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A APPENDIX

A.1 STREAMGUARDBENCH

To enable rigorous evaluation and training of streaming guardrail systems, we construct Stream-

GuardBench, the first benchmark specifically designed for assessing safety in both text-only and
image–text streaming scenarios. Unlike existing safety datasets in Table 6, StreamGuardBench
uniquely supports model-specific guardrails and covers both unimodal and multimodal settings.
Each model’s outputs are paired with fine-grained harm annotations, allowing the benchmark to
support training of model-specific safety classifiers. This design enables more realistic and tightly
coupled guardrail training compared to model-agnostic approaches.

Data collection. For the text-only setting, we utilize the WildGuard dataset, which contains
sentence-level safety labels for both prompts and responses. The training split of WildGuard consists
of 86,759 instances, encompassing both stand-alone prompts and prompt–response pairs. Our study
focuses solely on the 37,934 prompt–response pairs. The corresponding test split contains 1,725
prompt–response pairs. For each prompt, we regenerate the response using the target model under
deterministic decoding (do sample=False) with a generation limit of max new tokens=2048.
For the S-Eval jailbreak dataset, which contains both Chinese and English data, we select the En-
glish base subset, sample 1,000 prompts for the test set from the original 10,000 instances, use
the remainder for training, and generate responses in the same deterministic manner. For the vi-
sion–language setting, we adopt two subsets from the JailBreakV-28K (Luo et al., 2024) dataset:
the MMSafetyBench subset (Typo+SD) and the FigStep subset. Each contains 2,000 image–text
prompt–response instances; we sample 200 for testing and use the remaining 1,800 for training. Re-
sponses are generated under the same configuration as in the text-only setup. The detailed statistics
of StreamGuardBench are summarized in Table 5.

Labeling protocol. For the WildGuard dataset, we first evaluated the annotation performance of
the model provided in the original paper by labeling responses on the test set and comparing its
predictions against the ground-truth labels. The results revealed a suboptimal accuracy of only 91%.
Motivated by the LLM-as-a-judge paradigm (Zheng et al., 2023), we explored LLMs for safety
annotation and found that Kimi-K2 achieved the highest alignment with human judgment, reaching
an accuracy of 97%—significantly outperforming the original model. We therefore adopted the
Kimi-K2 model for annotation, using the prompt template shown in Table 8. For S-Eval, we obtained
harm labels through an evaluation kindly provided by the S-Eval creators, as the official evaluation
model was not publicly available. For the multimodal datasets MMSafetyBench and FigStep, we
incorporated image information into the prompt, and annotated the response using the same Kimi-
K2 model with the multimodal prompt template shown in Table 9. In all annotation processes, we
set the do sample=False to ensure deterministic outputs.

Table 5: Statistics of StreamGuardBench. Number of unsafe response of training and test samples
per model in StreamGuardBench (WildGuard and S-Eval for LLMs, MMSafetyBench and FigStep
for VLMs). The Total row reports the full dataset size for each subset and split.
Datasets WildGuard S-Eval Datasets MMSafetyBench FigStep
LLMs train test train test VLMs train test train test

Qwen3-8B 7771 284 3499 533 Qwen2.5-VL-7B 992 110 1130 119
Qwen3-14B 7182 259 3483 515 Qwen2.5-VL-32B 1091 130 696 86
Qwen2.5-Omni-7B 6934 267 1757 269 Qwen2.5-Omni-7B 829 85 608 67
Llama-3.1-8B 6111 206 3079 453 Llama-3.2-11B-Vision 744 74 1204 132
InternLM3-8B 6344 239 2611 385 InternVL3-8B 802 92 1318 147

Total 37934 1725 9000 1000 Total 1800 200 1800 200

A.2 BASELINE IMPLEMENTATIONS

The training hyperparameters of all baselines are listed in Table 7.

LLamaGuard3/LLamaGuard3-Vision are evaluated with their default prompt templates. For
streaming simulation, the model output is segmented into chunks of 10 tokens, and safety classi-
fication is performed incrementally on each chunk.
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Table 6: Comparison with other widely used safety benchmarks.
Benchmarks Model Specific Multimodality Response Source Scale Risk Category

BeaverTails ! ! Alpaca-7b, Alpaca-13b, Vicuna-7b, GPT-3.5-turbo 330k 14
S-RLHF ! ! Alpaca-7b, Alpaca2-7b, Alpaca3-8b 82.1k 19
ToxiChat ! ! Vicuna-api 10k 11
FineHarm ! ! Llama-3.1-8B-Lexi-Uncensored-V2 29k -

WildGuard ! !

OLMo-7B-Instruct, GPT-3.5-turbo, Vicuna-7b-v1.5,
Llama3-8B-Instruct, Mistral-7B-Instruct-v0.2,

dolphin-2.9.1-llama-3-8b, dolphin-2.8-gemma-7b,
dolphin-2.8-mistral-7b-v02

39k 14

StreamGuardBench " "
Qwen3-8B, Qwen3-14B, Qwen2.5-Omni-7B,

Llama-3.1-8B-Instruct, InternLM3-8B-Instruct,
Qwen2.5-VL-7B, Qwen2.5-VL-32B, InternVL3-8B

268k 25

Table 7: Training recipes of baselines.
Parameters RoBERTa T5 Deberta DSA:PLR DSA:RTB ShieldHead LLamaGuard3-

SFT
ShieldGemma2-

SFT SafeDecoding Model Surgery

Learning Rate 5e-5 5e-5 5e-5 5e-5 1e-5 1e-5 5e-5 5e-5 2e-3 1e-4
Batch Size 32 32 32 32 16 8 32 32 1 16

Warmup Ratio 0 0 0 0.05 0.01 0.01 0 0 0.03 0
Weight Decay 0.1 0.1 0.1 0.1 0 0 0 0 0 0
Max Length 512 4096 4096 4096 4096 4096 4096 4096 4096 4096

Epochs 1 1 1 1 5 1 1 1 2 3

ShieldGemma2 requires a user-defined safety guideline; we set this guideline to the evaluation
prompt used in our benchmark. The streaming evaluation procedure is identical to that of LLama-
Guard3.

DSA:RTB is implemented using the Res-Tuning-Bypass tuner from the ms-swift library. For the
Res-Tuning-Bypass architecture, we set the bottleneck hidden dimension of the adapter layers to
32, and insert a ResTuner module into every Transformer layer. On top of the frozen backbone, we
attach a linear probe to perform binary safety classification. Only the adapter parameters and the
linear probe are updated during training.

ShieldHead uses a loss-weighting coefficient of ω = 0.5 and adopts a three-layer MLP as the
classification head. During training, token-level supervision is disabled for the initial half of the
training steps, with labels fixed during this phase. The factor ε decays from 0.99 to 0.95 over the
process of training, while the moving-average update parameter ϑ is annealed from 0.98 to 0.50.

LLamaGuard3-SFT / LLamaGuard3-Vision-SFT are fine-tuned using the LoRA framework,
with trainable parameters restricted to the q proj, k proj, and v proj layers. In LLamaGuard3-
Vision-SFT, the vision encoder is frozen and only the language model component is fine-tuned.
Streaming evaluation follows the same protocol, where the generated output is processed incremen-
tally for safety classification. LLamaGuard3-SFT is fine-tuned and evaluated on the WildGuard and
S-Eval datasets, while LLamaGuard3-Vision-SFT is fine-tuned and evaluated on MMSafetyBench
and FigStep.

ShieldGemma2-SFT is also fine-tuned with LoRA on the q proj, k proj, and v proj lay-
ers. On the MMSafetyBench and Figstep datasets, fine-tuning is performed solely on text-based
prompt–response pairs without incorporating image inputs. The streaming evaluation procedure is
identical to that of LLamaGuard3-SFT / LLamaGuard3-Vision-SFT.

SafeDecoding is fine-tuned using the hyperparameters from the original paper, with the training
data replaced by the WildGuard dataset. Specifically, SafeDecoding utilizes GPT-4 to filter the
WildGuard training set for samples with refusal responses, resulting in a total of 10,555 examples
used for training.

Model Surgery follows the original paper’s hyperparameter settings to train the probe and modifies
the model parameters of Qwen3-8B. The WildGuard training set is used for training.

MT-Bench dataset is a standardized benchmark designed to evaluate the instruction-following ca-
pabilities of LLMs. It consists of 80 high-quality multi-turn questions that reflect 8 key categories.
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Table 8: Latency evaluation of PlugGuard on Transformer. Time for first, 512 and 1024 tokens
denote the average generation time measured over 100 runs.
Latency Input Tokens First Token (s) 512 Tokens (s) 1024 Tokens (s)

Qwen3-8B 1000 0.13281182289123536 11.396940021514892 22.677662715911865
Qwen3-8B+PlugGuard 1000 0.13414551019668580 11.704826402664185 23.104892206192016
Avgerage extra time per token 1000 0.00133368730545044 0.0006013405881822 0.0004172162991017

Table 9: F1 score comparison of PlugGuard, LlamaGuard3, ShieldGemma2, and their finetuned
variants in Response and Streaming settings across four benchmarks, where bold and underlined
results denote the best and second-best performance in each column, respectively.

Methods WildGuard S-Eval MMSafetyBench Figstep
Response Streaming Response Streaming Response Streaming Response Streaming

LLamaGuard3 0.4812 0.5595 0.2496 0.4545 0.2362 0.7079 0.4606 0.7451
ShieldGemma2 0.4336 0.6352 0.6014 0.6545 0.7541 0.7586 0.5444 0.6000

LLamaGuard3-SFT 0.8287 0.8882 0.8929 0.7929 0.3650 0.7351 0.6635 0.7599
ShieldGemma2-SFT 0.8466 0.7976 0.9272 0.8807 0.8263 0.7851 0.8372 0.8148

PlugGuard 0.8462 0.8333 0.9195 0.9243 0.8089 0.8016 0.8273 0.8028

A.3 ADDITIONAL EXPERIMENTS

A.3.1 LATENCY EVALUATION

We measure the inference-time overhead introduced by PlugGuard when operating in a frozen-base
setting, as shown in Table 8. When generating, PlugGuard reuses the intermediate hidden states of
the base model at each decoding step for risk detection. For the experiment, the base model receives
an input of 1000 tokens and is allowed to generate up to 1024 new tokens. The experiment is carried
out on a H20 GPU. We record the average time to produce the first token, as well as the average time
required to generate 512 and 1024 new tokens, averaged over 100 runs. All inference is performed
using the Transformers library without acceleration frameworks such as vLLM. Compared with
the base Transformer, adding PlugGuard only incurs an additional 1.3 ms for the first token, and
decreases the average per-token generation time to 0.6 ms for 512 tokens and 0.4 ms for 1024
tokens. This corresponds to less than 1.9% relative overhead, indicating that PlugGuard imposes
negligible latency while providing streaming safety detection.

A.3.2 PERFORMANCE COMPARISON WITH FINETUNED LARGE GUARDRAIL MODELS

While LlamaGuard3 and ShieldGemma2 are released as safety-tuned models, their out-of-the-box
performance on StreamGuardBench is lower than expected. We suspect that there is a mismatch be-
tween their training distributions/objectives and our setting. For example, post-hoc utterance classi-
fication vs. streaming, context-sensitive detection, differences in safety taxonomies, and formatting
or domain shift. To quantify this gap, we fine-tune both models on StreamGuardBench as a strong
post-hoc baseline, probing whether PlugGuard is sufficiently trained to match or closely approach
full-SFT guardrails.

As shown in Table 9, both LlamaGuard3 and ShieldGemma2 achieve substantial performance gains
after supervised fine-tuning (SFT) on the StreamGuardBench training set. Nevertheless, PlugGuard,
despite using only 20M parameters—remains highly competitive: it consistently ranks among the
top two across all settings and often matches or exceeds these SFT-strengthened baselines. We think
this parity is driven by PlugGuard’s design: the probe operates on the protected LLM’s intermediate
hidden states and full prefix context, so it inherits rich, contextualized semantics already computed
by the generator; the SLD head models token-level temporal dynamics, and the ATC loss stabilizes
streaming decisions to curb over-triggering. Moreover, the probe is calibrated on-policy to the exact
backbone it guards, reducing the distribution mismatch that can hamper general-purpose post-hoc
models. In effect, the 20M head only needs to learn a compact risk boundary on top of high-quality
features, rather than relearn language understanding from scratch. By contrast, LlamaGuard3 (8B)
and ShieldGemma2 (9B) are far heavier to deploy and incur higher inference latency, underscoring
PlugGuard’s superior accuracy-efficiency trade-off.
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Table 10: Performance comparison of PlugGuard and SCM-7B on the FineHarm test set. All meth-
ods use Qwen2.5-7B-instruct as the base model. PlugGuard-Streaming denotes token-level stream-
ing prediction, where any unsafe token flags the response as harmful. Bold indicates the best results,
and underlining indicates the second-best.

Method
Benign response Harmful response

Macro F1
Precision Recall F1 Precision Recall F1

SCM-7B 97.78 97.72 97.75 97.12 97.19 97.16 97.45
PlugGuard 98.70 98.03 98.36 97.53 98.36 97.94 98.15

PlugGuard-Streaming 99.24 96.43 97.81 95.64 99.06 97.32 97.57

A.3.3 PERFORMANCE COMPARISON WITH SCM

Due to the lack of sufficient description of the Feature Extractor module structure in the paper, we
are unable to fully reproduce the SCM method (Li et al., 2025). Therefore, we follow the evaluation
protocol of the SCM method, training PlugGuard on their FineHarm dataset with Qwen2.5-7B-
instruct (Team, 2024) as the base model to ensure a fair comparison. For training, we adopt a global
batch size of 32, a learning rate of 1e-4, and train for 3 epochs. We selected layer 17 out of the
total of 28 hidden layers of the model based on the validation performance. As shown in Table 10,
PlugGuard consistently outperforms SCM-7B in both response-level and streaming settings. No-
tably, PlugGuard achieves superior results even without using token labels during training, whereas
SCM relies on explicit token-level supervision. In the streaming paradigm, PlugGuard-Streaming
halts generation immediately upon detecting a single harmful token, which enables early and precise
intervention. In contrast, SCM requires four consecutive harmful tokens for interruption, potentially
delaying risk mitigation. These results highlight the effectiveness of PlugGuard, demonstrating its
capability for both fine-grained and timely response blocking with minimal supervision and efficient
deployment.

Table 11: Performance comparison of PlugGuard and Qwen3Guard on public datasets. Bold indi-
cates the best results, and underlining indicates the second-best.

Method AEGIS2.0 WildGuard Beavertails

Qwen3Guard-8B-Gen strict 86.1 78.9 86.6

loose 86.4 77.3 85.5

Qwen3Guard-8B-Stream strict 82.6 77.0 85.9
loose 82.4 76.8 85.5

PlugGuard 86.3 76.8 86.1

A.3.4 PERFORMANCE COMPARISON WITH QWEN3GUARD

On the day before our submission deadline, Qwen3Guard was released with two variants: a
standalone, post-hoc Generative Qwen3Guard that produces safety judgments, and a Stream
Qwen3Guard that performs token-level monitoring during generation (Team, 2025). The stream-
ing variant is most closely aligned with PlugGuard’s objective of real-time moderation. While we
are delighted and cheerful to see this independent convergence on streaming guardrails (reflecting
the community’s growing recognition that proactive, low-latency safety checks are needed), we also
make a comprehensive comparisons with them to explore PlugGuard’s potential.

For this, we design an extra complementary experiments to make a comparison between our
PlugGuard and Qwen3Guard. Specifically, we follow Qwen3Guard’s public-data setting evalu-
ating PlugGuard on publicly available datasets, including AEGIS2.0 (Ghosh et al., 2025), Wild-
Guard (Han et al., 2024), Beavertails (Ji et al., 2023), SafeRLHF (Ji et al., 2024). The results are
shown in Table 11. Across diverse datasets, PlugGuard outperforms Qwen3Guard-Stream in F1 in
most cases, even achieves a comparable performance to Qwen3Guard-Gen, despite Qwen3Guard-
Gen’s larger model sizes. Note that Qwen3Guard-Stream adopts large models to get the token-level
labels for training, this can result in extra annotation costs. In contrast, we only require the response-
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level labels for training. We attribute these gains to PlugGuard’s design: a lightweight 20M plug-in
head that reads the generator’s hidden states, models temporal risk dynamics, and is regularized by
our Anchored Temporal Consistency loss.

A.3.5 DISCUSSION ABOUT ATC LOSS

Figure 4: Distribution of the first harmful token
positions.

To assess how often the inductive bias behind
ATC holds in practice, we examine where the
first harmful token appears in the response. For
each sample, we adopt Kimi-K2 to find the first
harmful word and define the “first harmful to-
ken position” as the index of this word.

Figure 4 reports the distribution across index
ranges: 0–9, 10–49, 50–99, 100–999, and
1000- (open-ended). Two observations emerge.
First, only 1.25% of samples have their first
harmful token within the 0–9 range, indicating
that immediate harmfulness at the very begin-
ning is rare. Second, the mass of the distribu-
tion lies in later ranges, showing that harmful-
ness typically—though not universally—arises
after an initially benign stretch. This pattern is
consistent with the head-anchor design in ATC,
which encourages a benign margin at the start, while leaving sufficient flexibility for earlier rises
when warranted.

Figure 5: F1 scores with different N.

These results do not claim that all in-
stances follow a strict prefix-benign,
suffix-harmful template. Rather, they
show that the head-benign prior is
a reasonable inductive bias for the
majority of training cases. ATC
operationalizes this bias with small
head/tail anchors and soft tempo-
ral penalties, avoiding brittle con-
straints in the middle of the se-
quence. In practice, this helps reduce
late triggering on positive responses
and spurious early spikes on negative
responses—both crucial for reliable
token-triggered blocking in stream-
ing guardrails.

Indeed, ATC loss does not assume strict global monotonicity nor that every safe response begins
entirely benign or every harmful response ends entirely harmful. Instead, it (i) anchors only small
head/tail windows, (ii) uses standard cross-entropy on the anchors, and (iii) relies on soft temporal
regularizers elsewhere. In Figure 5, we ablate the number of temporal anchors N used in the An-
chored Temporal Consistency (ATC) loss on S-Eval dataset. As N increases from 1 to 6, F1 score
steadily improves, indicating that the temporal constraints help the plug-in head learn a smoother
and more reliable risk trajectory. However, when N becomes too large, F1 declines. We hypothesize
that overly strong inductive bias suppresses informative spikes and propagating label noise across
timesteps, which ultimately harms detection accuracy.

A.3.6 HEATMAP VISUALIZATION OF TOKENWISE RISK PREDICTIONS

Figure 6 illustrates a representative example of PlugGuard’s streaming risk detection during text gen-
eration. The visualization shows token-level safety scores assigned by PlugGuard. The model’s re-
sponse begins with a formal ethical disclaimer — stating that the exercise is purely hypothetical and
intended for defensive purposes — during which PlugGuard assigns consistently low safety scores
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(e.g., 0.24–0.48). This indicates that the model initially adheres to safety protocols, and PlugGuard
correctly identifies this phase as low-risk. However, as the response progresses into constructing
a narrative around “understanding cyber threats” and “designing a hypothetical experiment”. The
semantic direction shifts toward outlining steps for analyzing system weaknesses, even under a pro-
tective frame. If elaborated further, could be repurposed into actionable attack guidance. PlugGuard
assigns progressively higher safety scores (rising from 0.53 to 0.80) demonstrating strong capabil-
ity to detect this pre-exploitation risk. and is able to interrupt response generation at this stage to
prevent harmful content from being produced. Finally, when the response delves into concrete tech-
nical procedures — such as identifying vulnerabilities, analyzing APIs, and accessing customer data
— PlugGuard assigns persistently high scores (above 0.9), signaling that the content has entered a
clearly unsafe regime. Crucially, PlugGuard does not evaluate tokens in isolation but assesses the
cumulative risk context.

In contrast, when the model generates a truly safe response, focusing solely on defensive practices
without procedural details, PlugGuard maintains low scores throughout, as shown in Figure 7.

Figure 6: An annotated example of risk in a Qwen3-8B response to a WildGuard prompt. Safety
scores reflect the increasing likelihood of unsafe content, visualized from green (low) to red (high).
(The response is partially displayed).

A.4 LLM USAGE STATEMENT

We used large language models (LLMs) as a general-purpose writing assistance tool during the
preparation of this paper. Specifically, we leveraged LLMs for language refinement, grammar cor-
rection, and proofreading to improve the clarity and fluency of the manuscript. The models were not
involved in research ideation, method design, data analysis, or technical content generation.
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Figure 7: An annotated example of safe response generation in a Qwen3-8B response to a Wild-
Guard prompt. Safety scores represent the predicted probability of being unsafe, with higher values
in red and lower values in green.

Figure 8: Prompt template for WildGuard safety assessment.
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Figure 9: Prompt template for MMSafetyBench and FigStep safety assessment.
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