After
Triggwémph Diagnosis
Political or public-issue meme with
potential collateral farget
Evidence:
criticism target; attack wording;
group cue; policy/public-figure
distinction
Procedure:
identify direct criticism target ->
test whether attack remains at
public-figure or policy level -> check
group-level extension
Verifier:
do not label as harmful unless
protected-group attack is supported
Failure Mode:
satire on politicians can be non-
harmful without group-directed
implication
Diagnosis signal:
harmful-harmless claim conflict.

HarM FHM

~e— Case Memory 208
Insight Memory
—e— Risk Memory

—e— Case Memory
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—e— Risk Memory
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Figure 5: Memory growth across self-evolution itera-
tions on HarM and FHM.

HarmEvoSkill

I refrieve similar cases where
“clean up” and “deport” imply
exclusion. The target-
disambiguation skill links the
cleaning metaphor to immigrants,
and the image-text incongruity
skill shows that a neutral cleaning
scene is reframed as removal
rhetoric. Prediction: Harmful

5o0

(G Xy
OUR IS'F'.I;E‘#?E““" T see a meme about street cleaning ;

2 v and immigration. The image shows
sanitation workers, and the text
uses a cleaning metaphor. T treat it
mainly as a harsh political joke about
public order and immigration.
Because the target is not directly
named, I do not clearly connect the
metaphor to a dehumanizing attack
on immigrants. Prediction: Harm\es?

(a) Case 1: Implicit Harmfulness
GPT-5.4-mini

I see a protest sign criticizing

! rich people and billionaires. The
I wording is negative and targets a
| social group, so I treat it as
potentially hostile. I do not
separate political criticism from
harmful group-directed attack.
Prediction: Harmful

(b) Case 2: Political or %fivisf
GPT-5.4-mini HarmEvoskill

I retrieve risk memories of self-

HarmEvoSkill

I retrieve risk memories about
activist posts that were falsely
flagged. The political-criticism
boundary skill helps me compare
the claims. The meme criticizes
wealth inequality and education
policy, not a protected identity
group.

Prediction: Harmless

Input Meme

v

im not a procrastinator

I see a joke about procrastination

i just prefer doing
all my work in a

deadline-induced panic

Input Meme

and deadline-induced panic. The
wording contains negative
emotional cues, so I treat the
meme as potentially harmful or
unsafe.

Prediction: Harmful

(c) Case 3: Hard Neg§

deprecating jokes with negative
wording. The benign-humor
filtering skill checks for a target
group or real harm. Here, the

joke only describes last-minute
work habits.

Prediction: Harmless (v

ive

Figure 4: Skill evolution trajectory.

broader historical experience helps the framework
retrieve more relevant cases and abstract more use-
ful skills. However, random memory and noisy
memory are less effective than structured memory.
This shows that the improvement does not come
from simply adding more context, but from orga-
nizing reference memes into Case Memory, Insight
Memory, and Risk Memory.

Skill Evolution Trajectory. To verify that the
skills are not manually predefined, we trace how
skills are discovered and updated from memory. As
shown in Figure 4, a seed skill family is first mined
from recurring memory patterns. It is then induced
into an executable skill card with triggering con-
ditions, evidence requirements, reasoning proce-
dures, verification rules, and failure modes. After
graph-assisted diagnosis, the skill card is updated
by narrowing unreliable triggers, adding missing
evidence requirements, or recording new failure
modes. This process shows that HARMEVOSKILL
learns reusable skills from historical cases rather
than relying on a fixed agent workflow.

Figure 6: Case studies of HARMEVOSKILL.

Memory Growth Analysis. Figure 5 compares
the growth of Case Memory, Insight Memory, and
Risk Memory on HarM and FHM. Case Memory
grows fastest because it stores instance-level ob-
servations, while Insight Memory increases more
slowly because it requires abstraction across re-
lated cases. Risk Memory grows when the frame-
work encounters ambiguous targets, weak context,
misleading retrieval, or harmful-harmless conflicts.
The distinct growth patterns across the two datasets
indicate that the three memory types play comple-
mentary roles in the self-evolving process.

4.6 Case Study

Figure 6 presents three representative cases: im-
plicit harmfulness, political or activist content,
and hard negative humor. Direct prompting tends
to rely on surface text or negative tone, while
HARMEVOSKILL retrieves relevant memory, ac-
tivates task-specific skills, and compares harm-
ful and harmless interpretations before prediction.
These cases show that memory-guided skill plan-
ning helps reduce both missed implicit harm and
false positives on benign memes.
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5 Conclusion

We propose HARMEVOSKILL, a self-evolving
Skill-Memory framework for label-free multimodal
harmful meme detection. HARMEVOSKILL con-
structs Case, Insight, and Risk Memory from unla-
beled reference memes, automatically induces exe-
cutable skills, and updates memory through graph-
assisted diagnosis. Experiments on five bench-
marks show that HARMEVOSKILL consistently
outperforms existing baselines. Further analyses
demonstrate the contributions of multi-level mem-
ory, adaptive skill induction, and harmful-harmless
claim comparison. These results suggest that per-
sistent skill-memory evolution is a promising direc-
tion for multimodal safety reasoning.

Limitations

HARMEVOSKILL has several limitations. First, it
introduces additional inference cost because mem-
ory retrieval, skill planning, evidence generation,
claim-graph judgment, and memory update are per-
formed before the final prediction. This improves
reliability but makes the framework slower than
direct MLLM prompting. Second, the memory up-
date process is label-free and may introduce noise
when graph diagnosis is based on incomplete or
ambiguous evidence. Third, some harmful memes
require external socio-cultural or historical knowl-
edge that is not always covered by the reference
memory. Finally, this work focuses on image-text
memes and does not yet address video memes, au-
dio cues, or multi-turn social media contexts.

Ethics Statement

This work studies multimodal harmful meme de-
tection for online safety. The datasets used in our
experiments are existing research benchmarks, and
we do not collect private user data or attempt to
identify individuals. Some examples may contain
offensive, hateful, or harmful content because such
content is necessary for evaluating harmful meme
detection systems. We use these examples only for
research purposes and avoid amplifying harmful
messages beyond the minimum needed for analy-
sis.

A potential risk of this work is misuse
in automated content moderation.  Although
HARMEVOSKILL improves evidence-grounded
harmfulness detection, it should not be used as a
fully automated moderation system without human

oversight. False positives may suppress benign hu-
mor, political criticism, or activist speech, while
false negatives may fail to detect implicit harmful
content. We therefore recommend using the frame-
work as a decision-support tool with human review,
especially in culturally sensitive or politically con-
tested contexts.
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A Dataset Details

We evaluate HARMEVOSKILL on five multimodal
harmful meme benchmarks: HarM, FHM, Harm-P,
MultiOFF, and PrideMM. These datasets cover dif-
ferent forms of multimodal harm, including hateful
implication, political harmfulness, offensive humor,
and LGBTQ+-related harmful content. Dataset
statistics are reported in Table 5.

HarM contains multimodal memes annotated
with harmfulness labels. Following our binary clas-
sification setting, we merge the original harmful
and somewhat harmful labels into the harmful class,
and treat the remaining samples as harmless. FHM
is a widely used hateful meme benchmark that re-
quires joint reasoning over image and text; we use
its original binary hateful/non-hateful labels. Harm-
P is the politics-related subset of HarMeme used
in MOMENTA, focusing on politically harmful
memes (Pramanick et al., 2021). Following the
same binary setting, we merge harmful and some-
what harmful samples into the harmful class and
treat the remaining samples as harmless. For Harm-
P, we use a 1,508-sample evaluation set under our
unified evaluation protocol rather than the original
355-sample MOMENTA test split; all compared
methods are evaluated on this same set. MultiOFF
contains offensive memes with both visual and tex-
tual cues, where offensive samples are mapped to
harmful and non-offensive samples to harmless.
PrideMM consists of LGBTQ+-related multimodal
memes and is used to evaluate protected-group-
related harmfulness detection.

Dataset Domain Samples
HarM Harmful memes 354
FHM Hateful memes 1,000
Harm-P Political harmful memes 1,508
MultiOFF Offensive memes 149
PrideMM  LGBTQ+-related memes 507

Table 5: Dataset statistics used in our experiments.
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B Implementation and Reproduction
Details

Unified Evaluation Protocol. All methods are
evaluated on the same evaluation sets and reported
with Accuracy and Macro-F1. Accuracy measures
overall classification correctness, while Macro-F1
gives equal weight to the harmful and harmless
classes. We report Macro-F1 because harmful
meme datasets may contain label imbalance, and
performance on the minority class is important for
safety-sensitive evaluation.

Hyper-parameters. The main experiments use
K = 5 retrieved memory items and L. = 3 se-
lected skills. Additional sensitivity analysis for K
and L is reported in Appendix E. Unless otherwise
specified, all experiments use the same binary label
mapping and the same evaluation script.

Artifact Licenses and Access. We use public re-
search datasets and released models or model APIs
according to their original access conditions. Raw
images are not redistributed when redistribution
is restricted. Our released package contains code,
prompts, scripts, and metadata for reproduction,
while users should obtain restricted datasets from
the original providers.

C Additional Discussion of Core Modules

C.1 Discussion of Claim Graph

The claim graph is designed to reduce unstructured
free-form judgment in multimodal harmful meme
detection. Direct MLLM prompting often merges
visual evidence, textual cues, target hypotheses,
and social context into a single explanation. This
may cause the model to over-rely on surface humor,
political tone, or isolated negative words. In con-
trast, our claim graph separates harmful and harm-
less interpretations into competing claim nodes,
and links each local evidence packet to the claim it
supports or weakens.

The same structure is used to control label-free
memory update. The update is not triggered by
the final prediction alone. The Memory Curator
validates each update through three checks. First,
the proposed memory item or skill revision must
be supported by explicit textual evidence, visual ev-
idence, retrieved memory, or a verified image-text
relation. Second, if harmful and harmless claims
are both strongly supported, the case is not added as
confident Case or Insight Memory, but is rejected

or stored as Risk Memory. Third, redundant up-
dates, sentiment-only updates, or updates without
a clear target and harm mechanism are rejected.
These checks prevent the framework from simply
adding every prediction back into memory.

Different diagnosis outcomes lead to different
update actions. Stable case-level evidence updates
Case Memory, recurring patterns update Insight
Memory, and ambiguous targets, weak context,
misleading retrieval, or harmful-harmless conflicts
update Risk Memory. Skill cards are revised only
when graph diagnosis identifies a specific failure
mode, such as an over-broad trigger, missing ev-
idence requirement, or unreliable verifier. Thus,
the label-free update mechanism is evidence-based
memory curation rather than unconditional self-
training.

This design makes the decision and update pro-
cess more inspectable and helps control false posi-
tives. For example, a meme may contain strong crit-
icism or activist language, but the harmless claim
can still be supported if the target is a public institu-
tion rather than a protected group. The claim graph
therefore provides a structured space for resolving
harmful-harmless evidence conflict and filtering
noisy memory updates.

C.2 Discussion of Adaptive Skill Extraction

Adaptive skill extraction is introduced to avoid
manually predefined skill inventories. Harmful
memes evolve quickly, and fixed skills may not
cover new meme templates, coded references, or
emerging social events. Instead of hand-designing
all reasoning skills, HARMEVOSKILL mines case-
aware skill proposals from Case Memory, Insight
Memory, and Risk Memory. Similar proposals are
clustered and abstracted into seed skill families,
which are then induced into executable skill cards.

Each skill card contains triggering conditions,
required evidence, reasoning procedure, verifica-
tion rule, and failure modes. This format makes the
skill executable during inference and also allows
later updates. When graph diagnosis reveals that
a skill produces unsupported or noisy evidence,
the skill can be revised by narrowing its trigger,
adding missing evidence requirements, or record-
ing a new failure mode. This process distinguishes
adaptive skill extraction from fixed agent roles or
static prompt templates.
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C.3 Discussion of Memory-guided Skill
Planner

The Skill Planner selects a small number of task-
specific skills according to the target meme and re-
trieved memory. This is necessary because harmful
meme detection does not require the same reason-
ing path for every sample. Some memes mainly
require target disambiguation, while others require
political criticism boundary checking, image-text
incongruity reasoning, cultural-template interpreta-
tion, or benign-humor filtering.

The planner uses retrieved Case Memory and
Insight Memory to identify potentially useful rea-
soning directions, and uses Risk Memory to avoid
known failure modes. It then selects skills whose
triggers match the target meme and whose evidence
requirements can be supported by retrieved mem-
ory. This reduces irrelevant agent deliberation and
keeps inference focused on the most plausible rea-
soning dimensions.

D Prompt Templates

This section provides representative prompt tem-
plates for the main agents in HARMEVOSKILL.
All agents are required to return structured outputs
and support their judgments with textual, visual, or
memory-based evidence.

Prompt for Skill Discovery Agent

Role. You are a skill discovery agent for mul-
timodal harmful meme detection.

Input. Image description: {im-
age_description}

OCR text: {ocr_text}

Retrieved context: {context}

Preliminary  interpretation: {prelimi-

nary_interpretation }

Task. Analyze the meme and identify reusable
reasoning patterns that may help future harm-
ful meme detection. Do not assign a final la-
bel. Focus on visual-textual relations, implicit
targets, protected-group cues, rhetorical strate-
gies, cultural references, and possible false-
positive or false-negative risks.

Output format. Return a JSON object with:
case_pattern, possible_skill_family,
trigger_cues, required_evidence,
risk_notes, and short_rationale.

Prompt for Skill Inducer Agent

Role. You are a skill inducer agent.

Input. Candidate skill family: {skill_family}
Supporting Case Memory: {case_memory}
Supporting  Insight Memory: {in-
sight_memory }

Supporting Risk Memory: {risk_memory }
Task. Induce an executable skill card from
recurring memory patterns. The skill must be
supported by the provided memory rather than
manually assumed. Each skill should specify
when it should be used, what evidence it re-
quires, how it reasons, how its local conclusion
is verified, and when it may fail.

Output format. Return a JSON object with:
skill_name, trigger, required_evidence,
procedure, verifier, and failure_modes.

Prompt for Memory-guided Skill Planner

Role. You are a memory-guided skill planner
for multimodal harmful meme detection.
Input. Target image description:
age_description}

OCR text: {ocr_text}

Retrieved Case Memory: {case_memory }
Retrieved Insight Memory: {insight_memory}
Retrieved Risk Memory: {risk_memory}
Available skill cards: {skill_cards}

Task. Select a small set of task-specific skills
for the target meme. Do not select all available
skills. Choose only skills whose triggers match
the meme and whose required evidence can be
checked. For each selected skill, generate a
structured evidence packet instead of a final
prediction.

Output format. Return a JSON object with
selected_skills. For each selected skill,
include: skill_name, why_selected,
local_claim, textual_evidence,
visual_evidence, target_hypothesis,
harmful_interpretation,
harmless_alternative,
and short_rationale.

Prompt for Graph-assisted Judge

Role. You are a graph-assisted judge for mul-
timodal harmful meme detection.
Input. Target meme: {target_meme}
Structured evidence  packets:

{im-

uncertainty,

{evi-
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dence_packets}
Retrieved risk notes: {risk_notes}

—e— FHM

(a) Impact of K

HarM  —&— Harm-P

(b) Impact of L

{ A ————

Task. Build two competing interpretations: a
harmful claim and a harmless claim. For each
claim, list supporting and weakening evidence.
Compare the two claims and make the final
prediction. The decision must be based on evi-
dence rather than surface offensiveness alone.
Output format. Return a JSON
object with: harmful_claim,
harmful _supporting_evidence,

harmful _weakening_evidence,
harmless_claim,
harmless_supporting_evidence,
harmless_weakening_evidence,
conflict_summary, final_prediction,
confidence, and decision_rationale.

L

Prompt for Memory Curator Agent

Role. You are a memory curator agent for a
self-evolving harmful meme detection system.
Input. Target meme: {target_meme}

Final prediction: {prediction}

Claim graph diagnosis: {graph_diagnosis}
Selected skills: {selected_skills}
Existing memory summary:
ing_memory }

Task. Generate update proposals for Case
Memory, Insight Memory, Risk Memory, and
skill cards. Do not use gold labels. Update
memory only when the claim graph provides
sufficient evidence. Reject weak, redundant,
or unsupported updates.

Output format. Return a JSON
object  with: case_memory_update,
insight_memory_update,
risk_memory_update, skill_update,
update_type, update_content, and
validator_note.

{exist-

E Additional Experiments

E.1 Additional Ablation Results

Table 6 reports additional ablation results on Harm-
P, MultiOFF, and PrideMM. The results are con-
sistent with the main ablation study: adaptive
skill extraction, multi-level memory, skill plan-
ning, and claim-graph judgment all contribute to
performance. The larger drops on MultiOFF and
PrideMM further show the importance of Risk

70 .//‘\oﬁ | /\.—.
1 3 5 7 9 12 3 5 8
Retrieved memory items (K) Selected skills (L)

Figure 7: Hyper-parameter analysis of memory retrieval
budget K and skill planning budget L.
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Figure 8:  Accuracy-time trade-off on HarM.
HARMEVOSKILL improves performance at the cost
of longer inference time.

Memory and harmful-harmless claim comparison
in hard-negative and protected-group-related cases.

E.2 Additional Backbone Results

Table 7 reports additional backbone re-
sults on Harm-P, MultiOFF, and PrideMM.
HARMEVOSKILL improves all tested backbones,
but the gain varies across models and datasets.
This suggests that the proposed skill-memory
mechanism is complementary to backbone capacity
rather than being a prompt tuned for one specific
MLLM.

E.3

We analyze the sensitivity of the memory retrieval
budget K and the skill planning budget L. Figure 7
shows that performance first improves as more rel-
evant memory items and skills are used. However,
excessive retrieval or too many selected skills may
introduce irrelevant memory and redundant reason-
ing paths. We therefore set K = 5 and L = 3 in
the main experiments.

Hyper-parameter Analysis

E.4 Efficiency and Cost Analysis

Figure 8 visualizes the accuracy—time trade-off
on HarM. HARMEVOSKILL is slower than direct
MLLM prompting because it performs memory re-
trieval, skill planning, evidence generation, claim-
graph judgment, and memory update. However,
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. Harm-P MultiOFF PrideMM
Variant
Acc.  Macro-Fl Acc.  Macro-Fl Acc.  Macro-Fl
Full HARMEVOSKILL 91.71 90.75 80.54 80.39 85.40 84.96
w/o Case Memory 90.32 89.30 77.85 76.98 83.43 82.91
w/o Insight Memory 89.79 88.72 76.51 75.44 82.45 82.36
w/o Risk Memory 90.05 89.17 75.84 74.65 84.02 83.52
w/o Adaptive Skill Extraction  88.99 87.86 75.17 74.20 82.05 81.79
w/o Skill Planner 89.52 88.55 77.18 76.11 83.04 82.58
w/o Claim Graph 90.25 89.48 77.85 77.02 83.63 83.14
w/o Memory Update 90.72 89.91 79.19 78.46 84.22 83.82
Table 6: Additional ablation results on Harm-P, MultiOFF, and PrideMM.
Harm-P Acc. MultiOFF Acc. PrideMM Acc.
Backbone
Direct  Ours A Direct  Ours A Direct  Ours A
Qwen2.5-VL-7B 87.86 90.58 +2.72 71.81 77.85 +6.04 77.32 83.63 +6.31
GPT-5.4-mini 88.73 91.71 +298 7450 80.54 +6.04 79.09 8540 +6.31
Qwen2.5-VL-32B  88.59 91.18 +2.59 7450 79.19 +4.69 7830 84.22 +5.92
GPT-40 (CoT) 89.85 9198 +2.13 77.18 81.21 +4.03 80.28 85.80 +5.52

Table 7: Additional backbone results on Harm-P, MultiOFF, and PrideMM.

the additional computation brings substantial per-
formance gains.

F Additional Skill-Memory Evolution
Examples

F.1 Additional Skill Extraction Examples

Table 8 shows additional examples of automati-
cally extracted skills. Each skill is induced from
recurring memory patterns rather than manually
predefined categories.

F.2 Additional Before-after Skill Cards

Table 9 provides another before-after skill update.
The update is generated after graph diagnosis iden-
tifies that the initial skill over-relies on surface vi-
sual incongruity.

G Error Analysis and Future Work

Figure 9 summarizes the remaining error types of
HARMEVOSKILL. Although HARMEVOSKILL
reduces many errors caused by implicit targets,
image-text incongruity, and benign hard negatives,
several challenging cases remain.

First, cultural-template failures occur when a
meme depends on platform-specific or community-
specific background knowledge. Second, historical
harm trivialization remains difficult because it often
requires external knowledge about historical events

and their social meaning. Third, misogynistic fram-
ing may be expressed through subtle objectification
or coded language, making the harmful implica-
tion hard to verify from image-text evidence alone.
Fourth, target ambiguity remains difficult when
a meme simultaneously references public figures,
institutions, and demographic groups.

These errors suggest several directions for future
work. Future versions of HARMEVOSKILL can in-
corporate stronger external context verification, cul-
turally grounded memory construction, and more
fine-grained target taxonomies. Another impor-
tant direction is to develop stronger validators for
label-free memory update, so that noisy or weakly
supported memory items are less likely to affect
later reasoning.

4145



Induced Skill

Memory Evidence

Trigger

Failure Mode

Implicit Target Attribu-
tion
Political Criticism
Boundary

Benign Humor Filter-
ing

Historical Harm Trivi-
alization

Repeated cases where the target
is expressed through coded ref-
erences or indirect group cues.
Cases where strong political
tone does not necessarily imply
protected-group harm.

Risk Memory records humor-
ous or absurd memes that were
falsely predicted as harmful.
Insight Memory captures cases
where historical trauma is mini-
mized or turned into ridicule.

The target is not explicitly
named but can be inferred from
image-text association.

A meme involves a politician,
public institution, or policy is-
sue.

The meme contains unusual im-
agery, informal language, or ex-
aggerated humor.

The meme references war, disas-
ter, genocide, slavery, or histori-
cal oppression.

May confuse benign identity
mention with group-directed
attack.

May over-predict harm from
negative political sentiment.

May under-detect implicit
harm when humor masks a
protected-group attack.
Requires external context
and may miss subtle trivial-
ization.

Table 8: Additional examples of automatically induced skills.

Field Before Update After Update
Skill Image-text Incongruity Reasoning Image-text Incongruity Reasoning
Trigger Image and text appear semantically mis- Image and text mismatch creates a possible

Evidence Requirement
Procedure
Verifier

Failure Mode

matched.
Visual object and caption mismatch.

Detect whether the image contradicts the text.
Check if there is a contradiction.

May over-predict harmfulness for absurd
jokes.

harmful implication.

Visual object, caption, target candidate, and
harm mechanism.

Determine whether the mismatch changes the
target or creates group-directed harm.

Check whether the contradiction supports
harmfulness rather than general humor.

Treat absurd humor as risky only when target
and harm evidence are present.

Table 9: Additional before-after skill card update.

(a) Case 1: Cultural-template Failure

ATTENTION:
NPC DETECTED
OPINION INVALID

\_

T

ANOTHER DAY,

ANOTHER NPC MELTDOWN

Input Meme

HarmEvoSkill

I recognize that the meme uses an
unusual community-specific
template and emotionally charged
wording. The image-text pairing
appears intentionally mocking, and
the phrase "NPC meltdown" may
imply hostility toward the
depicted target. Since the
template meaning is unclear from
the available context, I treat the

post as harmful. x

(c) Case 3: Historical Harm Trivialization

f\N

. MORE u’K‘E@I/ :
TITANIC ROM-COM
Input Meme

[°.9)

HarmEvoSkill

I notice that the meme refers to
a well-known historical event and
presents it with a joking tone.
The image combines a disaster
reference with entertainment
framing, but the post does not
contain an explicit target or
direct attack. I therefore

(b) Case 2: Misogynistic Framing

WHEN SHE HA

WE ALL NEEDED THAT

Input Meme
(d) Case 4: Target Ambiguity

MORE TAXES. MORE RULES.
MORE HANDOUTS.

HarmEvoSkill

G

I see a humorous or exaggerated
depiction involving gender. The
post appears to make a joke
about behavior, appearance, and
social interaction. Since the
attack is not stated directly and
the harmful implication is
expressed through stereotype-
based framing, I treat it as non-

harmful humor. x

HarmEvoSkill

G

I detect criticism and negative
language, but the target can be
read as a politician, a policy issue,
or a broader social group. The
strongest wording appears to
criticize “you people,” so I
interpret the meme as group-

interpret it mainly as dark humor

directed hostility rather than

rather than harmful content.

public-figure or policy criticism.

Input Meme

*

Figure 9: Additional error analysis of HARMEVOSKILL.
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