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Abstract

As social media grows, harmful information
spreads rapidly across platforms and evolves
over time, showing cross-platform and cross-
temporal variations. Existing methods rely on
fixed model parameters during training, which
fail to handle substantial semantic discrepan-
cies, leading to Out-Of-Distribution (OOD)
problems. While test-time tuning enables dy-
namic parameter adjustment, it may lead to ex-
cessive adaptation to individual samples. The
key challenge is how to adapt to semantic vari-
ations during testing while preventing overfit-
ting from continuous tuning. To tackle this is-
sue, this paper proposes RLAT, a reinforcement
learning (RL)–guided adaptive tuning method
for harmful text detection. First, a tuning joint
optimization module is designed to update pa-
rameters and adapt to semantic variations dur-
ing testing. It tunes the model by optimizing
consistency loss and applying word-level atten-
tion constraints to reduce over-reliance on local
words and learn a more robust global represen-
tation. Then, to mitigate overfitting caused by
continuous tuning, a RL–guided adaptive de-
cision model is introduced to direct the tuning
process. It reduces the influence of local sam-
ples by selecting data and controlling parame-
ter updates, thereby improving overall test per-
formance. Experimental results show that the
RLAT outperforms state-of-the-art baselines
in cross-platform and cross-temporal scenarios
across multiple public datasets.

1 Introduction

With the rapid growth of social media, harmful
content in the form of subtle satire and metaphors
spreads across various platforms, evolving and iter-
ating continuously over time (Fortuna and Nunes,
2018). As shown in Figure 1, users on platforms
A and B respectively focus on using terms like
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Platform A Platform B

Drama princess.

Feminist.

XXN.

A maid’s life.
Tier 0.

Femoid.

Fight like a boxer.

Throw punches.

Period 1 

Period 2

Wannabe queen.

Figure 1: Examples of cross-platform and cross-
temporal variations in harmful content.

"wannabe queen" and "feminist" to express gender-
based antagonism, which then evolve into more
covert and confrontational forms such as "Tier 0"
and "xxn." "Tier 0" refers to radical feminists and
"xxn" means "little fairy," both of which are used
as derogatory terms against women in hostile or
offensive contexts. These cross-platform and tem-
poral differences lead to distribution shifts between
the training and testing domains. Therefore, adap-
tively calibrating semantic representations during
the testing phase to eliminate distribution shifts and
achieve early detection of harmful text is crucial
for purifying the online environment.

Existing methods for harmful text detection
are primarily centered around contrastive learn-
ing, causal modeling, and knowledge-enhanced
approaches. Contrastive learning and causal model-
ing improve generalization by extracting platform-
independent features and true causal relationships
within harmful semantics (Khondaker et al., 2023;
Jiang, 2025). Knowledge-enhanced methods lever-
age dynamic knowledge graphs to enable the model
to incorporate external semantic information be-
yond the training distribution (Xiang et al., 2025).
Moreover, test-time tuning has emerged as an
online adaptation method that allows model pa-
rameters to be updated during the testing phase
(Liang et al., 2025). Recent studies generate high-
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confidence pseudo-labels from test samples and
perform semi-supervised optimization to enhance
the model’s generalization ability on unseen topics
(Gu et al., 2025).

However, above methods still struggle to adapt
to distribution shifts at test time. First, most exist-
ing harmful text detection methods rely on fixed
model parameters during training, which limits
their ability to adapt to evolving data distributions
and emerging harmful patterns. Second, although
test-time tuning allows online parameter adapta-
tion, current approaches typically apply a uniform
strategy across all test samples. Continuous pa-
rameter tuning can lead to overfitting on individual
samples, weakening the model’s robustness to the
overall test data. Thus, the key challenge is how
to dynamically adjust the model during testing and
reduce the negative impact of continuous tuning.

To resolve the issues, this paper proposes RLAT,
a RL–guided adaptive tuning method for harmful
text detection. It optimizes model parameters dur-
ing the testing phase and introduces a decision
model to guide the tuning process, thus improv-
ing the model’s adaptability to OOD data. First,
a tuning joint optimization module is designed to
update model parameters and adapt to semantic
variations during testing. It tunes the model by
optimizing consistency loss and applying word-
level attention constraints to reduce over-reliance
on local words and learn a more robust global rep-
resentation. Second, to mitigate overfitting caused
by continuous tuning, a RL–guided adaptive deci-
sion model is introduced to adaptively direct the
tuning process. This model selects samples for
tuning and controls parameter updates based on
text semantics and emotional features, thereby im-
proving overall test performance. Experimental
results show that the RLAT outperforms current
state-of-the-art baselines on both cross-platform
and cross-temporal datasets.

In summary, the contributions of this paper are
summarized as follows:

• To the best of our knowledge, we are the first
to introduce a test-time tuning mechanism into
harmful text detection.

• A RL–guided adaptive decision model is in-
troduced to dynamically control the tuning
process. By selecting samples for tuning and
controlling parameter updates, it mitigates the
performance degradation caused by continu-
ous tuning.

• We construct multiple OOD harmful text
detection scenarios based on multiple pub-
lic datasets, including cross-platform and
cross-temporal scenarios. Extensive experi-
ments demonstrate that the proposed method
achieves state-of-the-art performance, with
improvements of up to 8.94% and 5.66% in
cross-platform and cross-temporal settings.

2 Related Work

Existing methods for detecting harmful text focus
on three main aspects: feature-based approaches,
pre-trained model approaches, and Large Language
Model (LLM) approaches (Zeng et al., 2025; Qiu
et al., 2025). Feature-based methods extract harm-
ful information by jointly modeling lexical, syntac-
tic, semantic features, and user behavior patterns
(Gitari et al., 2015; Chen et al., 2012). Pre-trained
model methods involve further training and adapta-
tion of models like BERT to improve detection per-
formance in specific task scenarios (Caselli et al.,
2021; Sarkar et al., 2021). LLM-based methods
primarily focus on the study of harmful seman-
tic reasoning. Yao et al. (2025) systematically ex-
plored the reasoning nature of harmful detection
for the first time, by designing and comparing step-
by-step and non-step-by-step reasoning methods.
Yang et al. (2025) modeled harmful text into three
reasoning dimensions: language, context, and emo-
tion, and introduced a multi-dimensional reward
model to optimize the model’s understanding of
harmful information. The above methods achieve
strong performance in specific task settings. How-
ever, as the expression and semantics of harmful
text evolve across platforms and over time, they
often struggle with the resulting distribution shifts
and perform poorly in OOD scenarios.

To improve generalization, contrastive learn-
ing (Kim et al., 2022), causal modeling (Zhang
et al., 2023; Sheth et al.), and knowledge enhanced
(Lu et al., 2024; Sridhar and Yang, 2022) have
been adopted to mitigate distribution shifts. Con-
trastive learning methods improves the cross-
platform detection ability of harmful text by align-
ing samples in the embedding space. Khondaker
et al. (2023) proposed a meta-learning-based do-
main generalization method using gradient align-
ment to learn platform-invariant features. Ahn
et al. (2024) shared semantics from training data
as positive samples for contrastive learning, im-
proving generalization while reducing annotation
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Figure 2: Architecture of the proposed method, comprising two components: (i) Test-Time Joint Tuning, which
tunes model parameters in cross-platform scenarios through a joint optimization method; (ii) Reinforcement
Learning–Guided Adaptive Decision Model, which mitigates performance degradation caused by continuous tuning
by performing data selection and controlling parameter updates during tuning.

costs. Causal modeling methods mainly uncover
the true causal relationships in harmful text. Jiang
(2025) constructed positive sample sets from train-
ing prediction errors to mitigate spurious correla-
tions. Sheth et al. (2023) introduced causal cues
of emotional offensiveness to guide representation
learning. Knowledge-enhanced methods improve
generalization by incorporating external knowl-
edge. Xiang et al. (2025) utilized a dynamic knowl-
edge graph to reduce knowledge noise and con-
flicts, enabling fine-grained. Zhao et al. (2025)
constructed a meta-knowledge graph for harmful
content, injecting domain knowledge into LLMs
through graph retrieval and ranking mechanisms.

The above methods rely on fixed parameters dur-
ing training, which limits the model’s adaptability
to the test data. Existing research has introduced a
test-time tuning mechanism that adjusts the classi-
fier using high-quality supervised signals (Gu et al.,
2025). However, this continuous parameter updat-
ing method may overfit to specific samples. This
paper proposes a RL–guided adaptive tuning to mit-
igate overfitting resulting from continuous tuning.

3 Preliminary

OOD harmful text detection aims to address data
shift across platforms or time periods, improving
the model’s early detection capabilities. Given
source data NP and target data NT , where each
text has a label yi ∈ 0, 1 (1 for harmful, 0 for ap-
propriate), a model is trained on NP and evaluated
on NT . This paper proposes a RL–guided adaptive
tuning method, which dynamically adjusts model
parameters during testing to improve adaptability
to unknown distributions.

4 Methodology

4.1 Test-Time Joint Tuning

Different platforms and time periods exhibit con-
siderable variations in topic content and emotional
expression. As shown in Figure 2, Platform A fo-
cuses on topic-oriented discussions, whereas Plat-
form B centers on emotionally aggressive language,
causing semantic shifts across platforms. For exam-
ple, "tank" denotes a game character on Platform A
but is used to demean physical appearance on Plat-
form B, leading to cross-platform detection errors.
Therefore, a local dependency suppression tuning
method is introduced to mitigate over-reliance on
local lexical features for semantic shift adaptation.
It optimizes the consistency loss and applies word-
level attention constraints to reduce the model’s
sensitivity to high-attention words, resulting in
more robust global sentence representations.

First, high-attention clauses are extracted by
segmenting the input text into clauses and com-
puting word-level attention weights using the en-
coder. Clauses containing words with high atten-
tion scores are selected as high-attention clauses
and used as negative samples. The model is then
regularized to push the representations of these
high-attention clauses away from the global sen-
tence representation (Liu et al., 2025). The loss
function is calculated as follows:

Lcl =
1

|N |
∑

i∈N
max

(
0, cos

(
hatt
i ,hs

i

)
−m

)
, (1)

where hatt
i and hsi are the representations of the

high-attention clause and global sentence, cos(·) is
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the cosine similarity, m is a distance hyperparame-
ter, and Lcl is the word-level attention loss.

Then, we introduce a consistency loss function
to reduce the model’s sensitivity to local pertur-
bations in sentences. By minimizing the model’s
representations across different input perturbations,
the model can produce consistent predictions when
exposed to various input disturbances. The calcula-
tion is as follows:

Lco =
1

|N |

|N |∑

i=1

∥h1
i − h2

i ∥22, (2)

where h1i and h2i are the sentence representations
under different dropout perturbations. Lco is the
consistency loss. Finally, the word-level atten-
tion constraint Lcl and the consistency loss Lco

are jointly optimized:

L = αLcl + (1− α)Lco, (3)

where α is the weighting factor, and L is the joint
optimization objective.

4.2 RL-Guided Adaptive Decision Model
Existing test-time tuning methods apply a uniform
strategy for all test samples, which may fail to
handle noisy or anomalous data and may impair
model performance. To address this, we propose
an adaptive test-time tuning strategy that dynam-
ically selects the samples involved in tuning and
adjusts the parameter update strategy via a decision
model. Specifically, the decision model is trained
on the validation set using RL, and then dynam-
ically controls the tuning process at test time. It
leverages semantic and emotional features to se-
lect samples and adaptively adjusts selection and
update strategies based on tuning feedback.

As shown in Figure 2, the tuning process is
formulated as a reinforcement learning problem,
where each batch of samples is treated as an inde-
pendent decision-making task. At each time step
t, the decision model selects an action at accord-
ing to the current state st and obtains a reward rt
following the tuning step.

State. For state representation, three compo-
nents are considered: the pooled embedding of the
samples ht, the standard deviation of sentiment
scores σt, and the prediction confidence ct. The
pooled embedding ht captures the contextual se-
mantics of the samples within the batch, the stan-
dard deviation of sentiment scores σt reflects emo-
tional fluctuation and textual uncertainty, and the

prediction confidence ct measures the certainty
of the current model predictions. These features
capture the multi-dimensional characteristics of
the text and facilitate dynamic sample selection.
Specifically, the state st is defined as follows:

st = {ht,σt, ct} , (4)

σj =

√√√√ 1

K

K∑

k=1

(ek − µ)2, (5)

where σj is the j-th text in a batch, K is the number
of words, ek the sentiment score of the k-th word,
and µ the mean word-level sentiment score.

Action. The action at consists of the sample
selection ratio srt and the parameter reset probabil-
ity rpt. Specifically, the decision model randomly
selects text from the current batch Bt based on the
sample selection ratio, and then feeds the data into
the prediction model for parameter updates and pre-
diction (Sec. 4.1). Finally, the model determines
whether to roll back the prediction model’s param-
eters to their state prior to the current batch based
on the reset probability rpt.

at = {srt, rpt} , srt, rpt ∈ [0, 1]. (6)

Reward. The reward rt is measured by the per-
formance difference before and after tuning. This
encourages the decision model to adopt tuning
strategies that lead to performance improvements.
The calculation is as follows:

rt = λ1∆Acc(θ+t , θ
−
t ) + λ2∆F1(θ+t , θ

−
t ), (7)

where λ1 and λ2 are weighting factors, and θ+t and
θ−t denote the parameters after and before tuning.

Objective Function. The policy network is op-
timized using a proximal algorithm with a clipped
objective for stability (Schulman et al., 2017).

Lw = E
[
min(ρÂ, clip(ρ, 1− ϵ, 1 + ϵ)Â)

]
, (8)

where ρ is the probability ratio between current and
old policies, Â the advantage function from gen-
eralized advantage estimation, and ϵ the clipping
hyperparameter.

5 Experiments

5.1 Datasets
To evaluate performance in OOD scenarios, this
paper constructed two types of evaluation datasets:
cross-platform and cross-temporal. As shown in
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Dataset Total #Harm %Harm Avg.L

Bilibili 4543 2294 50.50 41.22
Cross Tieba 4107 2359 57.44 37.26

Platform Weibo 8769 2943 33.56 70.69
Zhihu 9716 3038 31.27 51.08

2012–2017 697 199 28.55 67.60
Cross 2018 1695 384 22.65 64.00

Temporal 2019 1592 556 34.92 74.12
2020 4785 1804 37.70 72.38

Table 1: OOD dataset statistics: Total samples, #Harm
(number of harmful texts), %Harm (percentage of harm-
ful texts), and Avg.L (average text length).

Table 1, the cross-platform dataset includes four
social media platforms: Tieba, Zhihu, Weibo, and
Bilibili, all derived from four publicly available
datasets: ToxiCN (Lu et al., 2023), CDIAL-BIAS
(Zhou et al., 2022), SWSR (Jiang et al., 2022),
and TE-Dataset (Zhou et al., 2025). The cross-
temporal dataset, based on Weibo post dates, is
divided into four periods: 2012–2017, 2018, 2019,
and 2020. In addition, the A-Distance value was
calculated to quantify the differences between data
from different sources (Ben-David et al., 2006).
Detailed results are presented in Appendix A.2, re-
vealing substantial discrepancies in cross-platform
and cross-temporal data.

5.2 Baselines
Four types of methods were compared: pre-trained
language models, causal and contrastive learning,
test-time tuning, and LLM-based methods. The
specific methods are detailed below:
Pre-trained language models

• BERT (Devlin et al., 2019): It is pre-trained
via bidirectional encoding with masked lan-
guage modeling and next-sentence prediction.

• RoBERTa (Liu et al., 2019): It improves
BERT’s training with dynamic masking,
larger datasets, and longer training.

Causal and contrastive learning methods

• CCL (Jiang, 2025): It constructs positive sam-
ples from training prediction errors and aligns
them in the representation space to mitigate
reliance on spurious features.

• SCL-Fish (Khondaker et al., 2023): It uses
gradient matching to extract invariant fea-
tures, while supervised contrastive learning
enhances task-specific representations.

Test-time tuning methods

• ConDA-TTT (Gu et al., 2025): It generates
high-quality pseudo-labels at test time and up-
dates classifier parameters to improve adapt-
ability in unseen domains.

• ATTA-HC (Liang and Chen, 2025): It parti-
tions parameters into shared and specific sets,
updating only the specific ones at test time.

LLM-based methods

• LLM Few-Shot: This paper evaluates vari-
ous LLMs in harmful text detection using a
few-shot approach, detailed in Appendix A.7.
The specific LLMs include GPT-4o (OpenAI,
2025), LLaMA3-8B (Meta, 2024), DeepSeek-
V3.2 (DeepSeek-AI et al., 2025), GLM-4.6
(ChatGLM, 2025), and Qwen3-Max (Tongyi,
2025).

• MetaTox (Zhao et al., 2025): It builds a harm-
ful content knowledge graph and injects it
during reasoning.

• Sarcasm-R1 (Yang et al., 2025): It decom-
poses harmful text understanding into lan-
guage, context, and emotion, and applies dif-
ferent reward models for multi-step reasoning.

5.3 Implementation Details

In our implementation, we adopt BERT as the back-
bone encoder to obtain sentence-level representa-
tions, which are then passed to a multilayer percep-
tron (MLP) for final classification.

The proposed method constructs sentiment-
aware features by first assigning sentiment scores
to each sentence using a general-purpose sentiment
lexicon, and then computing the standard deviation
of these scores within each sentence as a statisti-
cal indicator of sentiment fluctuation. This feature
construction process does not involve any classifier
training or target-domain parameter adaptation, and
does not rely on test labels. The sentiment lexicon
is a general resource independent of the dataset,
and the computation is label-agnostic, without in-
troducing test set information leakage or additional
data advantage over baselines.

During training and evaluation, all parameters
of the MLP are optimized. The dropout rate of the
MLP is set to 0.5, while the weight factor α is set
to 0.4. The balancing coefficients λ1 and λ2 are
set to 0.4 and 0.6, respectively. The reset threshold
is set to 0.6, and the clipping parameter ϵ is set to
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Training Set Tieba Zhihu

Test Set Zhihu Weibo Bilibili Tieba Weibo Bilibili

Method Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

BERT 62.76 56.18 64.37 61.29 87.13 87.62 72.87 77.01 51.65 56.44 73.76 77.45
RoBERTa 61.07 55.59 66.82 61.70 88.34 88.64 72.91 78.04 52.77 55.63 76.81 78.85

CCL 67.87 55.65 67.35 60.27 91.78 91.80 72.04 77.65 55.20 56.89 75.37 78.08
SCL-Fish 63.33 56.10 66.87 62.78 91.08 91.47 71.15 78.10 54.90 57.69 75.64 77.90

ConDA-TTT 64.35 57.15 64.92 62.58 92.01 92.16 73.22 77.94 60.22 57.94 74.63 76.80
ATTA-HC 57.39 43.12 66.95 60.22 91.30 91.68 72.66 77.90 54.45 57.26 76.49 79.11

RLAT 69.22 58.01 69.25 62.06 92.37 92.50 74.25 78.88 61.02 58.20 77.61 79.71
Improve 1.99 1.50 2.82 -1.15 0.39 0.37 1.41 1.00 1.33 0.45 1.04 0.76

Training Set Weibo Bilibili

Test Set Tieba Zhihu Bilibili Tieba Zhihu Weibo

Method Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

BERT 60.58 50.95 64.72 48.88 67.93 58.75 85.89 86.77 64.35 57.25 66.14 62.40
RoBERTa 61.63 53.88 66.13 49.14 67.70 59.22 86.16 87.37 65.37 56.91 67.41 63.44

CCL 62.98 56.40 68.59 48.87 68.96 60.68 88.78 89.57 67.28 57.44 69.46 62.77
SCL-Fish 63.21 57.85 67.14 49.98 68.05 58.60 88.46 89.27 66.35 58.04 68.11 62.50

ConDA-TTT 61.49 53.77 66.53 48.39 70.48 64.53 89.54 90.42 67.55 57.90 69.49 64.01
ATTA-HC 61.50 53.66 68.68 47.80 68.94 58.04 88.98 89.81 59.72 43.49 67.92 62.82

RLAT 64.83 60.16 68.09 50.45 71.42 66.20 90.05 91.11 73.59 58.88 71.53 64.78
Improve 2.56 3.99 -0.86 0.94 1.33 2.59 0.57 0.76 8.94 1.45 2.94 1.20

Table 2: Comparison of cross-platform harmful text detection performance in terms of Accuracy(%) and F1 score(%).
Bold values indicate the best performance, underlined values indicate the second-best performance. "Improve"
represents the relative improvement of the proposed method over the second-best method.

0.1. More complete training details are provided in
Appendix A.4.

For LLM-based evaluation, we uniformly sam-
ple 1,000 instances from each platform, with fur-
ther details provided in Appendix A.3. Classifica-
tion performance is reported in terms of accuracy
and binary F1 score, averaged over five runs with
different random seeds.

5.4 Cross-Platform Comparative Analysis
Table 2 shows the comparison results of the pro-
posed method with pre-trained models, causal and
contrastive learning, and test-time tuning methods
in cross-platform scenarios. The proposed method
achieves the best performance in the vast majority
of experiments. Notably, a substantial improve-
ment is observed when transferring from Bilibili to
Zhihu. The accuracy and F1 score reach 73.59%
and 58.88%, representing a relative increase of
8.94% and 1.45% compared to the second-best
method’s 67.55% and 58.04%. Meanwhile, the A-

Distance score for both platforms is 1.48, reflecting
a substantial difference in distribution. From the
perspective of textual characteristics, Bilibili posts
are shorter, more emotional, context-dependent,
and aggressive. In contrast, Zhihu posts use stan-
dard vocabulary, show lower emotional intensity,
and focus on discussion and opinion expression.
The proposed method achieves relative gains of
8.94% and 1.45% in accuracy and F1 score. This
improvement demonstrates that adaptive data selec-
tion and parameter updates via the decision model
enable performance-driven tuning strategies, fur-
ther enhancing model’s cross-platform adaptability.
More example analyses are in Appendix A.1. More-
over, ConDA-TTT outperformed all baselines in
five scenarios, further demonstrating the effective-
ness of test-time tuning methods.

5.5 Cross-temporal Comparative Analysis
Table 3 shows the comparative results of the pro-
posed method with pre-trained models, causal and
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Training Set 2012-2017 2018 2019

Test Set 2018 2019 2020 2019 2020 2020

Method Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

BERT 76.67 56.40 73.03 65.68 71.97 66.19 75.78 69.44 74.13 69.77 75.77 70.62
RoBERTa 80.94 60.38 77.76 70.01 73.57 66.67 75.88 65.86 74.52 67.60 76.63 70.59

CCL 81.96 57.52 78.82 67.78 74.60 66.29 77.68 64.43 75.48 64.39 76.79 69.50
SCL-Fish 79.02 56.76 78.13 68.44 75.04 68.77 76.33 68.74 75.80 68.86 75.75 71.18

ConDA-TTT 81.75 55.67 78.20 70.16 75.80 68.32 76.57 66.81 75.90 69.56 75.80 70.50
ATTA-HC 81.36 58.01 78.56 68.46 75.92 68.19 75.13 67.41 76.80 69.67 76.53 69.22

RLAT 82.60 63.80 80.00 73.58 76.28 70.23 78.93 72.43 77.74 70.04 77.43 71.65
Improve 0.78 5.66 1.50 4.87 0.47 2.12 1.61 4.31 1.22 0.39 0.83 0.66

Table 3: Comparison of cross-temporal harmful text detection performance in terms of Accuracy(%) and F1
score(%). Bold indicates the best performance, underlined indicates the second-best. "Improve" denotes the relative
gain of the proposed method over the second-best method.

contrastive learning, and test-time tuning methods
across time scenarios. The proposed method con-
sistently achieved the best performance across all
experiments. From 2012–2017 to 2018, the pro-
posed method’s F1 score increased from 58.01% to
63.80%, achieving the largest relative improvement
of 5.66% over the second-best method. Meanwhile,
the A-Distance value between the 2012-2017 and
2018 data was 0.5882, representing the largest dif-
ference across time scenarios. In terms of topic
content, posts from 2012-2017 were relatively scat-
tered, primarily addressing equality and rights. In
contrast, posts from 2018 centered on sexual vio-
lence and power, characterized by strong emotional
language, explicit stances, and pronounced conflict.
The improved performance demonstrates that the
RLAT effectively captures the temporal evolution
of harmful text under substantial cross-temporal
distribution shifts, enhancing model generalization.

5.6 Comparison with LLM-Based Methods

The LLM-based method performs exceptionally
well in detecting harmful text in OOD data. Ta-
ble 4 shows the performance of different types of
LLM methods across platforms. The proposed
method consistently outperforms all baselines in
the majority of comparative experiments. In the
Bilibili to Tieba test, the accuracy and F1 score of
the proposed method reached 90.05% and 91.11%.
Compared to the second-best LLM method, the ac-
curacy and F1 score are improved by 15.15% and
10.46%. This indicates that the proposed method
effectively identifies harmful texts in OOD sce-
narios. In certain experiments with Weibo as the

source platform, the LLM-based method slightly
outperforms the proposed method. These results
can be attributed to differences in method type
and model parameter size. First, the LLM-based
method employs a model with a large number of
parameters parameters and strong representation
capacity. It provides rich semantic understanding
and achieves strong performance in harmful text
detection. In contrast, the proposed method, built
on a lightweight BERT+MLP architecture, offers
notable advantages in computational efficiency and
inference cost. Moreover, it outperforms LLMs in
the majority of experiments while maintaining low
resource consumption.

To demonstrate the efficiency advantages of
RLAT in detail, we compare the inference time,
peak memory usage, and parameter size of differ-
ent models. On the same test set, the average infer-
ence time per sample for GPT-4o, DeepSeek-V3.2,
and Qwen3-Max is 850 ± 383ms, 754 ± 169ms,
and 529± 273ms, respectively. In contrast, RLAT
achieves an average inference time of only 5.92±
0.08ms per sample, with an average fine-tuning
time of 11.63ms and an average policy training
time of 219ms, demonstrating significantly lower
overall inference overhead compared to large lan-
guage model methods. Regarding peak memory
usage, LLaMA3-8B requires 15.13GB during in-
ference, while RLAT consumes 7.10GB during
policy training and only 3.29GB during inference,
resulting in a substantial reduction in memory con-
sumption. In terms of parameter size, LLaMA3-8B
exceeds 14.98GB, whereas RLAT requires only
0.38GB, further illustrating its clear advantage in
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Training Set Tieba Zhihu

Test Set Zhihu Weibo Bilibili Tieba Weibo Bilibili

Method Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

GPT-4o 57.24 59.39 58.65 61.86 68.00 73.33 65.00 70.59 55.50 56.59 69.50 72.15
Llama3-8b 49.50 54.55 42.50 52.91 67.50 69.77 64.50 69.79 52.20 55.82 58.51 69.94
Deepseek-v3.2 61.12 55.65 52.71 56.93 68.44 72.21 72.30 79.47 56.50 55.38 65.64 66.10
GLM-4.6 54.50 49.72 49.40 55.69 56.70 63.82 63.50 75.06 52.00 55.14 59.10 64.95
Qwen3-Max 49.00 55.26 51.50 55.70 62.00 70.99 70.50 80.40 54.80 56.70 62.50 70.36

Sarcasm R1 59.40 55.48 63.50 60.11 84.64 86.80 73.97 81.46 59.50 52.63 69.32 65.61
MetaTox 62.50 55.62 58.50 56.99 70.60 75.08 71.70 76.86 60.23 54.81 68.40 74.67

RLAT 69.22 58.01 69.25 62.06 92.37 92.50 74.25 78.88 61.02 58.20 77.61 79.71

Training Set Weibo Bilibili

Test Set Tieba Zhihu Bilibili Tieba Zhihu Weibo

Method Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

GPT-4o 68.50 73.86 63.20 57.89 71.00 74.11 68.50 73.86 63.00 56.98 59.00 57.73
Llama3-8b 75.80 81.33 49.00 52.78 58.53 69.95 63.50 75.06 48.70 53.99 57.70 52.20
Deepseek-v3.2 76.20 81.80 60.50 57.75 70.47 72.86 68.88 78.67 64.20 57.18 51.15 56.01
GLM-4.6 63.50 75.06 57.50 53.55 60.60 65.68 68.30 75.78 65.00 54.30 54.40 56.24
Qwen3-Max 74.00 79.84 57.00 57.00 64.00 71.88 71.00 79.29 51.50 54.30 52.00 61.60

Sarcasm R1 71.05 74.21 68.34 56.81 69.62 69.66 72.70 79.64 68.50 50.62 67.05 57.05
MetaTox 69.00 76.19 63.00 56.98 69.80 73.42 78.20 82.48 70.40 61.05 59.50 51.50

RLAT 64.83 60.16 68.09 50.45 71.42 66.20 90.05 91.11 73.59 58.88 71.53 64.78

Table 4: Comparison of Accuracy(%) and F1(%) score between the proposed method and LLM-based methods.
Bold values indicate the best performance.

computational efficiency and resource overhead.

5.7 Ablation and Sensitivity Analysis

Figures 3a shows the ablation analysis results of
the proposed method on Bilibili to Weibo. "w/o
RL," "w/o con," and "w/o att" denote the removal
of the decision model, the consistency loss, and the
word-level attention constraint, respectively. The
results show that all components are important in
the proposed method. The removal of the decision
model resulted in a 2.06% reduction in accuracy
and a 1.60% reduction in F1 score. This indicates
that selectively updating parameters based on data
stabilizes the model’s performance and mitigates
the negative impact of continuous tuning.

Figure 3b illustrates the ablation results for the
adaptive decision model. "w/o sr" and "w/o rp" rep-
resent the removal of data selection and parameter
reset in the action space. Notably, removing the
parameter reset rp led to the largest drops in accu-
racy and F1 score, 2.15% and 1.13%. This suggests
that selectively applying parameter updates during

tuning effectively mitigates the adverse effects of
continuous updates, enhancing the stability of the
model’s adaptation at test time.

Figure 3c presents a comparison of the perfor-
mance of various tuning strategies across different
cross-platform scenarios. "No reset" indicates con-
tinuous tuning without parameter resets, "Continu-
ous reset" denotes resetting parameters after each
batch, and "RL" represents the decision model-
based tuning strategy in the proposed method. The
results show that the RL-based adaptive parame-
ter reset strategy achieves better performance in
the four cross-platform scenarios. Specifically, ex-
cept for the Bilibili to Zhihu, where the "No re-
set" strategy slightly outperforms "Continuous re-
set," the latter achieves superior performance in
the remaining three scenarios. This suggests that
resetting parameters after each batch mitigates the
negative effects of local data updates, thereby en-
hancing overall detection performance. In addition,
the RL–guided adaptive decision model can au-
tonomously determine whether to reset parameters
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Figure 3: Ablation studies and parameter sensitivity analysis. (a) and (b) show cross-platform ablation results. (c)
compares the F1 of different tuning strategies. (d) compares the accuracy and F1 of different reset thresholds.

during tuning, maximizing the benefits of parame-
ter updates.

Figure 3d illustrates the sensitivity analysis of
the hyperparameter reset threshold in the Zhihu
to Bilibili scenario. Experimental results show
that when the reset threshold is 0.6, the proposed
method achieves the highest accuracy and F1 score
of 77.61% and 79.61%. As the reset threshold
increases beyond 0.6, the model performance grad-
ually decreases, approaching the performance with-
out parameter reset. This indicates that continuous
parameter updates during testing make the model
susceptible to noise, leading to skew. However, ex-
ploring reset action probability through reinforce-
ment learning offers a more stable tuning strategy,
effectively mitigating interference.

6 Conclusion

This paper proposes RLAT, a RL–guided adaptive
tuning for harmful text detection. First, it designs a
local dependency suppression loss to alleviate the
model’s tendency to over-reliance on local words,
achieved by optimizing a consistency loss and en-
forcing word-level attention constraints. Then, a
RL–guided adaptive decision model is introduced
to dynamically control data selection and param-
eter updates. Finally, cross-platform and cross-
temporal experiments demonstrate the effective-
ness of the RLAT in harmful text detection.

Limitations

While the proposed method is highly effective in
harmful text detection, it still has certain limita-
tions. Current methods primarily focus on binary
classification for harmful content detection. Future
work could extend the RLAT method to multi-class
detection, enabling fine-grained OOD detection
of various types of harmful content, such as mali-
cious attacks, misinformation, and discriminatory

speech. In addition, it could also explore modality-
level shifts, thereby facilitating more generalizable
approaches.

Ethical Considerations

Our work primarily provides a harmful text de-
tection method that allows for adaptive model ad-
justments during the testing phase. The data used
in our experiments are all from publicly available
datasets to ensure transparency and reproducibility.
Our use of the data is consistent with the scientific
research intent of the original paper. In addition, all
data is anonymized, and no personal information
is disclosed. It is important to emphasize that our
goal is to improve the detection of harmful text, not
to exacerbate its harm.
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A Appendix

A.1 Case Study
To further analyze the adaptive tuning method, we
conducted a case study using a cross-platform ex-
ample. We compared the prediction results of
"No Tuning," "No-strategy Tuning," and "Adaptive
Strategy Tuning" on specific samples. "No Tun-
ing" refers to a model without tuning, "No-strategy
Tuning" refers to a method that updates parame-
ters using the same strategy across all samples, and
"Adaptive Strategy Tuning" refers to the tuning
strategy of the proposed method.

As shown in figure 6, the training platform in-
cludes many texts that use the term "little fairy" to
attack and defame. The prediction model learns to
associate "little fairy" with harmful labels. How-
ever, the test platform contains new expressions,
such as "a mediocre woman with overconfidence",
which were not seen during training. The "No
Tuning" approach fails to adapt to these changes,
resulting in incorrect predictions for all samples
except T2 and T6. The "No-strategy Tuning" ap-
proach, by reducing over-reliance on local features,
successfully identifies harmful semantics similar to
"little fairy," predicting T1 as harmful. At the same
time, tuning on data similar to T3 and T4 allows
the model to classify marriage-related semantics
as harmless. However, the model misclassifies T5
and T6, which contain defamatory content about
marriage. The "Adaptive Strategy Tuning" method
mitigates overfitting and reduces the risk of incor-
rect predictions. It retains the model’s ability to
identify harmful texts in training samples similar to
S-n, which uses the "marriage donkey" for defama-
tion, improving overall detection performance.

A.2 A-Distance Calculation
To quantify the differences between data distribu-
tions, A-distance is employed, which measures dis-
tributional divergence based on the error rate of a
domain classifier. Specifically, let h∗ ∈ H denote
the optimal domain classifier that minimizes the
classification error when distinguishing samples
drawn from the source distribution PS and the tar-
get distribution PT . The A-distance is then defined
as

dA(PS , PT ) = 2 (1− 2ϵ(h∗)) , (9)

where ϵ(h∗) is the minimum achievable error rate
of the domain classifier.

As shown in Figure 4 and 5, the values range
from 0.1400 to 1.5067 for cross-platform datasets

and from 0.1647 to 0.5882 for cross-temporal
datasets. This indicates that there are substan-
tial differences in topic content and language style
across different platforms, with text on each plat-
form also evolving over time.
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Figure 4: Cross-platform A-Distance scores.
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Figure 5: Cross-temporal A-Distance scores.

A.3 LLM Evaluation Dataset
To evaluate the performance of LLMs in cross-
platform scenarios, an evaluation dataset was con-
structed, with its statistics summarized in Table 5.
For each platform, 1,000 samples were uniformly
sampled with respect to text length and label distri-
bution to form the test set, ensuring that it remains
representative of the original dataset.

Dataset Bilibili Tieba Weibo Zhihu

#Harmful 505 575 335 313
#Harmless 495 425 665 687

Avg.L 41.11 37.39 70.12 51.22

Table 5: LLM evaluation dataset statistical metrics.
#Harmful represents the number of harmful texts,
#Harmless represents the number of harmless texts, and
Avg.L represents the average text length.
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Cross-platform Case Study

S-1: Forget the facts, does the 'little fairy' of the new era even have the strength to find
someone to raise her kids?  Label: Harmful.

Training Platform

S-2: Why should the 'little fairy' reflect on herself when she can always find someone else to
blame?  Label: Harmful.

S-3: This wine is so precious, it should be the 'little fairy' who drinks it first.  Label: Harmful.

S-n: MARRIAGE DONKEY is just inferior!!!!!!!     Label: Harmful.

Testing Platform

T-1: I remember this is a list of conditions written by a mediocre woman with overconfidence
about men, hurry up and pin it to shame her!   Label: Harmful.

T-2: The 'little fairy' must’ve lived like this in her past life.   Label: Harmful.

T-3: No way, is anyone really getting married? What could you possibly lack? Money?
Nothing to worry about.   Label: Harmless.

T-4: That’s why marriage tests are so important.  Label: Harmless.

T-5: Dream on, who hasn’t been cheated on before marriage? Where would you even file a
lawsuit?  Label: Harmful.

T-6: Of course, if you put yourself in the shoes of a marriage donkey, you’d think you were
being insulted. Haha.   Label: Harmful.

Comparison of Prediction Results

Method T1 T2 T3 T4 T5 T6

No Tuning

No-strategy
Tuning

Adaptive
Strategy
Tuning

Figure 6: Cross-platform case study. It includes three methods: "No Tuning," "No-strategy Tuning," and "Adaptive
Strategy Tuning."
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A.4 RL Training Details and Analysis

We provide additional details on the RL training
process, model configuration, and generalization
behavior. The policy network is optimized using
the PPO framework. In each RL round, the model
performs multiple interaction steps on the valida-
tion set to collect trajectories, compute rewards,
and update the policy. The reward is defined based
on the performance improvement of the prediction
model, measured by accuracy (Acc) and F1 score
on the validation set.

The policy network takes a 770-dimensional
input, consisting of the 768-dimensional BERT
[CLS] representation, a sentiment standard devia-
tion, and a confidence score. It uses a hidden layer
of size 128 and outputs a 2-dimensional action
space corresponding to the sample selection ratio
and reset probability. The value network adopts the
same input and hidden dimensions, but outputs a
scalar value for state evaluation. Due to the use of
BERT-based state encoding, the memory usage con-
sists of both the encoder and the RL model, with a
peak of 7.10GB during training and only 3.29GB
during inference. The average policy training time
is 219ms.

The detailed hyperparameters are summarized
in Table 6. Briefly, batch size controls the num-
ber of samples per batch; epochs_pred is the num-
ber of training epochs for the source-domain pre-
diction model (BERT+MLP); max_len defines the
maximum input length; mlp_hidden_dim is the
hidden size of the classifier; margin and alpha
are loss coefficients; lr_policy and lr_value are
the learning rates of the policy and value net-
works; clip_epsilon is the PPO clipping param-
eter; ppo_epochs is the number of optimization
epochs per trajectory; lambda1 and lambda2 are
the weights of Acc and F1 in the reward; and
rl_episodes and rl_steps_per_episode control the
RL training schedule.

We provide more detailed information about rl
training and discuss the risk of overfitting in the
method. The RL policy network is trained on the
source-domain validation set, with rewards ∆Acc
and ∆F1 computed from its true labels. At test time
in the target domain, the network outputs actions
solely from state features, without access to any test
labels, fully complying with the label-free test-time
setting. Regarding the risk of overfitting in the pol-
icy network, firstly, the policy input is a statistical
state rather than specific sample semantics, reduc-

ing dependence on a specific distribution. Secondly,
the samples used for tuning are randomly selected
based on the policy network’s actions. This ran-
dom mechanism avoids the model repeatedly over-
optimizing on the same class of high-confidence
or high-uncertainty samples, thereby reducing de-
pendence on local noise. Finally, we tested the
model in 12 cross-platform and 6 cross-time ex-
periments, covering diverse distribution scenarios,
as shown in Tables 2, 3, and 4. The results show
that performance gains are stable across most tasks,
indicating that the policy learns general tuning and
reset rules rather than overfitting to the validation
domain.

Hyperparameter Value

batch_size 16
epochs_pred 3
max_len 128
mlp_hidden_dim 256
margin 0.5
alpha 0.4
lr_policy 1× 10−4

lr_value 1× 10−3

clip_epsilon 0.1
ppo_epochs 4
lambda1 0.4
lambda2 0.6
rl_episodes 100
rl_steps_per_episode 10

Table 6: Hyperparameter settings for RL training and
prediction models in RLAT.

A.5 Comparison and Analysis of Adaptation
Strategies

We further provide three groups of supplementary
experiments, including comparisons with standard
test-time adaptation (TTA) methods, tuning vari-
ants with different parameter configurations, and
sample-level RL policies, as shown in Table 7.

For TTA comparison, ConDA-TTT and ATTA-
HC have already been evaluated in Tables 2 and
3, which are representative TTA variants and their
effectiveness has been verified in prior work. Our
results show that RLAT consistently outperforms
these methods in both cross-platform and cross-
temporal OOD settings. We further conduct two
additional cross-platform experiments under stan-
dard TTA settings: (1) direct test-time tuning us-
ing pseudo-labels; (2) combining the proposed RL
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Training Set Tieba Zhihu Bilibili

Test Set Zhihu Bilibili Tieba Bilibili Tieba Zhihu

Standard TTA 55.31 89.40 77.83 78.94 87.68 56.91
RL+Standard TTA 56.97 91.93 78.31 78.56 90.14 57.24

Full Tuning 56.16 90.90 78.43 79.33 89.58 58.35
MLP+BERT(Last 4) 55.97 91.45 78.69 79.37 90.02 57.57

Sample-Level 57.27 91.80 77.38 78.08 90.58 58.55

RLAT 58.01 92.50 78.88 79.71 91.11 58.88

Table 7: Comparison of adaptation strategies, including standard test-time adaptation (TTA) methods, tuning variants
with different parameter configurations, and sample-level RL policies, in terms of F1 score (%). Bold values indicate
the best performance.

adaptive decision framework with pseudo-label-
based TTA. As shown in the table, RLAT achieves
the best performance in all settings, while standard
TTA methods benefit when integrated with the RL
framework, demonstrating the effectiveness of both
the tuning mechanism and the adaptive policy.

For tuning variants with different parameter con-
figurations, we compare two additional settings:
(1) jointly fine-tuning BERT and MLP; (2) fine-
tuning the last four layers of MLP+BERT. Both ap-
proaches update encoder-level semantic representa-
tions during test-time adaptation. Results show that
fine-tuning only the MLP achieves better and more
stable performance. This suggests that updating
the encoder may disrupt pre-trained semantic struc-
tures, amplify noise under distribution shifts, and
increase overfitting risk. In contrast, freezing the
encoder and updating only the classification head
preserves the semantic space and leads to more
robust OOD performance.

To further analyze adaptive decision-making, we
compare batch-level and sample-level RL strategies
in terms of performance, efficiency, and statistical
properties. Six cross-platform experiments show
that the batch-level policy consistently outperforms
the sample-level policy in F1 score, while also be-
ing more efficient. Specifically, the sample-level
policy requires 337.53 ms and 6.63 GB memory
on average, whereas the batch-level policy only
requires 219.95 ms and 6.26 GB memory. This
is because sample-level policies make decisions
for each instance independently, leading to com-
putational costs that scale with batch size, while
batch-level policies operate on global batch statis-
tics with fixed complexity.

Finally, we analyze the correlation between srt

and rpt using 608 batches. The results show srt =
0.5653± 0.4318 and rpt = 0.5800± 0.4245, with
a Pearson correlation coefficient of 0.1059 (p =
0.0089) and R2 = 0.0112, indicating very weak
linear correlation. This suggests that the policy
does not directly couple sample ratio and rollback
probability, but instead assigns them independent
roles in the policy space.

A.6 Additional LLM Comparisons

We further add two sets of performance compari-
son experiments, including fine-tuned LLMs and
prompt-based LLMs, to better verify the effective-
ness of RLAT.

For fine-tuned LLMs, we conduct six cross-
platform experiments on Tieba, Zhihu, and Bilibili
based on Qwen3-8B and LLaMA3-8B with LoRA
fine-tuning. As shown in Table 8, the performance
of fine-tuned LLMs improves on the Tieba and
Zhihu datasets, while it decreases on the Bilibili
dataset. This is mainly due to overfitting caused by
cross-platform distribution shifts. Taking the trans-
fer from Bilibili to Zhihu as an example, Figure 4
shows that the A-distance reaches 1.27, indicating
a significant platform gap. Specifically, Bilibili text
is more colloquial, consisting of short bullet-screen
style phrases with strong emotional expressions,
while Zhihu content is relatively longer, more argu-
mentative, and structurally organized. Fine-tuned
LLMs tend to capture platform-specific patterns,
thereby weakening their cross-platform generaliza-
tion ability. Overall, RLAT achieves consistent im-
provements across all test settings and effectively
mitigates overfitting via adaptive decision-making.

For prompt-based LLMs, we conduct additional
experiments on six cross-platform scenarios using

35172



Training Set Tieba Zhihu Bilibili

Test Set Zhihu Bilibili Tieba Bilibili Tieba Zhihu

Qwen3-8b 53.78 70.77 64.90 70.66 79.06 56.32
Qwen3-8b-LoRA 58.71 88.11 70.37 66.09 74.49 53.35
Llama3-8b 54.55 69.77 69.79 69.94 75.06 53.99
Llama3-8b-LoRA 54.50 75.02 79.47 74.62 79.64 53.94

Qwen3-Max 55.26 70.99 80.40 70.36 79.29 54.30
Qwen3-Max-CoT 60.42 73.42 80.43 77.55 75.68 58.13
Qwen3-Max-SC 58.82 73.02 81.53 65.56 75.76 56.07
GPT-4o 59.39 73.33 70.59 72.15 73.86 56.98
GPT-4o-CoT 50.00 74.63 73.74 59.50 80.75 53.21
GPT-4o-SC 59.74 73.08 73.04 68.57 80.95 57.14

RLAT 58.01 92.50 78.88 79.71 91.11 58.88

Table 8: Comparison of cross-platform harmful text detection performance in terms of F1 score (%). SC denotes the
self-check prompting mechanism, and CoT denotes the chain-of-thought prompting strategy. Bold values indicate
the best performance.

Qwen3-Max and GPT-4o with chain-of-thought
and self-check prompting strategies. As shown in
Table 8, RLAT achieves the best performance in
most settings except the Tieba-to-Zhihu and Zhihu-
to-Tieba scenarios. This indicates that RLAT’s
adaptive tuning mechanism is more effective than
prompt engineering strategies. Overall, prompt-
based improvements remain limited for harmful
text detection, while RLAT consistently provides
stronger and more stable gains across domains.
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A.7 Prompt

Please determine whether the following text contains harmful content. If YES, output 1; if NO,
output 0.

Task Description: Harmful content refers to any text that may cause harm to individuals or
society, including but not limited to: incitement of violence, hate speech, discriminatory
content, extremist viewpoints, malicious personal attacks, harassment, threats, and toxic
behavior. Carefully analyze the text's intent, potential impact, linguistic style, and social media
context.

Examples:

Text: If you can't control your wife, you reap what you sow. Since you support women's
independence, you should accept it when women have momentary lapses in judgment.
Label: 1
Text: Looks like both of you are on the same side.
Label: 0
Text: Ordinary confident women are terrifying. Let's go cyberbully her, bros.
Label: 1
Text: Even honest officials find it hard to settle family disputes; every family has its own
problems.
Label: 0
Text: Disgusting homosexuals, that's the precise term.
Label: 1
Text: It's better to clarify things. You might have other thoughts about her now, and other
women might use the same reasoning against you in the future.
Label: 0
Based on the above examples, determine whether the following text contains harmful content.
Output ONLY 1 or 0, without any additional explanation:

Text: [Text to be detected]
Label:

Harmful Text Detection Prompt
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