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Abstract
Guardrail models are critical for securing LLM de-

ployments, yet their evaluation remains largely English-
centric, leaving a gap for languages like Japanese. To
address this, we introduce WildGuardTestJP, a Japanese
safety benchmark derived from WildGuard using a multi-
stage translation pipeline that preserves adversarial intent
and linguistic naturalness, validated through human and
model-based checks. Using this benchmark, we show
that English-centric guardrails underperform on Japanese
content, while multilingual models and our newly trained
Sarashina-wildguardjp-7B achieve state-of-the-art per-
formance across prompt and response harm detection. The
dataset is publicly available at https://huggingface.

co/datasets/sbintuitions/WildGuardTestJP.

1 Introduction
As the deployment of Large Language Models (LLMs)

becomes ubiquitous, ensuring their safety is paramount. To
enhance security, modern deployments increasingly rely
on guardrail models—specialized, lightweight safety de-
tectors that operate in parallel with the primary model [1,
2, 3, 4]. These systems provide a vital layer of defense
by screening input and output content. Beyond immedi-
ate safety, the modular nature of these guardrails offers
a strategic advantage: their small size allows for rapid,
low-cost fine-tuning to address emerging threats without
the prohibitive resource burden of retraining the primary
model.

Despite the proven utility of these architectures, a crit-
ical disparity exists in the evaluation of safety guardrails
for non-English contexts, particularly Japanese. The pri-
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mary obstacle is a scarcity of high-quality, native-language
datasets, which severely hinders both the development of
robust Japanese guardrails and the rigorous benchmarking
of their effectiveness. Without culturally nuanced evalua-
tion sets, it remains difficult to replicate the safety guaran-
tees found in English models or to accurately assess how
well safety concepts transfer to Japanese deployments.

Recent advancements in the Japanese AI safety ecosys-
tem have attempted to address this by focusing predomi-
nantly on the primary LLMs themselves. The landscape
has expanded to include foundational resources such as
AnswerCarefully [5] for instruction tuning, JBBQ [6] for
quantifying social biases, JSocialFact [7] for assessing ro-
bustness against misinformation, and TruthfulQA [8] for
factuality. However, while evidence suggests that auxiliary
guardrail models significantly enhance the alignment of
such primary systems [9, 4], resources dedicated to evaluat-
ing the guardrails themselves remain comparatively scarce.
The current landscape relies heavily on non-conversational
raw text detection datasets, such as the LLM-jp Toxicity
Dataset [10]. These resources consist of isolated texts an-
notated for toxicity, notably lacking the dyadic structure of
user prompts and model responses. Consequently, while
they are applicable for filtering raw pre-training corpora,
their effectiveness in conversational settings remains un-
clear. They notably fail to capture the adversarial patterns
used in User—LLM interactions, such as jailbreaks, high-
lighting a deficit in benchmarks designed to rigorously
stress-test safety models in Japanese.

To bridge this gap, we introduce WildGuardTestJP, a
Japanese translation of the WildGuardTest dataset [3] de-
signed to benchmark guardrail performance. While trans-
lating existing benchmarks is a natural starting point, ad-
versarial safety datasets present unique challenges: harm-
ful content often relies on idioms or metaphors lacking

― 3963 ―

言語処理学会 第32回年次大会 発表論文集（2026年3月）

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



direct Japanese equivalents, and commercial translation
models frequently refuse to process such sensitive text. To
navigate the trade-off between literal faithfulness and nat-
ural phrasing while preserving adversarial characteristics,
we employed a multi-stage methodology leveraging high-
performing open-source LLMs as automatic judges along-
side systematic refusal-avoidance strategies. We validated
the quality of the resulting dataset through an LLM-based
approach and human annotation on 200 samples. Compar-
ing our results against original English ground-truth labels,
we observed consistently high agreement for prompt harm
(𝜅 = 0.60, 79.5% agreement), response refusal (𝜅 = 0.74,
88.0%), and response harm (𝜅 = 0.54, 87.5%).

Using this new benchmark, we evaluated existing safety
models and identified a substantial performance gap:
English-only guardrails significantly underperform com-
pared to multilingual ones, demonstrating a poor transfer
of safety knowledge to Japanese despite the underlying base
dataset being identical. In summary, our contributions are:

1. We present a structured approach for generating local-
ized datasets via multi-step translation. Leveraging
this method, we release WildGuardTestJP, a com-
prehensive, human-validated Japanese benchmark for
evaluating guardrail models (§ 2).

2. We demonstrate the utility of the dataset by bench-
marking moderation models (§3).

2 Methodology
In this section, we outline the construction of

WildGuardTestJP, a Japanese localization of the
WildGuardTest dataset. We selected WildGuardTest be-
cause it spans all major guardrail evaluation aspects, in-
cluding input moderation (prompt harmfulness), output
moderation (response harmfulness), and refusal detection,
while also including adversarial jailbreak examples that are
critical for evaluating the robustness of the models.

To address the challenges inherent in translating harm-
ful content― specifically the tendency of safety-aligned
models to refuse translation―we developed a multi-stage
"Translate-Evaluate-Refine" pipeline. Our approach prior-
itizes varying strengths of different models: we utilize the
high availability of Seed-X-PPO-7B [11] for initial cov-
erage, the reasoning capabilities of gpt-oss-120b [12]
for quality estimation, and a targeted refinement step that

replaces bad translations with the best translations.

2.1 Translation Pipeline

Initial Translation (Base Coverage) The primary
challenge in translating safety benchmarks is that standard
instruction-tuned LLMs frequently misidentify the request
to translate harmful text as a request to generate harmful
content, resulting in a refusal.1）

To overcome this, we employed Seed-X-PPO-7B as our
primary translator. In our preliminary analysis, this model
demonstrated two critical traits: (1) it provided complete,
refusal-free coverage of the adversarial content, and (2)
it retained subtle adversarial characteristics, ensuring the
translated benchmark remains a valid stress test.

Translation was performed using a structured three-step
prompt pipeline to maximize fidelity and consistency: 1.
Initial Translation – The model is instructed to translate
the source text. 2. Reflection – A second pass prompts
the model to critique the initial translation, suggesting im-
provements in accuracy, fluency, style, terminology, and
structural fidelity. 3. Editing and Improvement – Fi-
nally, the model revises the translation based on expert
suggestions.

Automated Quality Evaluation To ensure transla-
tion quality, we adapted the "LLM-as-a-Judge" [13]. We
used an LLM to evaluate translations on a 3-point Likert
scale: Bad, Partially Correct, and Entirely Correct.

We selected gpt-oss-120b as our evaluator (with
medium thinking effort enabled). This selection fol-
lowed a comparative analysis against gemma-3-27b-it

and Qwen2.5-72B-Instruct. While the latter models
classified nearly all translations as correct, gpt-oss-120b
demonstrated a better alignment with human judgment.2）

Iterative Refinement To maximize quality with-
out sacrificing coverage, we applied a prioritized re-
placement strategy to the 71 prompts and 111 re-
sponses flagged as Bad by our judge. For these distinct
cases, we attempted re-translation using gpt-oss-120b,
Qwen2.5-72B-Instruct, and gemma-3-27b-it (in that
order). If any of these models produced a translation judged
as Entirely Correct, we replaced the original. However, in
eleven cases—nine prompts and two responses—where the

1） Safety-tuned models often refuse to translate harmful prompts.
2） Manual inspection of 1,725 prompt–response pairs confirmed that

errors flagged by gpt-oss-120b were true mistranslations, whereas
other judge models missed these cases.
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above three models failed to produce adequate translations,
we used the translations from Seed-X-PPO-7B.

2.2 Human Evaluation

To evaluate whether the Japanese translation of
WildGuard maintains the reliability of the original dataset,
we conducted complementary human annotations. We
compared 200 translated samples, annotated by seven hu-
man raters, against the original ground-truth labels from
the English dataset. We observed substantial agreement for
prompt harm (Fleiss’ 𝜅 = 0.60), response refusal (Fleiss’
𝜅 = 0.74), and response harm (Fleiss’ 𝜅 = 0.54). These
values fall within the same range as the Fleiss’ 𝜅 values
reported in the original WildGuard (0.50, 0.72, 0.55). The
similarity in values suggests that the translated dataset pre-
serve the semantic signal needed for consistent annotation.

3 Experiments and Results
We conduct experiments to benchmark the effectiveness

of language models in moderating Japanese-language in-
teractions using the WildGuardTestJP dataset. We eval-
uate instruction-following models, off-the-shelf guardrail
systems, and a newly trained Japanese-specific guardrail.
We consider three moderation tasks: (i) input moderation
(prompt harmfulness), (ii) output moderation (response
harmfulness), and (iii) response refusal detection. Fol-
lowing prior work [3], we report F1 scores on adversarial
and non-adversarial subsets.

Instruction-Following Models First, we eval-
uate the safety-prediction capabilities of publicly
available “open-weights” instruction-tuned mod-
els. To ensure a fair comparison across architec-
tures, we adopt a standardized evaluation prompt,
and we limit selection to sizes commonly used for
guardrail systems (3B–32B parameters). The mod-
els evaluated include: LLama-3-ELYZA-JP-8B [14],
Llama-3.1-Swallow-8B-Instruct-v0.5 [15],
calm2-chat [16], llm-jp-3.1-13b-instruct4 [10],
Sarashina2.2-3B 3）, Gemma-3 (4B and 12B) [17],
the Qwen2.5 [18] and Qwen3 [19] families (reasoning
enabled and disabled) [18], Llama-3.1-8B [9], Llama

Tulu3 8B [20], and reasoning-focused models including
gpt-oss-20b [12] and Qwen3 variants in reasoning mode.

3） https://huggingface.co/sbintuitions/sarashina2.

2-3b-instruct-v0.1

Guardrail Models Second, we benchmark models
specifically trained for safety moderation. These models
are evaluated on their ability to identify harmful prompts,
harmful responses, and refusal behavior. We consider three
categories. The first category consists of harmfulness de-
tectors, which primarily focus on input/output harmfulness
classification but also allow us to infer refusal behavior.
Here, we evaluate Llama-Guard-2 [2], Llama-Guard-3

[9], and shieldgemma-9b [21]. Since these models do
not provide explicit refusal tags, we omit refusal detection
results.

The second category includes comprehensive modera-
tors, which jointly predict prompt harmfulness, response
harmfulness, and refusal detection. This group comprises
WildGuard [3], the multilingual PolyGuard-Qwen [13],
and the generative Qwen3Guard-Gen [22]. For
Qwen3Guard-Gen, we report results under two configu-
rations: a strict mode, where the controversial category is
considered unsafe, and a loose mode, where controversial
content is treated as safe. Finally, we include a Japanese-
specific guardrail model, Sarashina-wildguardjp-7B

and Llama3-wildguardjp-8B, trained by fine-tuning on a
Japanese-translated version of the WildGuardTrain dataset.
These model serves a dual purpose: assessing its modera-
tion capability and validating the quality of the translation
pipeline, as poor translation would likely result in degraded
performance on the translated and human validated test set.

3.1 Results

Table 1 summarizes the results. For instruction-tuned
models, we highlight only the best-performing model
within each parameter-count group; complete results are
provided in Appendix A, Table 2.

Instruction-Following Models Equally sized general-
purpose instruction-tuned models underperform compared
to specialized guardrail models in Japanese safety mod-
eration tasks. The best-performing model, Qwen3-32B,
achieves an overall F1 score of 83.2 for input moderation
and 75.3 for output moderation.

Guardrail Models Specialized guardrail models out-
perform instruction-tuned models, confirming that tar-
geted safety training is critical for robust modera-
tion. However, general-purpose models consistently out-
perform guardrail models in refusal detection across
all evaluation categories with Gemma-3-12b-it achiev-
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Model Input Moderation Output Moderation Refusal Detection

Adv Vani Overall Adv Vani Overall Harm Adv Vani Overall

Qwen3-4B 64.5 82.4 74.8 42.3 50.2 46.3 85.5 89.9 79.4 83.8
Qwen3-8B 68.2 85.2 78.1 64.2 80.3 72.3 84.3 89.6 81.5 84.7
Gemma-3-12b-it 71.8 70.4 71.1 61.8 84.3 72.8 93.7 91.5 91.8 91.7
Qwen3-14B 69.7 89.0 81.0 68.4 81.3 75.0 89.8 89.3 85.8 87.3
calm3-22b-chat 57.3 76.0 68.1 13.3 47.0 32.5 87.0 86.6 80.9 83.3
Qwen2.5-32B-Instruct 78.9 88.4 83.9 68.0 80.9 74.1 92.1 89.3 87.5 88.2
Qwen3-32B 77.3 88.0 83.2 68.4 82.4 75.3 93.7 92.2 89.5 90.6
Qwen3-32B-reasoning 73.9 92.1 84.5 63.1 80.2 72.3 89.6 85.3 86.7 86.1
gpt-oss-20b-reasoning-medium 77.0 90.0 83.9 65.1 79.9 72.1 88.3 84.3 85.9 85.2

Llama-Guard-2-8B 43.1 78.0 64.4 56.6 73.8 65.3 - - - -
Llama-Guard-3-8B 45.8 81.2 67.1 50.0 76.0 64.3 - - - -
ShieldGemma-9b 36.6 53.1 46.2 26.6 54.0 42.4 - - - -
WildGuard 72.7 81.0 77.3 60.0 72.9 67.1 93.6 89.4 90.0 89.7
PolyGuard-Qwen 84.5 91.9 88.5 66.4 83.2 75.0 88.8 84.7 86.0 85.5
Qwen3Guard-Gen-0.6B-strict 81.3 89.2 85.6 65.8 83.7 74.6 93.3 89.8 89.9 89.8
Qwen3Guard-Gen-0.6B-loose 80.6 88.1 84.7 66.9 82.9 75.0 93.3 89.8 89.9 89.8
Qwen3Guard-Gen-4B-strict 81.0 91.1 86.4 70.1 86.2 78.1 93.2 89.5 90.9 90.3
Qwen3Guard-Gen-4B-loose 80.2 89.3 85.2 69.6 86.0 78.2 93.2 89.5 90.9 90.3
Qwen3Guard-Gen-8B-strict 82.6 92.3 87.9 69.2 85.4 77.1 92.9 88.3 89.9 89.2
Qwen3Guard-Gen-8B-loose 81.5 90.1 86.2 70.1 86.2 78.5 92.9 88.3 89.9 89.2
gpt-oss-safeguard-20b-reasoning-medium 80.5 92.8 87.4 70.3 85.2 77.7 92.4 83.4 79.0 80.7

Sarashina-wildguardjp-7b 83.5 92.3 88.2 72.6 83.4 78.3 92.9 88.3 87.8 88.0
Llama3-wildguardjp-8B 84.6 91.8 88.5 70.7 82.6 77.0 93.6 86.9 88.3 87.7

Table 1 F1 scores on WildGuardTestJP for prompt safety (Input Moderation), response safety (Output Moderation), and response
refusal detection. Results are reported for the adversarial subset (Adv), the non-adversarial subset (Vani), and the combined overall set
(Overall). For refusal detection, we also include performance on the harmful prompts subset (Harm). For instruction-tuned models,
only the best-performing models within each parameter count group are highlighted; full results are provided in Appendix A, Table 2.

ing the best overall F1 score of 91.7%. English-
centric guardrails such as Llama-Guard and WildGuard

show notably weaker performance compared to mul-
tilingual solutions like PolyGuard, Qwen3-Guard-Gen,
and our newly trained Sarashina-wildguardjp-7B and
Llama3-wildguardjp-8B, highlighting the poor transfer-
ability of English safety to Japanese.

On overall input moderation, Llama3-wildguardjp-8B
achieves an F1 score of 88.5%, matching the best-
performing multilingual model, PolyGuard (88.5%). For
output moderation, sarashina-wildguardjp-7B reaches
78.3%, comparable to Qwen3-Guard (78.5%). In refusal
detection, Qwen3-Guard-Gen-4B leads with 90.1%, while
Sarashina-wildguardjp-7B follows closely at 88.0%.

The competitive performance of
Sarashina-wildguardjp-7B demonstrates the ef-
fectiveness of our translation pipeline. However, all
models exhibit lower F1 scores on adversarial prompts
compared to vanilla prompts, consistent with the original
WildGuard findings. This drop confirms that adversarial

characteristics were preserved in the translated dataset.

4 Conclusion
In this paper, we proposed a multistage transla-

tion pipeline for converting an existing safety bench-
mark into Japanese. Using this pipeline, we cre-
ated WildGuardTestJP, a high-quality Japanese ver-
sion of WildGuard, and validated its quality through
human evaluation. To further demonstrate the ef-
fectiveness of the pipeline, we translated the Wild-
Guard training set and trained a Japanese-specific
guardrail model, Sarashina-wildguardjp-7B and
Llama3-wildguardjp-8B. This model achieved competi-
tive performance compared to the best-performing models
in each moderation category, confirming that our trans-
lation approach preserves both semantic fidelity and ad-
versarial characteristics. Our work provides a practical
methodology for building multilingual safety datasets and
models, enabling robust safety evaluation in languages
where resources are limited.
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A Supplementary Results

Model Input Moderation Output Moderation Refusal Detection

Adv Vani Overall Adv Vani Overall Harm Adv Vani Overall

sarashina2.2-3B 49.3 67.6 59.4 11.7 18.1 15.5 64.5 68.4 61.4 64.2
Qwen2.5-3B-Instruct 62.7 80.9 73.7 34.8 53.7 43.8 56.5 70.7 38.9 53.4
Gemma-3-4b-Instruct 20.4 19.6 20.0 34.5 54.1 46.0 90.3 91.5 87.4 89.1
Qwen3-4B 64.5 82.4 74.8 42.3 50.2 46.3 85.5 89.9 79.4 83.8
Qwen2.5-7B-Instruct 63.5 81.6 74.0 50.4 61.0 56.7 83.0 88.1 74.2 80.2
Llama-3.1-Tulu-3-8B-SFT 59.7 75.0 68.5 61.3 68.4 65.1 68.0 69.3 61.8 64.9
Olmo-3-7B-Instruct 67.1 71.8 69.5 40.6 50.0 44.8 88.4 90.2 83.2 86.0
Llama-3.1-Swallow-8B 54.5 65.1 60.2 38.4 69.6 54.3 91.1 90.0 89.9 90.0
Meta-Llama-3.1-8B 58.5 73.2 66.9 46.5 69.9 59.5 91.7 90.9 88.8 89.6
Llama-3-ELYZA-JP-8B 51.8 70.6 62.8 29.6 59.3 45.9 81.9 85.8 78.3 81.1
Qwen3-8B 68.2 85.2 78.1 64.2 80.3 72.3 84.3 89.6 81.5 84.7
Gemma-3-12b-it 71.8 70.4 71.1 61.8 84.3 72.8 93.7 91.5 91.8 91.7
llm-jp-3.1-13b 57.0 76.1 68.0 11.8 46.0 32.4 74.4 80.5 71.6 75.4
Qwen2.5-14B-Instruct 76.5 84.4 80.7 59.1 69.5 64.2 66.3 81.3 54.7 67.0
Qwen3-14B 69.7 89.0 81.0 68.4 81.3 75.0 89.8 89.3 85.8 87.3
calm3-22b-chat 57.3 76.0 68.1 13.3 47.0 32.5 87.0 86.6 80.9 83.3
Qwen2.5-32B-Instruct 78.9 88.4 83.9 68.0 80.9 74.1 92.1 89.3 87.5 88.2
Qwen3-32B 77.3 88.0 83.2 68.4 82.4 75.3 93.7 92.2 89.5 90.6
Qwen3-4B-reasoning 39.8 78.6 63.7 39.8 68.9 56.5 90.5 90.6 85.8 87.7
Qwen3-14B-reasoning 57.8 87.1 75.3 58.9 78.4 69.7 90.1 86.0 87.6 87.0
Qwen3-32B-reasoning 73.9 92.1 84.5 63.1 80.2 72.3 89.6 85.3 86.7 86.1
gpt-oss-20b-reasoning-medium 77.0 90.0 83.9 65.1 79.9 72.1 88.3 84.3 85.9 85.2

Llama-Guard-2-8B 43.1 78.0 64.4 56.6 73.8 65.3 - - - -
Llama-Guard-3-8B 45.8 81.2 67.1 50.0 76.0 64.3 - - - -
ShieldGemma-9b 36.6 53.1 46.2 26.6 54.0 42.4 - - - -
WildGuard 72.7 81.0 77.3 60.0 72.9 67.1 93.6 89.4 90.0 89.7
PolyGuard-Qwen 84.5 91.9 88.5 66.4 83.2 75.0 88.8 84.7 86.0 85.5
Qwen3Guard-Gen-0.6B-strict 81.3 89.2 85.6 65.8 83.7 74.6 93.3 89.8 89.9 89.8
Qwen3Guard-Gen-0.6B-loose 80.6 88.1 84.7 66.9 82.9 75.0 93.3 89.8 89.9 89.8
Qwen3Guard-Gen-4B-strict 81.0 91.1 86.4 70.1 86.2 78.1 93.2 89.5 90.9 90.3
Qwen3Guard-Gen-4B-loose 80.2 89.3 85.2 69.6 86.0 78.2 93.2 89.5 90.9 90.3
Qwen3Guard-Gen-8B-strict 82.6 92.3 87.9 69.2 85.4 77.1 92.9 88.3 89.9 89.2
Qwen3Guard-Gen-8B-loose 81.5 90.1 86.2 70.1 86.2 78.5 92.9 88.3 89.9 89.2
gpt-oss-safeguard-20b-reasoning-medium 80.5 92.8 87.4 70.3 85.2 77.7 92.4 83.4 79.0 80.7

Sarashina-wildguardjp-7b 83.5 92.3 88.2 72.6 83.4 78.3 92.9 88.3 87.8 88.0
Llama3-wildguardjp-8B 84.6 91.8 88.5 70.7 82.6 77.0 93.6 86.9 88.3 87.7

Table 2 F1 scores on WildGuardTestJP for prompt safety (Input Moderation), response safety (Output Moderation), and refusal
detection. Results are reported for the adversarial subset (Adv), the non-adversarial subset (Vani), and the combined overall set. For
refusal detection, we also include performance on the harmful prompts subset (Harm).

Table A, shows the results for all evaluated models. Note: GPT-OSS-20B–Reasoning-Medium refused to answer 22 questions, which
were classified as incorrect predictions for F1 computation. Meanwhile, Qwen3-4B–Reasoning-Medium and Qwen3-14B–Reasoning-
Medium each had one invalid prediction that was considered wrong.

Due to space constraints, we do not include the prompts used in our translation pipeline or evaluation.
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