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Abstract

Warning: This paper may contain content that
could be disturbing or offensive.

Content moderation in online platforms faces
persistent challenges due to the evolving com-
plexity of user-generated content and the lim-
itations of traditional rule-based and machine
learning approaches. While recent advances
in large language models (LLMs) have en-
abled more sophisticated moderation via direct
prompting or fine-tuning, these approaches of-
ten exhibit limited generalization, interpretabil-
ity, and adaptability to unseen or ambiguous
cases.

In this work, we propose a novel moderation
framework that leverages analogical examples
to enhance rule induction and decision reliabil-
ity. Our approach integrates end-to-end opti-
mization of analogical retrieval, rule generation,
and moderation classification, enabling the dy-
namic adaptation of moderation rules to diverse
content scenarios. Through comprehensive ex-
periments, we demonstrate that our method sig-
nificantly outperforms both rule-injected fine-
tuning baselines and multi-stage static RAG
pipelines in terms of moderation accuracy and
rule quality. Further evaluations, including hu-
man assessments and external model general-
ization tests, confirm that our framework pro-
duces rules with better clarity, interpretability,
and applicability. These findings show that ana-
logical example-driven methods can advance
robust, explainable, and generalizable content
moderation in real-world applications.

1 Introduction

The exponential growth of online content has made
content moderation an indispensable component
in maintaining healthy, safe, and compliant digi-
tal environments (Yuan et al., 2024). Automated
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content moderation systems are increasingly relied
upon to filter out harmful, illegal, or inappropri-
ate material on social media platforms, forums,
and other user-driven services (Zeng et al., 2024).
As large language models (LLMs) have demon-
strated remarkable progress across various natural
language understanding tasks, deploying LLLMs for
content moderation has become a promising di-
rection (Kolla et al., 2024; Nghiem and III, 2024;
Wu et al., 2024). Recent studies have explored
the application of LLMs to content moderation
tasks through diverse strategies, including post-
training (Ouyang et al., 2022; Rafailov et al., 2023;
Khaliq et al., 2024; Liu et al., 2025; Ma et al., 2024)
and prompt engineering (Radford et al., 2019; Palla
et al., 2025; Kolla et al., 2024; Brown et al., 2020;
Chen et al., 2024a), yielding promising progress
in both moderation accuracy and reasoning abili-
ties (Kumar et al., 2024; Vishwamitra et al., 2024).

However, despite their impressive capabilities,
even state-of-the-art LLMs often struggle in scenar-
ios characterized by contextual ambiguity or vague
moderation criteria (Masud et al., 2024; Huang,
2025; Keluskar et al., 2024). For example, when
moderation rules are implicit, incomplete, or open
to interpretation, LLMs may produce inconsistent
or erroneous judgments, undermining the reliabil-
ity of automated moderation systems. As shown
in Figure 1, Chain of thought (CoT) relies solely
on explicit standards such as the absence of in-
sults, incitement, or attacks on specific groups, and
fails to recognize the underlying discriminatory
logic of the statement “low scores equal low ability.”
As a result, it incorrectly classifies the statement
as "Safe." This approach lacks the deep seman-
tic understanding needed to address finer-grained,
metaphorical, or indirect discriminatory content.
Conversely, when explicit and precise moderation
rules are incorporated into the context, models
demonstrate significantly improved accuracy and
interpretability, as Figure 1 illustrates. This obser-
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vation highlights the importance of well-defined
moderation rules, which improve both moderation
precision and transparency of the model’s decision-
making process (Rebedea et al., 2023; Kumar et al.,
2024; Wu et al., 2025).

Nevertheless, identifying or constructing the
most appropriate moderation rule for a given con-
tent instance remains a challenging problem. Ex-
isting solutions typically fall into two categories:
(1) manually defined high-level rules, such as those
targeting broad categories like "sexual content."
While effective to some extent, such rules often
fail to account for the nuanced differences among
fine-grained instances or across diverse applica-
tion scenarios, making it virtually impossible to
exhaustively enumerate all necessary rules (Chan-
drasekharan et al., 2019; He et al., 2024). (2) LLM-
driven adaptive rule discovery, which leverages the
model’s world knowledge and prompt engineer-
ing to synthesize rules on the fly (Kumar et al.,
2024). However, these approaches frequently over-
look domain-specific expertise and the rich expe-
rience accumulated by human moderators, relying
instead on generic or coarse-grained priors.

To address these challenges, we propose leverag-
ing the inductive power of LLMs to generalize rules
from analogous instances within the same modera-
tion context. Our key insight is that by systemati-
cally analyzing similar content samples and their
corresponding moderation outcomes, models can
distill more robust and contextually relevant rules
that generalize better across instances. A straight-
forward approach to realizing this high-level idea
is to first retrieve samples similar to the current
instance from an existing database and then em-
ploy an auxiliary LLM to induce and analyze the
relevant rules based on these retrieved examples.
However, this pipeline separates the processes of
rule generation and content moderation, and thus
may lose fine-grained cues most pertinent to the
current sample during rule induction.

To address this limitation, we introduce
CHAIRO, a contextual hierarchical analogical
induction and reasoning optimization framework,
which jointly optimizes the case retrieval and rule
induction process. By jointly optimizing these com-
ponents, our method ensures that the induced rules
are grounded in highly relevant examples and better
tailored to each moderation instance. This end-to-
end approach allows the model to more effectively
utilize the annotated data and uncover hidden ex-
pert knowledge from human moderators.

Input: By exam standards, discriminating against N\
low-scores doesn't count as discrimination.
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Figure 1: Comparison of the Chain of Thought (CoT)
method and the CHAIRO framework for content mod-
eration. CoT fails to identify the implicit bias and classi-
fies it as *Safe,” while CHAIRO, leveraging analogical
reasoning and explicit rule induction, correctly identifies
it as "Unsafe’ by recognizing the underlying discrimina-
tory logic.

Concretely, our post-training framework is de-
signed to endow the model with an integrated three-
stage reasoning capability: example generation,
rule induction, and final moderation. Our frame-
work consists of three critical steps: we first fine-
tune the base LLM with a chain-of-analogy ap-
proach on the training set, enabling the model to
autonomously generate the most relevant analog-
ical cases for each content sample. Second, we
employ an auxiliary rule-generation module that
synthesizes explicit moderation rules by analyz-
ing the commonalities between the original and
analogous cases. Finally, these generated rules are
injected back into the LLM’s moderation reason-
ing chain during a second round of fine-tuning,
equipping the model with both exemplar-based and
rule-inductive reasoning capabilities.

Through comprehensive experiments, we
demonstrate that our framework leads to more
accurate and robust moderation outcomes while
enhancing the interpretability and adaptability of
LLM-based moderation systems across diverse,
real-world scenarios.

2 Method

Our proposed framework, CHAIRO, leverages a
systematic three-stage pipeline to enhance the rea-
soning capabilities of LLMs in content moderation
tasks. Specifically, our approach comprises the fol-
lowing stages as shown in Figure 2: First, we intro-
duce a self-augmented analogical chain-of-thought
generation strategy, enriching training data to em-
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Stage 1: Self-Augmented Analogy Generation
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Figure 2: The workflow of the CHAIRO framework.

power the model’s capability of adaptively retriev-
ing relevant analogical moderation cases. Second,
an auxiliary reasoning LL.M performs inductive
reasoning over these retrieved examples, extract-
ing explicit moderation rules tailored to specific
moderation contexts. Finally, we inject these in-
duced moderation rules back into the reasoning
chains and fine-tune the model again, integrating
exemplar-based and rule-inductive reasoning ca-
pabilities. This structured approach effectively
leverages annotated moderation data and human
expertise, significantly improving moderation per-
formance and interpretability.

2.1 Self-augmented Analogical
Chain-of-Thought Generation

In this initial stage, we augment existing labeled
moderation data through a bootstrapping retrieval-
enhancement procedure following prior work (Ma
et al., 2024). Specifically, denoting the initial base
LLM'’s parameters as ¢. For each labeled moder-
ation instance xz; with corresponding moderation
decision y; from the training set, we first employ
BGE-M3 (Chen et al., 2024b) to derive semantic
embeddings for all instances. Subsequently, we
compute the cosine distance between every pair
of samples as the metric for semantic similarity.
Finally, we retrieve a set of analogical modera-
tion examples A(z;) for each training instance z;.
Prompted with the current sample and the labels of
its analogous examples, the model parameterized
by ¢ generates an augmented analogical modera-

tion reasoning chain é;

Aaug

G :LLMCf)(xl’yZaA(xl)) (D

Applying this augmentation procedure system-
atically across the entire training set yields an en-
riched training dataset:

Dag = { (4, yis é?ug)}i]\ir (2

Finally, we perform supervised fine-tuning (SFT)
of the base model parameters ¢ using the aug-
mented dataset Dy, resulting in updated model
parameters ¢C°A:

$CoA log Py(ys, &% | ;).

2

= arg max
’ (24,9i,6; ) € Dang

3)

Through this fine-tuning step, the model acquires
enhanced analogical reasoning capabilities and be-
comes proficient in adaptively generating relevant
analogical cases for unseen moderation instances.
This adaptive analogical reasoning capability lays

a solid foundation for subsequent rule induction.

2.2 Rule Induction via Auxiliary Reasoning
Model

In this stage, we perform explicit rule induction
to extract moderation rules from analogous exam-
ples generated by the previously trained analogical
reasoning model. Specifically, for each training
instance x;, we first utilize the fine-tuned analog-
ical reasoning model (parameterized by ¢©°4, al-
ready trained in the previous subsection to generate
analogical chains of thought) to generate virtual
analogical samples A(z;):
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Alz;) = LLMcoa (). 4)

Then, leveraging an auxiliary reasoning model
(denoted as LLLM,,x), we perform inductive reason-
ing on the retrieved analogous instances and the
target instance x;, synthesizing explicit modera-
tion rules r; (a simple text). Specifically, we use
QwQ-32B as LLM,,x to generate analogy-based
reasoning chains and induce explicit rules from the
analogous examples. For quality control, we auto-
matically verify that the category descriptions in
each reasoning chain match the target labels and
discard samples with inconsistencies. A random
subset is further checked manually to validate the
reasoning quality. Formally, the generation of the
moderation rule 7; can be expressed as:

ri = LLMaux (24, A(x;); prompt, ),  (5)

where prompt,, ;. denotes the carefully designed
prompts used for rule induction (see detailed
prompts in the Appendix).

This explicit rule induction step systematically
captures shared characteristics and moderation cri-
teria across similar moderation instances, providing
contextually precise and interpretable moderation
rules. These induced rules serve as critical input
for the subsequent reasoning chain refinement and
final moderation decision-making stage.

2.3 Rule Injection and Final Model
Refinement

In the final stage, we inject the moderation rules
derived from the previous rule induction step back
into the reasoning process to further enhance the
moderation capabilities of the model. Specifically,
given the training instance z;, the corresponding
analogical examples a; = A(x;) obtained from the
previous stages, and the explicit moderation rule
r; generated by the auxiliary reasoning model, we
employ an additional reasoning model (LLMyyx)
to synthesize these components along with the in-
stance’s label y;, producing a comprehensive mod-
eration reasoning chain c:

C; = LLMaux (l‘ia A5y Tiy Yis promptreasoning)7 6)

where prompt,q,qonine represents carefully engi-
neered instructions guiding the synthesis process.

We then structure each moderation instance’s
reasoning chain in a hierarchical format using spe-
cial tokens to clearly delineate different reasoning
components, forming a enhanced hierarchical mod-
eration chain égeﬁned as shown below:

~refined __
i =

<ANALOGY> a; </ANALOGY>
<REASONING> ¢, </REASONING>
(N
Finally, leveraging this hierarchical, structured
reasoning chain, we conduct an additional round of
SFT, updating the model parameters from ¢“°4 to
the final refined parameters ¢*:

< <RULE>r; </RULE> >

~refined

log qu (yl, C;

>

srefined
(ﬁi»yiycze ne )GDrcﬁncd

¢* = arg max

(®)

where

Dreﬁned — {(xla Yi, égeﬁned) fV:I‘

®
Through this rule injection and hierarchical re-
finement process, the model effectively integrates
analogical reasoning, explicit rule induction, and
label-guided reasoning into a unified moderation
reasoning capability, significantly enhancing both
interpretability and moderation accuracy.

3 Experiment

3.1 Settings

All experiments were conducted on a single server
with 4xNVIDIA H20 (96GB) GPUs using the
LLaMA Factory framework (Zheng et al., 2024)
with DeepSpeed ZeRO-3 optimization (Rajbhan-
dari et al., 2020). For First-stage SFT, we trained
the model for 1 epoch with a learning rate of 1.0e-
5 using bfloatl6 mixed-precision (Micikevicius
et al., 2018), achieving an effective batch size of
64 (micro-batch size x gradient accumulation steps
x GPUs =2 x 8 x 4). For Second-stage SFT, the
settings were the same as those for First-stage SFT.
For Retrieval-Augmented Generation (RAG), we
utilized the 32 most similar reference examples
to each input query. For text generation, we em-
ployed top-k sampling (Fan et al., 2018) with tem-
perature=0.8 and top-p sampling (Holtzman et al.,
2020).
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3.2 Main Results
3.2.1 Overview

In this section, we systematically investigate the
effectiveness of the proposed framework by ad-
dressing the following key research questions:

* RQ1: Can introducing explicit rules into the
LLM-based moderation process improve mod-
eration performance?

* RQ2: Does incorporating analogical exam-
ples enhance the quality of generated modera-
tion rules?

* RQ3: Does the end-to-end two-stage opti-
mization proposed in our framework lead to
improved classification reliability?

* RQ4: Are the moderation rules generated by
our framework of higher quality and better
generalizability compared to those produced
by single-instance approaches?

To comprehensively answer these research ques-
tions, we conduct extensive comparative experi-
ments using Qwen3-8B (Yang et al., 2025) as our
base language model on a series of standard bench-
marks commonly adopted in the content modera-
tion domain.

Specifically, we choose a fine-grained content
moderation dataset proposed by the prior work (Ma
etal.,2024). According to prior studies, this dataset
is particularly valuable as it originates from real-
istic moderation scenarios and includes challeng-
ing subcategories like politically sensitive content,
where context ambiguity commonly leads to diffi-
culty in accurate moderation. Hence, it is ideally
suited to rigorously validate the effectiveness and
practical utility of the rules generated by our frame-
work.

Additionally, an experimental result on an-
other widely-used moderation benchmark are
summarized in Table 3. These results collectively
demonstrate the generalizability and robustness of
our proposed approach across diverse moderation
scenarios and datasets.

3.2.2 Analysis of RQ1: Effectiveness of
Introducing Explicit Rules

To address the first research question, we compare
our proposed method CHAIRO against two base-
line approaches: (1) Naive SFT, where the model is
fine-tuned on data containing moderation reasoning

chains but without explicit rules, and (2) Standard
prompting method, which directly queries the pre-
trained LLM without fine-tuning or rule injection.

The experimental results clearly demonstrate the
substantial benefits of explicitly incorporating mod-
eration rules into the LLM-based moderation work-
flow. Specifically, our proposed method consis-
tently surpasses baseline approaches across various
moderation categories, significantly improving the
moderation F1 scores. For instance, our method
achieves an improvement of 5.3% in F1 scores
compared to the naive SFT baseline. Such pro-
nounced performance gains strongly validate the
importance and utility of injecting explicit mod-
eration rules into the LLM moderation process,
effectively resolving ambiguities and enhancing
decision-making precision in challenging modera-
tion scenarios.

3.2.3 Analysis of RQ2: Effectiveness of
Analogical Examples in Enhancing Rule
Generation Quality

To address Research Question 2, we compare our
method against a rule-injected SFT baseline, in
which explicit moderation rules are similarly in-
jected into the fine-tuning process. The key differ-
ence is that these rules are generated by the LLM
based on individual target instances alone, without
leveraging analogical examples.

The experimental results clearly demonstrate
that our analogical example-based rule induction
significantly enhances the quality of moderation
rules compared to those generated from single-
instance contexts alone. By leveraging analog-
ical examples, our method effectively captures
broader contextual nuances and moderation crite-
ria, resulting in more comprehensive and generaliz-
able moderation rules. For instance, our proposed
framework achieves an improvement of 4.5% in
F1 scores over the baseline approach using rules
generated from single-instance prompting. These
findings strongly confirm the benefit and effective-
ness of incorporating analogical examples in mod-
eration rule generation.

3.2.4 Analysis of RQ3: Impact of End-to-End
Two-Stage Optimization on
Classification Reliability

To investigate Research Question 3, we compare
our proposed framework against a static RAG base-
line. The Static RAG baseline follows a multi-stage
moderation pipeline: it first retrieves relevant ex-
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amples via static retrieval, then induces moderation
rules using an additional LLM separately, and fi-
nally injects these rules into the moderation context
for classification decisions.

Experimental results clearly indicate that our
proposed end-to-end two-stage optimization signif-
icantly enhances moderation reliability compared
to the static multi-stage RAG baseline. By jointly
optimizing the analogical retrieval, rule induction,
and moderation decision-making processes, our ap-
proach effectively reduces the cumulative errors
and inconsistencies that arise from separately op-
timized stages. Specifically, our method achieves
an improvement of 2.3% in moderation accuracy
compared to the static RAG baseline. This outcome
underscores the advantage and necessity of employ-
ing our unified, end-to-end optimization strategy
to achieve more reliable and consistent moderation
decisions.

3.3 Discussion

The experimental results presented in the preceding
section demonstrate that our proposed CHAIRO
framework, by integrating analogical reasoning,
explicit rule induction, and hierarchical reasoning
chain optimization, significantly enhances the per-
formance of LLLM-based content moderation sys-
tems across various content moderation tasks. In
this section, we delve deeper into the contributions
of individual components, provide case studies for
qualitative insights, and present human evaluations
of the generated rule quality to further elucidate
the framework’s effectiveness and practical impli-
cations.

3.3.1 Ablation Study

To isolate the contributions of key components
in our CHAIRO framework, we conduct abla-
tion experiments by systematically removing core
modules and measuring the resulting performance
degradation, as reported in Table 2.

Role of the Retrieval Module. In the “w/o k-
NN Retrieval” setting, we replace the k-NN-based
analogical retrieval in Stage 1 with random sample
selection. This leads to a 2.3% drop in the over-
all F1 score, with particularly notable declines in
politically sensitive content (-3.9%) and gambling-
related content (-3.5%). The result underscores the
critical role of retrieving relevant analogical cases
in capturing subtle moderation criteria, especially
in domains where rules are implicit or context-
dependent. Without the most relevant analogical

examples, the model struggles to generalize beyond
superficial patterns, often leading to oversimplified
judgments.

Importance of the Second-Stage Fine-Tuning.
In the “w/o Second-stage SFT” setting, we skip
the rule injection and second-round fine-tuning in
Stage 3, so the model relies solely on Stage 1 ana-
logical reasoning. This leads to a 1.2% decline in
overall F1 score, with the most significant drops
observed in political content (-3.2%) and pornog-
raphy (-2.2%). The result highlights the value of
combining explicit rules with analogical reasoning.
The second-stage fine-tuning ensures that rules are
dynamically adapted to specific content contexts,
bridging the gap between general guidelines and
case-specific nuances.

These results confirm that the retrieval and rule
injection components complement each other: re-
trieval supplies relevant examples, and rule induc-
tion turns them into generalizable moderation stan-
dards.

3.3.2 Results on Other Dataset

We further evaluate model performance on addi-
tional datasets to assess the cross-dataset general-
ization and harmful content recognition capabilities
of each method. As summarized in Table 3, there
are clear differences in F1 scores across categories
and models. Our proposed method, CHAIRO
achieves the highest overall average F1 score of
68.0, outperforming SFT (61.6), Qwen3-8B (52.9),
and RAG (54.7).

A closer look at category-level results reveals
that CHAIRO consistently achieves the best or
second-best F1 scores in key harmful content cat-
egories, including “Hate” (81.5), “Sexual” (81.6),
“Confessions” (82.5), “Harassment” (40.7), and
“Profanity” (53.9). Notably, the improvements in
the “Hate” and “Sexual” categories are particularly
pronounced compared to other methods.

Overall, these results demonstrate that CHAIRO
exhibits stronger and more comprehensive perfor-
mance in most harmful content recognition cate-
gories, validating its effectiveness and generaliz-
ability in cross-dataset scenarios. This further high-
lights the practical value of our approach for robust
and reliable harmful content detection in diverse
real-world settings.

3.3.3 Rule Quality Evaluation

How effective are the moderation rules generated
by our proposed method in practical moderation
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Category Model/Method Average  Politics  Pornography  Violence  Gambling Bias  Harmless
GPT-4 72.3 58.6 88.7 79.8 92.7 64.3 56.8
DeepSeek R1 77.1 72.7 91.4 86.1 94.3 64.6 59.7
DeepSeek V3 80.3 79.0 90.3 89.8 95.0 70.5 62.5
General LLMs Qwen?2.5-32B-Instruct 74.3 59.1 91.1 84.4 95.4 67.9 54.2
QwQ-32B 69.1 75.4 69.6 72.0 84.9 60.7 54.6
LLaMA3-8B 67.5 58.5 55.9 81.0 90.6 65.2 442
Specific LLMs LLaMA-Guard-3-8B 39.7 12.0 74.1 41.8 29.4 45.7 35.6
Rule Impact (RQ1) 83.9 83.8 67.5 922 73.7 90.6 95.7
Proposed Methods Analogy-Rule Quality (RQ2) 84.7 84.4 68.4 92.8 754 90.3 96.9
E2E Reliability (RQ3) 86.9 88.3 93.2 96.0 98.0 82.2 63.7
CHAIRO (Ours) 89.2 89.3 71.5 97.8 82.0 96.1 98.6
Table 1: Moderation F1 Scores for General LLMs, Specific LLMs and CHAIRO
Setting Overall F1 Politics Pornography Violence Gambling Bias Harmless
w/o k-NN Retrieval 86.9 (-2.3) 85.4(-3.9) 69.0 (-2.5) 96.6 (-1.2)  785(-3.5)  93.6(-2.5) 98.2(-04)
w/o Second-stage SFT 88.0 (-1.2) 86.1(-3.2) 69.3 (-2.2) 97.2(-0.6)  81.2(-0.8)  95.8(-0.3) 98.4(-0.2)
CHAIRO (Ours) 89.2 89.3 71.5 97.8 82.0 96.1 98.6

Table 2: Ablation Study on Model Components with Performance Change

Categories Qwen3-8B RAG SFT CHAIRO (Ours)
Hate 67.2 62.3 74.7 81.5
Sexual 65.2 723 714 81.6
Confessions 66.4 68.3 80.0 82.5
Harassment 25.8 27.6 26.7 40.7
Profanity 40.0 42,9 55.0 53.9
Average F1-Score 52.9 547 61.6 68.0

Table 3: F1-Score Comparison on Aegis Dataset

Model F1 Human (%)
Qwen2.5-32B-Instruct  74.3 -
Simple Rule 75.1 15
RQ4 88.7 85

Table 4: Rule Quality Evaluation Results. The F1-score
reflects the generalization ability of rules when applied
to an external moderation model. The "Human (%)"
denotes the preference rate derived from a double-blind
comparison of 100 test cases by three annotators with
content moderation experience, where rules are assessed
for contextual relevance, completeness, and alignment
with human judgment criteria.

scenarios?

To address Research Question 4, we evaluate the
quality of the moderation rules themselves, beyond
end-to-end moderation accuracy. We compare rules
generated by our analogical approach against those
produced by single-instance LLM prompting, us-
ing two complementary evaluations summarized in
Table 4.

Human Evaluation. We invited three annota-
tors with practical experience in content modera-
tion to independently rate the quality, clarity, and

usefulness of the moderation rules produced by
our method and the baseline. Each annotator in-
dependently reviewed 100 randomly ordered pairs
of rules from different methods in a double-blind
setting, and selected the one they judged more con-
textually relevant, complete, and reliable. The an-
notators consistently preferred rules generated by
our analogical approach, highlighting their clarity
and practical utility. Across the 100 test cases, the
three annotators preferred our rules in 85% of cases,
compared to only 15% for the simple rule-based
baseline. The Qwen2.5-32B-Instruct baseline was
not included in the human preference comparison.
These results indicate that analogically generated
rules align more closely with human moderation
judgment.

Generalization Assessment with External
Models. We further evaluated the generalizabil-
ity of the generated rules by injecting them into
an external model distinct from our base model
Qwen3-8B. Rules generated by our method achieve
an Fl-score of 88.7 when applied to the exter-
nal model, outperforming both the Qwen2.5-32B-
Instruct baseline (F1 = 74.3) and the simple rule-
based approach (F1 = 75.1). This represents an
absolute improvement of 14.4 and 13.6 percentage
points respectively, confirming that the generated
rules transfer well beyond the original modeling
context.

3.3.4 Adaptability to Evolving Standards

Moderation standards shift over time and dif-
fer across cultures and platforms. The out-of-
distribution results in Table 3 show that CHAIRO
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retains strong performance under distributional
shift, suggesting that the combination of analogical
reasoning and explicit rules provides robustness be-
yond the training distribution. Moreover, the mod-
ular design of our framework supports lightweight
fine-tuning on recent data when the shift is mod-
erate, without requiring a full retraining of the
pipeline.

3.3.5 On the Choice of Supervised
Fine-Tuning

We explored reinforcement learning as an alter-
native to SFT in preliminary experiments. How-
ever, binary reward signals based on label correct-
ness proved too coarse for this task, and the model
quickly learned superficial shortcuts instead of per-
forming genuine analogical reasoning and rule ap-
plication. We attribute this to the multi-step nature
of our reasoning chain, where intermediate quality
matters but is not captured by a single binary re-
ward. Designing reward functions that also account
for reasoning chain quality is a promising direction
for future work.

4 Related Work

4.1 LLMs for Content Moderation

In recent years, LLMs have garnered significant at-
tention in content moderation research due to their
strong natural language understanding capabilities.
Existing LLM-based moderation approaches can
be broadly categorized into two paradigms:
Prompt Engineering-driven Direct Modera-
tion: Models such as GPT-series can directly gen-
erate moderation decisions from carefully designed
prompts (Radford et al., 2019). This approach
does not require large-scale annotated data and can
inherently provide detailed reasoning processes,
enhancing interpretability (Zhan et al., 2025; Li
et al., 2025). However, when moderation crite-
ria are inherently ambiguous, model predictions
become sensitive to subtle variations in prompt
wording, leading to inconsistent moderation out-
comes (Rottger et al., 2022; Gligoric et al., 2024).
Fine-tuning-based Domain Adaptation: Post-
training large pretrained models on annotated mod-
eration datasets has been explored extensively. For
example, contrastive fine-tuning approaches lever-
age labeled datasets containing both compliant and
violating content to enhance models’ sensitivity
to specific moderation rules (Devlin et al., 2019).
While fine-tuning clearly improves performance

on explicitly annotated rules, it suffers from data-
dependency issues: high-quality annotated modera-
tion datasets are costly to acquire, and fine-tuned
models often fail to generalize to previously unseen
moderation rules or subtle semantic nuances (Jha
et al., 2024; Inan et al., 2023).

4.2 Generation and Optimization of
Moderation Rules

The explicitness and clarity of moderation rules
are critical for ensuring reliable moderation deci-
sions. However, existing methods for constructing
moderation rules have notable shortcomings:

Manually-defined High-level Rules: Current
moderation systems commonly utilize abstract cat-
egories like hate speech and adult content as mod-
eration guidelines. However, such broad categories
often fail to adequately cover fine-grained real-
world scenarios. For instance, subtle forms of
harassment or discrimination expressed through
metaphor, euphemism, or implicit linguistic cues
cannot be effectively captured by simple keyword-
based rules (Mei et al., 2024; Wang et al., 2024;
Palla et al., 2025). Furthermore, exhaustively enu-
merating all possible instances or patterns of prob-
lematic content through manual effort alone is prac-
tically infeasible.

LLM-driven Adaptive Rule Generation: Re-
cent studies have explored prompting-based ap-
proaches that use LLMs to automatically generate
moderation rules by summarizing characteristics
of violating content (Franco et al., 2023). How-
ever, this strategy relies heavily on the generic
world knowledge encoded in large models and
often neglects domain-specific expert knowledge
such as platform-specific community guidelines.
Additionally, current LLM-driven rule generation
processes are typically independent from the mod-
eration decision-making stage. As a consequence,
generated rules lack the flexibility and context-
awareness required to dynamically adapt to specific
content instances, limiting the practical effective-
ness of such approaches in realistic moderation
scenarios (Masud et al., 2024).

5 Conclusion

We presented CHAIRO, a framework that jointly
optimizes analogical retrieval, rule induction, and
hierarchical reasoning for LLM-based content
moderation. On both in-distribution and out-of-
distribution benchmarks, CHAIRO outperforms
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SFT and RAG baselines by a clear margin. Hu-
man annotators also preferred the rules induced
by our method over single-instance alternatives in
85% of cases. The modular design also makes each
moderation decision traceable to explicit rules and
analogical evidence, improving interpretability for
practical deployment.

Limitations

Although this study aims to provide a reliable and
robust moderation approach for harmful content
on real-world online platforms, several important
limitations remain.

First, this study primarily focuses on the textual
modality and has not yet extended the proposed
reasoning paradigm to multimodal large language
models . In the contemporary context where audio-
visual content is increasingly prevalent, moderation
of multimodal content, including short videos and
live streaming, is an equally pressing challenge.
A key direction for future work is to extend the
proposed paradigm to content moderation tasks
involving multimodal data.

In addition, although this study conducts sys-
tematic experimental analyses across several real-
world datasets, the effectiveness and robustness of
the model in actual platforms and complex applica-
tion scenarios remain to be further validated, partic-
ularly in contexts involving interactive dialogues,
contextual dependencies, and user diversity.

Additionally, while our framework shows ro-
bustness to moderate distributional shifts, drastic
changes in moderation standards across time or
culture may still require retraining or rule recon-
struction (see Section 3.3.4 for further discussion).
Similarly, extending beyond supervised fine-tuning
to reinforcement learning remains an open chal-
lenge, as discussed in Section 3.3.5.
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A Prompts

We modularly synthesize each constituent of the
proposed specialized chain-of-thought, thereby
both transparently elucidating the contribution of
every component to the overall reasoning trajectory
and progressively enhancing the chain’s logical co-
herence and robustness through iterative leverage
of a more capable large language model, as shown
in Figure 3.

* Chain of Thought: In this stage, we generate
a chain-of-thought-style reasoning trajectory
for each input instance, thereby furnishing the
foundational inferential logic that underpins
both the focal sample and its reference exem-
plars.

* Chain of Analogy: In this stage, we augment
existing labeled moderation data through a
bootstrapping retrieval-enhancement proce-
dure, thereby endowing the model with an
analogical-reasoning epistemic modality.
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J Prompt for Chain of Thought

: You are a security moderator. After analysis, classify the following content into only one of these categories:

1 politically harmful, pornographic, violent, gambling-related, discriminatory/abusive, or harmless. Your response

: should be provided in the format <REASONING>...</REASONING>, and directly after </REASONING> state the final
: classification result.

! Prompt for Chain of Analogy

: You are a security moderator. After analysis, classify the following content into only one of these categories:

1 politically harmful, pornographic, violent, gambling-related, discriminatory/abusive, or harmless. Your response

: should be provided in the format <ANALOGY>...</ANALOGY><REASONING>...</REASONING>, where the ANALOGY
1 section is dedicated to citing analogous reference cases, and the REASONING section is dedicated to comprehensive
\ analysis. Directly after </REASONING>, state the final classification result.

! Prompt for Rules

: You are a security moderator. After analysis, extract general rules from the following content without explicitly
1 referencing cases. Return only the extracted rules in the format <RULE>...</RULE>.
I
I
1
I

! Prompt for CHAIRO

! You are a security moderator. After analysis, classify the following content into only one of these categories:

1 politically harmful, pornographic, violent, gambling-related, discriminatory/abusive, or harmless. Your response

: should be provided in the format <RULE>...</RULE><ANALOGY>...</ANALOGY><REASONING>..</REASONING>,

1 where the RULE section is dedicated to rule citation, the ANALOGY section to citing analogous reference cases, and

'\ the REASONING section to comprehensive analysis. Directly after </REASONING>, state the final classification result. ,

Figure 3: Prompt for synthesizing the chain of analogical inductive reasoning.

* Induction Rules: In this stage, we perform
explicit rule induction to extract moderation
rules from analogous examples generated by
the previously trained analogical reasoning
mode, thereby furnishing a principled data
substrate for subsequent inductive-capability
infusion.

* CHAIRO: In this stage, we inject the mod-
eration rules derived from the previous rule
induction step back into the reasoning process
to further enhance the moderation capabilities
of the model.
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