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Abstract

Current large language models (LLMs), even
those explicitly trained for reasoning, often
struggle with ambiguous content moderation
cases due to misleading "decision shortcuts"
embedded in context. Inspired by cognitive
psychology insights into expert moderation, we
introduce CARO (Chain-of-Analogy Reason-
ing Optimization), a novel two-stage training
framework to induce robust analogical reason-
ing in LLMs. First, CARO bootstraps analog-
ical reasoning chains via retrieval-augmented
generation (RAG) on moderation data and per-
forms supervised fine-tuning (SFT). Second,
we propose a customized direct preference op-
timization (DPO) approach to reinforce ana-
logical reasoning behaviors explicitly. Unlike
static retrieval methods, CARO dynamically
generates tailored analogical references during
inference, effectively mitigating harmful deci-
sion shortcuts. Extensive experiments demon-
strate that CARO substantially outperforms
state-of-the-art reasoning models (DeepSeek
R1, QwQ), specialized moderation models
(LLaMA Guard), and advanced fine-tuning and
retrieval-augmented methods, achieving an av-
erage F1 score improvement of 24.9% on chal-
lenging ambiguous moderation benchmarks.

1 Introduction

The rapid growth of both user-generated and AI-
generated content has made intelligent modera-
tion systems essential for maintaining the safety
of the digital ecosystem (Yuan et al., 2024; Zeng
et al., 2024). Traditional discriminative models
such as BERT for content moderation typically
grapple with two fundamental challenges: lim-
ited out-of-distribution generalization capabilities
and inadequate interpretability of their decision-
making processes (Attanasio et al., 2022; D’Sa
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et al., 2020). Recently, large language models
(LLMs) have emerged as promising solutions to
address these issues, demonstrating impressive po-
tential through prompting (Radford et al., 2019;
Palla et al., 2025; Kolla et al., 2024), in-context
learning (Brown et al., 2020; He et al., 2024; Chen
et al., 2024), and post-training (Ouyang et al., 2022;
Rafailov et al., 2023; Khaliq, 2024; Liu et al., 2025;
Ma et al., 2023). These methods encourage models
to explicitly generate reasoning chains for moder-
ation, improving model reliability and providing
interpretable audit trails for classification decisions
(Vishwamitra et al., 2024).

However, our extensive analysis reveals that
even state-of-the-art models, exhibit significant
confusion when encountering challenging open-
world samples. We find that these difficulties often
stem from contextually embedded "decision short-
cuts," which inadvertently mislead the model’s rea-
soning processes. For example, as illustrated in
Figure 1, when presented with the statement “Every
Indian person I know dances upon hearing music,”
a commonly-used reasoning model DeepSeek R1
(Guo et al., 2025) incorrectly categorizes this posi-
tive description as discriminatory, misinterpreting
the mention of a specific subgroup as inherently
indicative of bias. This demonstrates how subtle
contextual cues can derail the correct reasoning
pathway.

Drawing inspiration from cognitive psychology
and human expert moderation workflows (Barsalou,
2014), we observe that professional human moder-
ators routinely handle ambiguous cases by first re-
calling historically similar precedents and then syn-
thesizing insights from these analogies along with
established moderation guidelines to reach their
final decisions (Chen and Zhang, 2023). Motivated
by this cognitive analogy-based reasoning process,
we explore integrating analogical reasoning explic-
itly into the inference mechanism of LLM. An intu-
itive implementation of this concept involves com-
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Figure 1: Comparison between standard reasoning and analogical reasoning paradigm on a real harmless sample.

bining existing models with retrieval-augmented
generation (RAG) methods (Lewis et al., 2020),
which retrieve similar labeled examples from a
static dataset and incorporate them into the model’s
inference context.

Nevertheless, straightforward RAG-based ap-
proaches are inherently limited by their reliance
on static datasets, thus unable to dynamically gen-
erate optimally pertinent reference examples
tailored to each new test input. Even if RAG is
able to retrieve appropriate examples, the model
does not necessarily learn how to effectively uti-
lize these examples for analogical reasoning. Ad-
dressing this critical limitation, we propose CARO
(Chain-of-Analogical Reasoning Optimization), a
novel two-stage post-training paradigm explicitly
designed to encourage the emergence of analogical
reasoning in LLMs:

• Bootstrapped Analogical Reasoning Chain
Generation and Refinement: For each train-
ing instance, we first leverage a RAG proce-
dure on the training dataset itself, automati-
cally generating analogical reasoning chains.
We subsequently utilize these automatically
generated chains to perform supervised fine-
tuning (SFT), thus initially inducing analogi-
cal reasoning capabilities in the model.

• Analogical Reasoning Reinforcement via
Customized DPO Optimization: To further
promote and solidify the analogical reason-
ing behavior within the model, we introduce a
novel Direct Preference Optimization (DPO)-
based method specifically designed to encour-
age analogical reasoning over standard rea-
soning. This targeted optimization explicitly

incentivizes the model to generate and rely on
analogical references, thus strengthening its
analogy-driven inference process.

Once the model has been fully trained through
CARO, it requires no external retrieval or database
access at inference time. Instead, the model au-
tonomously generates reference analogical cases
based on the patterns internalized during training,
enabling self-sufficient analogical reasoning. Un-
like traditional retrieval methods, our proposed two-
stage training framework enables LLMs to dynam-
ically generate novel analogical references opti-
mally tailored to each specific test instance, rather
than relying exclusively upon static examples from
a fixed dataset (which may not always be ideally
suited to the current moderation scenario). Empiri-
cal results demonstrate that our proposed method
significantly outperforms conventional retrieval-
augmented approaches, achieving an average F1
score improvement of 24.9% on a wide range of
self-collected and open-source benchmarks.

Overall, our work connects cognitive psychology
principles with post-training optimization, produc-
ing an LLM framework that is more robust and
interpretable for content moderation in open-world
scenarios.

2 Method

The overall framework of CARO consists of two
main components as shown in Figure 2, each de-
signed to progressively enhance the model’s ana-
logical reasoning capabilities for content mod-
eration: (1) Bootstrapped Chain-of-Analogical-
Thought Generation (COAT) and SFT. (2) Ana-
logical Reasoning Reinforcement via Customized
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DPO Optimization. The following sections provide
a detailed discussion of each component, including
architectural choices, optimization objectives, and
their respective contributions to CARO ’s overall
performance.

2.1 Chain-of-analogy SFT

Bootstrapped Generation. Given the original
dataset D = {(xi, yi)}Ni=1, the objective of this
stage is to enrich each original training sample
(xi, yi) by leveraging LLMs to generate an analog-
ical reasoning chain, resulting in an augmented
triplet (xi, ri, yi), where ri denotes the gener-
ated analogical chain-of-thought. Unlike prior ap-
proaches (Liu et al., 2025) that simply generate
reasoning chains through direct prompt modifica-
tions, our method explicitly incorporates analogical
moderation cases relevant to each sample into the
reasoning context.

To accomplish this, we first retrieve reference
cases that are semantically similar to the target
training instance using a semantic similarity re-
trieval mechanism:

Nk(xi) = {(xj , yj)|j ∈ topkj′(sim(ei, ej′))},
(1)

where ei and ej′ are sentence embeddings de-
rived from the x components of the training sam-
ples (leaving out the corresponding y values)
via a pre-trained language model encoder (Multi-
Granularity, 2024), and sim represents the similar-
ity score (with cosine similarity being employed in
this paper).

The retrieved case set denoted as Nk(xi), drawn
from the existing training set, serve as concrete
analogical examples. Next, we inject these refer-
ence cases into the prompt provided to the LLM,
carefully modifying the instructions to require the
model to draw explicit analogies between the cur-
rent sample and the retrieved cases during the rea-
soning process. The prompt is thus constructed
to not only guide the model through the modera-
tion process, but also to compel it to reference and
analogize the retrieved cases in its chain-of-thought.
As a result, the LLM generates a reasoning chain
that explicitly connects the moderation rationale for
the current sample to precedent cases with similar
characteristics. This process systematically pro-
duces rich, analogically-informed reasoning traces
for each training instance (see Appendix for ex-
ample prompts). The whole generation process is

simply denoted as:

ri = M(xi,Nk(xi); θ), (2)

where M denotes the LLM used for chain-of-
thought generation. In this paper, we employ a rea-
soning model DeepSeek R1 to fully understand the
subtle connection between the target and analogi-
cal case. Chain-of-Analogy Refinement. While

the preceding generation process produces rich rea-
soning traces, there remains a non-negligible risk
that the generated chains may not always align
with the labels of the training samples, due to oc-
casional LLM hallucinations or reasoning errors
(Sriramanan et al., 2024). Such misaligned reason-
ing chains, if left uncorrected, could undermine the
reliability of subsequent SFT.

To address this challenge, we introduce a
straightforward reflection and refinement mech-
anism inspired by prior work (Ma et al., 2023).
Specifically, after generating the initial reasoning
chain for each sample, we compare the label in-
ferred from the chain-of-thought with the sample’s
ground-truth label. If a mismatch is detected, we
trigger an additional reflection step:

r̂i = Refl(xi,Nk(xi), ri; θ), (3)

Refl denotes the reflection process, which is imple-
mented by prompting an LLM once more. Instead
of providing the correct label, this time the instruc-
tions explicitly require the model to reconsider and
revise its reasoning based on the previous incorrect
reasoning results and in combination with the ref-
erence samples. The refinement process effectively
filters out erroneous or misleading reasoning traces,
thereby enhancing the integrity of the training data.
As demonstrated in our ablation studies (Table 2),
incorporating this reflective refinement step signif-
icantly improves the reliability and downstream
performance of the model.

SFT on Chain-of-Analogy Data. Following the
two preceding steps, analogical chain-of-thought
generation and reasoning refinement, we obtain an
enhanced training dataset Daug = {(xi, r̂i, yi)}Ni=1

, where each sample now consists of the original
input, a high-quality analogical reasoning chain,
and the corresponding label.

In this stage, we employ standard SFT to train
the base model on the augmented dataset:

LSFT (θ) = −
N∑

i=1

log pθ(ri, yi|xi), (4)
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Figure 2: Overall framework of CARO.

By minimizing the above objective, we obtain a
model for moderation πSFT with analogical rea-
soning ability. The model is exposed to diverse
reasoning traces derived from dynamically gener-
ated reference cases, encouraging it to internalize
analogical thinking patterns and improve its seman-
tic understanding of moderation tasks.

2.2 Analogical Reasoning Optimization with
DPO

To further enhance the model’s analogical reason-
ing abilities, we introduce a DPO stage on top of
the SFT-trained model πSFT . The primary goal
of this stage is not to further improve F1, but to
strengthen the explicitness, consistency, and inter-
pretability of the analogical reasoning chains. We
achieve this by contrasting preferred (positive) and
less-preferred (negative) reasoning traces.

Positive Reasoning Chains (r+i ) Generation.: For
each input xi, we use πSFT to generate reasoning
chains conditioned on both the input and its set
of semantically retrieved analogical cases Nk(xi)
. RAG encourages the model to reference relevant
precedent cases, yielding richer and more reliable
analogical reasoning:

r+i ∼ πSFT (r|xi,Nk(xi)), (5)

Negative Reasoning Chains (r−i ) Generation.:
In contrast, negative examples are produced by
generating reasoning chains using only the input
xi, without the benefit of retrieved analogical con-
text. These chains often lack the depth and rele-
vance of analogical reasoning and thus serve as
less-preferred examples:

r−i ∼ πSFT (r|xi), (6)

Optimization. The DPO objective is formulated
as:

LDPO(θ) = −E

[
log σ

(
β log

πθ(r
+|x)

πSFT (r+|x)

− β log
πθ(r

−|x)
πSFT (r−|x)

)]
. (7)

where σ denotes the sigmoid function and β is a
temperature hyperparameter controlling the sharp-
ness of preference distinctions. By optimizing this
objective, the model πθ is explicitly encouraged to
assign higher probabilities to high-quality, analogy-
enriched reasoning chains over less effective ones.
This contrastive alignment systematically improves
the model’s judgment in complex or ambiguous
moderation scenarios, particularly in cases requir-
ing nuanced analogical assessment. The result-
ing model, πDPO, exhibits enhanced capability
for analogy-based content moderation, demonstrat-
ing superior generalization and interpretability in
downstream evaluation.

3 Experiment

3.1 Implementation
All experiments were conducted on a single server
with 3×NVIDIA A800 (80GB) GPUs using the
LLaMA Factory framework (Zheng et al., 2024)
with DeepSpeed ZeRO-3 optimization (Rajbhan-
dari et al., 2020). For SFT, we trained the model
for 3 epochs with a learning rate of 1.0e-5 us-
ing bfloat16 mixed-precision (Micikevicius et al.,
2017), achieving an effective batch size of 48
(micro-batch size × gradient accumulation steps
× GPUs = 2 × 8 × 3). For RAG, we utilized the
32 most similar reference examples to each input
query. This was followed by DPO training at a
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Table 1: CARO on other benchmarks. “-” indicates that the dataset does not contain the category.

Dataset Qwen2.5-7B-Instruct → CARO (Ours)

Pornography Violence Bias Harmless Average

Aegis (In-Distribution) 39.6 → 75.0 43.8 → 69.1 66.4 → 78.7 89.8 → 92.3 78.7 → 87.1
OpenAI (Out-of-Distribution) 75.3 → 82.6 23.0 → 32.3 42.1 → 44.1 81.7 → 84.0 70.8 → 74.2
Toxic-Chat (Out-of-Distribution) 59.0 → 60.8 17.6 → 42.2 – 96.9 → 97.7 93.3 → 95.0

Table 2: Ablation study on different strategies.

RAG-SFT Recheck DPO F1 score CoA Ratio(%)

– – – 64.3 0.0
✓ – – 85.5(+21.2) 89.5(+89.5)
✓ ✓ – 88.8(+3.3) 93.5(+4.0)
✓ ✓ ✓ 89.2(+0.4) 99.3(+5.8)

reduced learning rate of 1.0e-6 for the same num-
ber of epochs, maintaining the bfloat16 mixed pre-
cision throughout. 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.,
2019).

3.2 Dataset

This study employs a multi-category Chinese con-
tent moderation dataset constructed by a prior work
(Ma et al., 2023). The dataset integrates real-world
business scenario data, including user posts and
interactive texts from social platforms, with public
benchmark data such as the COLD dataset (Deng
et al., 2022) for discrimination categories. It is ulti-
mately divided into 6 common harmful categories;
see the Appendix for more details.

Why we chose this dataset. The dataset contains
two challenging "difficult" subgroups as key val-
idation targets: politically sensitive content (Po-
litical Harmful) and bias content. These cate-
gories of this dataset often contain numerous se-
mantically ambiguous boundary cases in practi-
cal applications. Political content requires mod-
els to understand compliance requirements across
different cultural contexts, while biased speech
demands models to detect implicit malicious in-
tent. This design enables the dataset to thoroughly
validate different models’ reliability when han-
dling ambiguous samples in real-world applica-
tions. Additionally, we also conduct experiments
on other three commonly-used benchmarks,
namely Aegis (Ghosh et al., 2024), OpenAI-
Moderation (Markov et al., 2023), and Toxic-
Chat (Lin et al., 2023) to show CARO’s general-
ization ability.

3.3 Main Results

Overview. To rigorously evaluate the effectiveness
and advantages of our proposed CARO in handling
ambiguous and challenging moderation samples,
we systematically compare CARO against three
categories of strong baseline methods, namely,
general-purpose LLMs, specific LLMs for mod-
eration, and various post-training strategies (the
most related work to ours named Class-RAG (Chen
et al., 2024) is evaluated in this part). The overall
results are shown in Table 3. CARO outperforms
all these methods in terms of F1 scores, particu-
larly excelling in tasks with ambiguous rules such
as politically harmful content detection and biased
language identification.

Comparison with general-purpose LLMs. We
compare our approach against mainstream general-
purpose LLMs as well as reasoning-optimized mod-
els equipped with slow-thinking capabilities such
as DeepSeek R1. As shown in Table 3, increasing
the parameter size of the base model can signifi-
cantly improve moderation accuracy. For example,
Qwen2.5-32B achieves an F1 score approximately
10% higher than Qwen2.5-7B. Interestingly, we
observe a counterintuitive phenomenon: introduc-
ing slow-thinking abilities through RL with GRPO
(Guo et al., 2025) actually leads to a slight decrease
in moderation performance. For instance, the F1
score of Qwen2.5-32B drops from 74.3% (vanilla)
to 69.1% after GRPO optimization. One possi-
ble explanation is that the reasoning-augmented
models tend to introduce excessive and irrelevant
thought processes, which may interfere with the
final decision-making. In contrast, our method ex-
plicitly constrains the model to make decisions via
analogical reasoning. Experimental results show
that this approach reduces reasoning hallucinations
and improves moderation robustness.

Comparison with specialized moderation LLMs.
We further compared our model against special-
ized content moderation models, such as LLaMA-
Guard-3-8B (Inan et al., 2023). Unlike the general-
purpose LLMs discussed in the previous section,
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Table 3: Comparison of General-Purpose LLMs, Specialized Moderation LLMs, and various post-training methods.

Category Model Politics Pornography Violence Bias Gambling Harmless Average

General LLMs Qwen2.5-7B-Instruct (Yang et al., 2024) 54.9 81.9 70.0 60.1 84.3 48.8 64.3
LLaMA3-8B 58.5 55.9 81.0 65.2 90.6 44.2 67.5

GPT-4 (Achiam et al., 2023) 58.6 88.7 79.8 64.3 92.7 56.8 72.3
Qwen2.5-32B-Instruct 59.1 91.1 84.4 67.9 95.4 54.2 74.3

QwQ-32B 75.4 69.6 72.0 60.7 84.9 54.6 69.1
DeepSeek V3 79.0 90.3 89.8 70.5 95.0 62.5 80.3
DeepSeek R1 72.7 91.4 86.1 64.6 94.3 59.7 77.1

Specific LLMs LLaMA-Guard-3-8B 12.0 74.1 41.8 45.7 29.4 35.6 39.7

Post-Training Naive SFT 82.8 94.4 93.2 70.7 98.6 63.7 84.2
CoT SFT (Ma et al., 2023) 77.3 90.6 89.2 65.9 96.7 65.4 80.0

CoT SFT+RL (Liu et al., 2025) 78.3 90.0 91.0 72.3 95.4 66.3 81.6
Class-RAG (Chen et al., 2024) 74.9 83.7 91.0 68.0 90.0 56.0 75.5

Agentic ICL 66.8 87.0 77.7 67.6 91.8 54.6 72.9

Our Model CARO (Qwen2.5-7B) 89.5 93.5 97.8 81.2 98.4 74.6 89.2
CARO (Qwen3-8B) 89.7 94.5 97.4 81.4 97.2 72.3 88.8

these specialized models are post-trained on task-
specific labeled datasets. However, consistent with
previous research (Han et al., 2024) and our own
observations, we found that while these special-
ized models demonstrate strong performance on in-
distribution data , their effectiveness drops signifi-
cantly when evaluated on real-world datasets used
in this study. In fact, their performance often lags
notably behind that of the advanced reasoning mod-
els discussed in the previous part. One underlying
reason for this performance gap is the distribution
mismatch: the data used for fine-tuning these spe-
cialized models often differs substantially from the
data encountered in real commercial moderation
scenarios. Consequently, these models struggle
with domain adaptation and generalization. Addi-
tionally, the post-training methods employed for
these specialized models do not incorporate tar-
geted optimizations for nuanced moderation tasks,
such as those introduced in our approach. In con-
trast, our model is designed to handle the com-
plexities of real-world moderation, leading to im-
proved accuracy across ambiguous cases. Specif-
ically, CARO shows a 76.8% improvement over
LLaMA-Guard-3-8B in political content detection.
In biased detection, CARO outperforms LLaMA-
Guard-3-8B by 39.0% in terms of F1 score.

Comparison with various post-training strate-
gies. Finally, we evaluate the effectiveness of
CARO in comparison with existing conventional
post-training strategies. Specifically, we com-
pare CARO against the following post-training ap-
proaches:

• Naive SFT: Standard supervised learning on
labeled moderation data without explicit rea-
soning augmentation.

• Chain-of-Thought SFT (CoT-SFT): Inspired
by the latest research (Ma et al., 2023), this
strategy incorporates chain-of-thought style
rationales into SFT, but does not include ana-
logical reasoning. The reasoning chains are
limited to conventional step-by-step logic.

• Enhancing with RL, following Guard Rea-
soner (Liu et al., 2025): Building upon CoT-
SFT, this method further introduces RL to en-
hance model generalization.

All the post training related experiments are con-
ducted on Qwen2.5-7B-Instruct for limited training
resources. As shown in Table 3, CARO consistently
outperforms all these baseline strategies in terms of
overall F1 score, with especially pronounced gains
in the most challenging categories, politically sensi-
tive and biased content. This confirms the benefit of
integrating analogical reasoning into post-training.

This study systematically evaluates the perfor-
mance of various models in content moderation
tasks (Table 3). Our proposed CARO method
demonstrates significant advantages across all test
categories, particularly excelling in tasks with am-
biguous rules such as politically harmful content
detection (F1 score of 89.5%) and biased language
identification (F1 score of 81.2%). Compared to
baseline models, CARO shows a +77.5 percent-
age point improvement over LLaMA-Guard-3-8B
(12.0%) and a +16.8 percentage point improvement
over DeepSeek R1 (72.7%) in political content de-
tection. In biased detection, CARO outperforms
LLaMA-Guard-3-8B (45.7%) by +35.5 percentage
points. The experimental results demonstrate that
CARO’s overall F1 score (89.2) represents a +5.0
percentage point improvement over the second-best
model (Naive SFT, 84.2), confirming the effective-
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ness of this method for content moderation.
Additionally, we compared our approach against

the recently proposed Class-RAG method (Chen
et al., 2024), which leverages RAG to boost perfor-
mance. While Class-RAG demonstrates improve-
ments over standard base models, particularly on
general cases, it still falls significantly short in the
more difficult subcategories. A likely limitation is
that conventional RAG methods are restricted to
referencing a static pool of existing samples, lack-
ing the capacity to dynamically generate the most
contextually relevant analogical cases for unseen
test instances (See detail in Table 5).

Moreover, we also conducted experiments with
an alternative workflow (Agentic ICL in Table 3),
where an auxiliary model first generates reference
cases which are most related to the target sentence,
and then the main model performs moderation by
drawing analogies to these references without any
end-to-end optimization. Our results show that
without joint optimization, the model struggles to
learn high-quality analogical behaviors and how to
effectively utilize these examples, leading to less
robust moderation outcomes.

3.4 Ablation Study
CARO comprises three key components as shown
in Figure 2:

(1) Bootstrapped COAT: The model initially
generates analogical reasoning chains in a self-
supervised manner. (2) Chain-of-Analogy Re-
finement and SFT: Since the initially generated
reasoning chains may not always align with the
ground-truth labels, we introduce a reflection and
refinement stage guided by supervised signals. This
step fine-tunes the reasoning process to improve
alignment with true labels. (3) Analogical Rea-
soning Optimization with DPO: Finally, we in-
corporate DPO to further reinforce the analogical
reasoning process.

In this part, we conduct ablation experiments
to dissect the effectiveness of each optimization
strategy.

As shown in Table 2, each of these key steps
leads to a considerable improvement in the over-
all F1 score, which underscores their importance
in the proposed framework. Our phased analysis
reveals systematic gains at each stage. Specifi-
cally, Initial SFT using DeepSeek R1-generated
reasoning chains on Qwen2.5-7B increases over-
all F1 score from 64.3% to 85.5%, with F1 score
of political-harm content increasing from 58.6%

to 87.2%, validating the effectiveness of chain-of-
analogy fine-tuning for semantic understanding.

Subsequent DPO alignment led to a modest
improvement in F1 score, while significantly in-
creasing the Chain-of-Analogy Ratio (CoA Ra-
tio), which is defined as the proportion of test
cases containing explicit analogical reasoning,
as quantified in Table 2. Relative to the limited
improvement in the F1 score, this further stimu-
lates the model’s emergent ability for analogical
reasoning, making the analogical reasoning chains
more explicit and consistent.

The ablation confirms that each stage contributes
to the final performance, with the gains accumulat-
ing across the pipeline.

3.5 Discussion

CARO on other benchmarks. To further demon-
strate the generalizability of our approach, we con-
ducted experiments not only on our primary dataset
which contains a high proportion of ambiguous
samples, but also on several widely-used public
datasets. Since the primary dataset is in Chinese
and the public benchmarks are in English, we eval-
uate generalization separately for each language.
The results below report English-language exper-
iments, while the Chinese results appear in Ta-
ble 3. Specifically, we used the training split of
the Aegis dataset (6,753 valid training samples af-
ter cleaning) to train a Qwen2.5-7B model with
our proposed method. After training, we evalu-
ated the model both in-distribution on the Aegis
test set and out-of-distribution on two additional
datasets: OpenAI-Moderation (Markov et al., 2023)
and Toxic-Chat (Lin et al., 2023). As shown by the
results in Table 1, our approach boosts the average
F1 score on the in-distribution Aegis test set from
78.7% to 87.1%, a substantial improvement. Our
method also achieves notable gains on the out-of-
distribution datasets, despite never being trained
on any data from these sources. These results sug-
gest that the analogical reasoning learned by CARO
transfers across datasets and languages.

Inference Cost Analysis. Generating analogical
chains during decoding introduces additional to-
kens compared to standard reasoning. In our exper-
iments with Qwen2.5-7B-Instruct, CARO produces
on average 332.9 extra tokens per example, while
achieving an average F1 improvement of 24.9%.
This corresponds to roughly 13.4 extra tokens per
1-point F1 gain. Compared with conventional RAG
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methods, CARO avoids the cost of encoding and
searching an external database at inference time,
since all analogical behavior has been internalized
into the model parameters during training.

4 Related Work

Retrieval-Augmented and Agentic Approaches.
Our approach is closely related to two recent re-
search lines. Class-RAG (Chen et al., 2024) di-
rectly integrates RAG with the model to enhance
content moderation by injecting retrieved exam-
ples into the model’s context. However, it cannot
generate novel, adaptive analogies tailored to un-
seen test samples, as the analogical reasoning is
constrained by the retrieval database. Agentic-
RAG paradigms such as Search R1 (Jin et al.,
2025) combine rule-based rewards and reinforce-
ment learning to let the model decide when and
what to retrieve. While this introduces retrieval
autonomy, the retrieved cases are still drawn from
a fixed database and share similar limitations. In
our early experiments, we also explored integrat-
ing analogical reasoning with end-to-end RL with
GRPO (Guo et al., 2025), but without carefully de-
signed constraints, unconstrained RL struggled to
guide the model toward effective analogical reason-
ing behaviors. We leave more advanced RL-based
analogical reasoning as future work.

Content Moderation with Prompting LLMs.
A straightforward approach leverages powerful
LLMs directly as zero-shot or few-shot modera-
tors, relying solely on carefully engineered prompts
without any further model updates (Kumar et al.,
2024). For instance, models such as GPT-4 or
Claude can be instructed to detect inappropriate or
unsafe content by providing detailed moderation
policies within the prompt. Such methods are at-
tractive for their simplicity, adaptability, and low
resource requirements. However, recent studies
(Kumar et al., 2024) report that pure prompting
often struggles with nuanced or adversarial cases,
especially when moderation guidelines are com-
plex or ambiguous.

Content moderation based on LLM Post-
training . To address the limitations of above
approaches, a growing body of work explores post-
training methods to align LLMs for content moder-
ation. Notable examples include the LLaMA Guard
family (Inan et al., 2023), fine-tuned from LLaMA2
(Touvron et al., 2023), LLaMA3 and LLaMA3.1
(Grattafiori et al., 2024), respectively. LLaMA

Guard pioneered the use of dedicated LLM-based
guardrails for human-AI interactions. Similarly,
WILDGUARD (Han et al., 2024) advances the
field by introducing the first LLM-based moder-
ator to explicitly assess both response harms and
refusal behavior, improving adversarial robustness
and outperforming prior tools in jailbreak detection.
Other recent systems, such as Aegis (Ghosh et al.,
2024), MD-Judge (Li et al., 2024), and Shield-
Gemma (Zeng et al., 2024), are trained on diverse
safety datasets and policies to provide more reliable
binary or categorical harm assessments.

5 Conclusion

In this work, we introduced CARO, an analogi-
cal reasoning optimization framework designed to
enhance content moderation accuracy and robust-
ness. Through extensive experiments on both in-
distribution and out-of-distribution datasets, CARO
demonstrated significant improvements over both
general-purpose and retrieval-augmented baselines.
Case studies further illustrate that CARO ’s gener-
ated analogical references are more semantically
aligned with the input, allowing for nuanced and
context-aware moderation decisions. Our results
highlight the effectiveness of analogical reasoning
in reducing hallucinations and improving general-
ization in challenging moderation scenarios.

Limitations

While CARO shows promising performance, sev-
eral limitations remain. First, although CARO re-
duces reasoning hallucination, there is potential for
the model to generate misleading analogies in edge
cases, which could affect moderation reliability.
Additionally, the current framework has been eval-
uated primarily on text-based content moderation
tasks; extending CARO to multi-modal or real-time
moderation settings warrants further investigation.
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A Appendix

A.1 Example Prompts

A.1.1 Analogical Chain Generation Prompt

The prompt used for generating analogical reason-
ing chains (as referenced in Section 2.1) is:

Task: Assume you are a professional content
moderator. Assess the harmfulness of the fol-
lowing content and classify it into exactly one of
these categories: [Political Harmful, Pornography,
Violence, Bias, Gambling, Harmless].

Instructions:

1. Provide a detailed "Analysis Process" explain-
ing the reasoning for classification using chain-
of-thought

2. Extract the "Harmful Content" from the sen-
tence

3. Provide the "Classification Result"

Format Requirements:

• Response must follow this three-part format:
’Analysis Process’, ’Harmful Content’, ’Classi-
fication Result’

• You may reference "Example Cases" if avail-
able (note they may not always be accurate)

• Any referenced examples should be reflected in
your final response

A.1.2 Reflection & Refinement Prompt

The prompt used for the reflection process (as ref-
erenced in Section 2.1) is:

Task: Assume you are a professional content
moderator. Assess the harmfulness of the fol-
lowing content and classify it into exactly one of
these categories: [Political Harmful, Pornography,
Violence, Bias, Gambling, Harmless].

Instructions:

1. Provide a detailed "Analysis Process" explain-
ing the reasoning for classification using chain-
of-thought

2. Extract the "Harmful Content" from the sen-
tence

3. Provide the "Classification Result"

Additional Context:

• Your original response was: {item[’response’]}
• Please reflect and provide a final answer
• Do not explicitly mention reflection in your

final output

Format Requirements:

• Response must follow three-part format: ’Anal-
ysis Process’, ’Harmful Content’, ’Classifica-
tion Result’

• You may reference "Example Cases" if avail-
able (note they may not always be accurate)

• Any referenced examples should be reflected in
your final response

Table 4: Dataset Splits and Distribution

Category Total Train Test

Politics 4,378 1,200 250
Pornography 2,519 1,200 250
Violence 1,472 1,200 250
Bias 1,978 1,200 250
Gambling 2,079 1,200 250
Harmless 2,129 1,200 250

A.2 Dataset Details
A.2.1 Category Definitions
The dataset contains 6 categories of harmful con-
tent (as referenced in Section 3.2):

Politics
Content that violates political compliance re-
quirements or contains sensitive ideological
elements across different cultural contexts.

Pornography
Sexually explicit content intended to cause
arousal.

Violence
Content that promotes, glorifies, or threatens
physical harm.

Bias
Content containing discriminatory generaliza-
tions or stereotypes about specific groups.

Gambling
Content promoting or facilitating gambling
activities.

Harmless
Content that does not fall into any harmful
categories.

A.2.2 Dataset Statistics
We repartition the original dataset to balance cat-
egory distributions, mitigating training bias and
ensuring fairer evaluation, as shown in table 4

A.2.3 Data Preprocessing
The dataset was split into 7,200 training samples
and 1,800 test samples at an 8:2 ratio, ensuring bal-
anced distribution across categories. The raw data
underwent multiple processing steps to enhance
quality and diversity: Since duplicated samples
cause models to overfit spurious patterns without
improving generalization, we employed pretrained
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text encoders to generate sentence embeddings, per-
formed cosine-similarity-based clustering for each
category and selected the most representative sam-
ple from each cluster. This rigorous deduplication
prevents the model from being misled by repetitive
but uninformative data variations.

A.3 Why CARO works: a view from case
study

Table 5 presents several examples where our
method successfully classified cases that the Class-
RAG (Chen et al., 2024) approach failed to handle.
By examining these specific cases, we can better
understand why our CARO framework is effective.
Taking the first row as an example, CARO gener-
ates reference cases that directly highlight biased
generalizations and stereotyping (key information
is highlighted with red color), which are semanti-
cally aligned with the original sentence’s pattern of
associating entire groups with certain traits. This
analogy enables the model to correctly flag the
sentence as bias. In contrast, references retrieved
in static training set is only tangentially related
and fails to capture the core issue of stereotyping,
leading to misclassification . In the second row,
CARO provides references that mirror the structure
of the original statement, questioning why a spe-
cific region is mentioned but without introducing
negative stereotypes. This helps the model recog-
nize that the statement, while potentially awkward,
is not inherently biased. The RAG method, how-
ever, retrieves references with explicit negativity
or discrimination, potentially leading the model to
over-moderate harmless content.

Across these cases, CARO consistently surfaces
analogies that are structurally and semantically
aligned with the key issues in the input, whether it
is discrimination, stereotyping, or neutrality. This
enables robust, context-sensitive moderation. In
contrast, baseline methods often surface off-topic
or misleading references, resulting in suboptimal
decisions.
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Table 5: Case Study: CARO vs. baseline reference retrieval in content moderation.

Sentence Label Reference (CARO generated) Reference(Qwen2.5-7B-Instruct)

I feel that whenever Africa is mentioned, it is in-
stinctively linked to poverty and disease, and Dubai
is associated with wealth. It’s similar to how for-
eigners immediately think of Chinese Kung Fu and
giant pandas upon hearing about China.

Bias "Black people are all lazy", "In-
dians are all liars", "Regional
discrimination against North-
east people"

"At that time, Asians inspired Africa
and Latin America. In Egypt, yellow -
skinned people were respected for defeat-
ing white - skinned people."

Just talk about the roommate. Why bring up the
roommate from Inner Mongolia? What’s the point?
This can easily come across as overgeneralizing and
unfriendly...

Harmless "Why don’t you say it’s from
Guizhou?", "Isn’t it from
Jiangxi?"

"There are many black intermediaries and
annoying second-landlords from North-
east China in Beijing", "Aren’t people
from Northeast China generally straight-
forward? Why is it like this...?"

The accent of the Chinese Korean ethnic group is
closer to the Korean language of North Korea rather
than that of South Korea, right [Surprise]

Harmless "The Chinese pronunciation of
North Koreans is related to the
Korean language"

"Don’t be overly feminist about every-
thing", " South Korean international stu-
dents have extremely low quality", "Some
South Koreans indeed have extremely low
quality"

The Anti Bar leans to the left. Why are there so
many posts in the Anti Bar that look down on black
people? Isn’t discriminating against black people a
typical characteristic of the right wing?

Bias "Why are black people discrim-
inated against?", "Black people
are all lazy"

"At that time, Asians inspired Africa
and Latin America. In Egypt, yellow-
skinned people were respected for defeat-
ing white-skinned people."
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