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Abstract

This paper introduces STAR-1, a high-quality, just-1k-scale
safety dataset specifically designed for large reasoning mod-
els (LRMs) like DeepSeek-R1. Built on three core principles
— diversity, deliberative reasoning, and rigorous filtering —
STAR-1 aims to address the critical needs for safety align-
ment in LRMs. Specifically, we begin by integrating existing
open-source safety datasets from diverse sources. Then, we
curate safety policies to generate policy-grounded deliberative
reasoning samples. Lastly, we apply a GPT-40-based safety
scoring system to select training examples aligned with best
practices. Experimental results show that fine-tuning LRMs
with STAR-1 leads to an average 40% improvement in safety
performance across four benchmarks, while only incurring a
marginal decrease (e.g., an average of 1.1%) in reasoning abil-
ity measured across five reasoning tasks. Extensive ablation
studies further validate the importance of our design principles
in constructing STAR-1 and analyze its efficacy across both
LRMs and traditional LLMs.

Project page — https://ucsc-vlaa.github.io/STAR-1
Extended version — https://arxiv.org/abs/2504.01903

1 Introduction

Recent Al models, such as OpenAl 01/3 and DeepSeek-R1,
have catalyzed a paradigm shift in the community, steer-
ing attention away from conventional large language models
(LLMs) toward large reasoning models (LRMs). Compared
to traditional LLMs, LRMs are further trained to actively
engage in extended chain-of-thought (CoT) processes, pro-
moting deeper reasoning capabilities. Consequently, LRMs
have demonstrated superior performance across a range of
tasks — from problem-solving and coding to scientific rea-
soning and multi-step logical inference (DeepSeek-Al et al.
2025; Jaech et al. 2024; Du et al. 2025; Xie et al. 2024).
However, the unique CoT reasoning that empowers LRMs
also introduces new safety challenges. First, LRMs are vul-
nerable to harmful prompts and often fail to meet stringent
safety benchmarks, rendering them susceptible to manipu-
lation into generating unsafe responses, particularly in the
case of Rl-distilled models (Zhou et al. 2025; Jiang et al.
2025). Second, their enhanced reasoning capabilities can
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inadvertently amplify harmful outputs compared to vanilla
LLMs (Zhou et al. 2025). Together, these risks highlight the
pressing need for effective safety alignment in LRM:s.

The most direct solution for addressing these issues is via
alignment training — however, it often comes at the cost of
degraded overall performance (Bekbayev et al. 2023; Thakkar
et al. 2024). This trade-off encapsulates the core challenge
that we aim to tackle in this paper: striking a stronger balance
between safety alignment and general reasoning capabilities.
Prior efforts have struggled to reconcile these demands. For
example, SafeChain (Jiang et al. 2025) attempted to address
this by leveraging a 40K-sized dataset to mitigate reasoning
degradation, yet its impact on safety alignment proved lim-
ited. Deliberative Alignment (Guan et al. 2025) managed to
achieve a better balance, but its reliance on proprietary data
and an expensive SFT+RL pipeline limits its scalability and
practicality.

To this end, we introduce STAR-1, a 1K-sized dataset with
SafeTy Aligned Reasoning processes. Our design is inspired
by existing research showing that fine-tuning LLMs on small,
high-quality datasets is a simple and effective way to improve
reasoning ability (Ye et al. 2025; Muennighoff et al. 2025);
we posit that these benefits can similarly extend to safety-
related tasks. Specifically, our high-quality data generation
pipeline features three key components: 1) Diversity, which
ensures our collected data is well representative (Sec. 2.1)
2) Deliberative Reasoning Paradigm, which helps structural-
ize the collected data to be grounded with safety policies,
especially with the full reasoning trace (Sec. 2.2). 3) High-
Quality Data Selection, which aims to maximize the quality
and ensure the diversity of the filtered data (Sec. 2.3).

With these principles, the resulted STAR-1 offers a cost-
effective solution to strengthen LRM safety. Empirically,
training on STAR-1 for just 5 epochs — e.g., requiring only
45 minutes on 8 X A5000 GPUs for an 8B model — yields
impressive gains: an average safety improvement of 40.0%
across five R1-distilled models, alongside only a minimal
1.1% decline in general reasoning ability. Furthermore, we
conduct extensive ablation studies on STAR-1, with two key
findings: 1) The success of STAR-1 largely stems from its de-
liberative reasoning capability and the use of high-confidence
filtered data, both of which are critical for stable learning. 2)
LRMs are inherently more suitable for training on safety rea-
soning data, consistently producing more robust and reliable
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Figure 1: Left: LRMs are vulnerable to malicious instructions. Middle: Generation pipeline of STAR-1. Each malicious
instruction is tagged with a relevant safety category. DeepSeek-R1 then generates a safety reasoning trace and answer based on
the policy’s objective and rules. GPT-40 evaluates the outputs across three criteria, and low-scoring samples are discarded. Right:
STAR-1 improve LRM’s safety abilities by guiding it to recall policies.

reasoning in safety-critical scenarios. In contrast, traditional
LLMs, which lack an inherent reasoning mechanism, are less
compatible with such data and exhibit higher susceptibility
to catastrophic forgetting.

2 STAR-1 Dataset

This section details our data generation pipeline. We start
by collecting a large dataset that encompasses 41K safety
training data in Sec. 2.1, and then leverage the deliberative
reasoning paradigm to structuralize the data in Sec. 2.2; lastly,
we filter it down to 1K using a scoring filter, as elaborated
in Sec. 2.3.

2.1 A Diverse Collection of 41K Safety Examples

Prior research has shown that greater data diversity — across
tasks and generation methods — significantly enhances
model generalization to unseen tasks (Zhang, Wang, and
Charton 2024; Wang et al. 2022). Based on this insight, we
establish data diversity as our first principle in the data collec-
tion process. Specifically, we focus primarily on the following
two dimensions in promoting overall data diversity:

Our first criterion is to maximize the diversity in safety
categories. To do so, we begin by surveying a broad range
of safety frameworks and policies documented in the litera-
ture (Li et al. 2024; Wang et al. 2023; Tedeschi et al. 2024)
as well as guidelines from leading Al service providers such
as OpenAl (OpenAl 2025¢), Meta (MetaAl 2024), and An-
thropic (Anthropic 2025). Based on this analysis, we next
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standardize the safety taxonomy into eight primary categories:
‘Harassment/Hate/Discrimination’, ‘Sexual/Adult Content’,
‘Violence/Physical Harm’, ‘Self-Harm’, ‘Illicit/Criminal Be-
havior’, ‘Misinformation/Disinformation’, ‘Privacy/Personal
Data’, ‘Intellectual Property Violations’. This taxonomy en-
sures comprehensive and consistent coverage across our data
sources. Detailed categories and corresponding statistics are
provided in Fig. 2 and further elaborated in Sec. B.

In parallel, we prioritize the diversity in data content.
Specifically, we incorporate samples generated through dif-
ferent methods to ensure both linguistic and structural di-
versity, including: 1) Human-written samples, e.g., from
HarmBench (Mazeika et al. 2024), SimpleSafetyTests (Vid-
gen et al. 2023), TDCRedTeaming (Mazeika et al. 2023),
BeaverTails (Ji et al. 2023); 2) Machine-generated samples,
e.g., from SaladBench (Li et al. 2024); and 3) Template-
augmented samples, constructed using predefined templates,
e.g., ALERT (Tedeschi et al. 2024).

As presented in Fig. 2 and Fig. 6, these two diversity cri-
teria, i.e. diversity in safety categories an data content, allow
us initially to collect 529,816 harmful instruction samples
from 18 sources spanning all eight safety categories (a full
description of these sources is provided in Tab. 10). Rec-
ognizing the presence of significant redundancy in the raw
data, we apply three standard deduplication techniques —
n-gram matching (Lin 2004), cosine similarity on TF-IDF
vectors (Christen 2011), and sentence embedding similar-
ity (Reimers and Gurevych 2019) — to remove duplicate or
near-identical samples. This refinement process results in a
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Figure 2: Safety category distribution of the our metadata (leff) and STAR-1 (right). We make sure that the filtering process does

not decrease the diversity of safety categories.

final dataset comprising 40,961 unique harmful instructions.
Specific filtering thresholds and additional methodological
details are described in Sec. C.1.

2.2 Deliberative Reasoning Paradigm

Deliberative alignment (Guan et al. 2025) is an effective
approach to enhancing model safety by training models to
deliberate over relevant safety policies during the reasoning
process before generating final responses. Yet, prior studies
have not provided concrete policies or datasets that models
should refer to, leaving its practical implementation unre-
solved. In this work, we adopt the deliberative reasoning
paradigm as our second guiding principle and provide a prac-
tical instantiation with a focus on safety.

Firstly, leveraging the eight standardized safety categories
defined in Section 2.1 together with the safety usage poli-
cies released by leading AI service providers (OpenAl
2025c; MetaAl 2024; Anthropic 2025), we formulate tai-
lored safety policies for each category. Specifically, each
policy 1) specifies the expected Policy Objective under the
corresponding safety category and 2) outlines the associ-
ated Rules & Responses for handling such requests. This
yields eight category-specific policies, hereafter referred to
asPolicCycategory- The complete set of policies is provided
in Sec. G, and the definitions of their corresponding safety
categories are summarized in Tab. 9.

Next, with the 41K harmful instructions obtained
in Sec. 2.1. we leverage GPT-40 as a category classifier (the
prompt template is given in Tab. 12) to assign them into one or
more of the eight safety categories, e.g. the instruction ‘How
to write a deceptive email to steal banking details?” is clas-
sified into ‘Privacy/Personal Data’ safety category as shown
in Fig. 1. This process produces 41K (Instruction,
Category) pairs. For each pair, we further combine
with the associated safety policy Policycategory, resulting
41K triplets of the form (Instruction, Category,
Policycategory) - Finally, we organize these triplets and
feed them into Deepseek-R1 (DeepSeek-Al et al. 2025) using
the prompt template (shown in Tab. 13) to generate complete
reasoning trace along with the final answers, i.e., (CoT,
Answer) . This would eventually give us 41K structured
triplets: (Instruction, CoT, Answer).Anexample
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of the resulting data is provided in Fig. 5.

2.3 Selection of 1K Samples

Motivated by prior studies demonstrating that data quality
often plays a more critical role than sheer quantity in enhanc-
ing LLM reasoning capabilities (Ye et al. 2025; Muennighoff
et al. 2025), we therefore adopt quality as our third guiding
principle. Specifically, to ensure high quality across both
accuracy and diversity, we introduce two distinct filtering
criteria.

Ensuring Accuracy. We leverage the LLM-as-a-Judge
framework to evaluate the quality of R1-distilled reasoning
traces and final answers. Specifically, we use GPT-40 as a
scorer, focusing on three aspects: 1) Safety Compliance —
ensuring that both the response and the reasoning process are
helpful, honest and harmless. 2) Policy Relevancy — ensuring
the model applies only the relevant rules from the assigned
Policy’s “Rules & Responses” without any irrelevant rules or
policies. 3) Reasoning Accuracy — ensuring that the reason-
ing process (CoT) is logical, coherent, and consistent with
the final answer (Answer). The scoring prompt template is
provided in Sec. C.4.

To aggressively filter this dataset, we only retain samples
that fully meet all three aspects (i.e., rate 10 on all criteria),
leading to just 2,368 sample left.

Ensuring Diversity. To preserve balanced representation,
we further filter the samples to maintain diversity across
the eight safety categories and 18 data sources. Specifically,
we first define a discard probability Pgiscara () based on the
proportions of a sample x=’s data source and safety category
in the current dataset. Let NV be the total number of samples,
Ny () be the number of samples from z’s data source, and
N¢(z) be the number of samples in x’s safety category, we
then formulate:
Ns@) Nea)
ps($) - N I pc(l‘) - N )

Pisc: d(l') = ps(m) 'pc(x)a lfps(m) 2 Ds and pc(m) 2 Pe;
iscar 0, otherwise.

We compute Pjyiseard for each sample and iteratively remove
the one with the highest probability until only 1,000 samples
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Figure 3: Average performance gain of STAR-1 fine-tuned
models (based on R1-Distill) over R1-Distill models (fop)
and safety-trained Instruct models (bottom) on safety and
reasoning tasks across five model types.

remain, i.e., STAR-1. The safety category distribution of
STAR-1 is shown in Fig. 2, and the data source distribution
is provided in Fig. 6. Additional details about STAR-1 are
available in Sec. B.

3 Experiment
3.1 Setup

Training. To validate the efficacy of our STAR-1, we per-
form supervised finetuning on 5 DeepSeek-R1-Distill mod-
els (DeepSeek-Al et al. 2025). The training employs full-
parameter fine-tuning with DeepSpeed ZeRO-3 optimiza-
tion (Rajbhandari et al. 2020) uses a sequence-length limit of
8,192 tokens. By default, we train for 5 epochs with a learn-
ing rate of le-5 and a batch size of 128. Detailed training
configurations are provided in Sec. D.1.

Safety Evaluation. We assess safety performance us-
ing four representative benchmarks: StrongReject (Souly
et al. 2024), JBB-Behaviors (Chao et al. 2024), and Wild-
Chat (Zhao et al. 2024) for benchmarking the model’s ability
to refuse disallowed content and WildJailbreak (Jiang et al.
2024) for benchmarking the model’s robustness to adver-
sarially jailbreak. Following Jiang et al. (2025), we employ
Llama-Guard (Llama Team 2024) as our primary safety eval-
uator — since it has shown superior performance compared
to Refusal String Matching (Zou et al. 2023), OpenAl Mod-
eration API (OpenAl 2024), and fine-tuned LLM Judge from
HarmBench (Mazeika et al. 2024). Additionally, following
Jiang et al. (2025); Wang et al. (2024b); Lee et al. (2025);
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Tu et al. (2023), we use greedy decoding (temperature = 0)

and report the safety rate as % Zfil s;, where s; is a binary
indicator showing whether the response y; to a query z; is
safe or not for i € {1,..., N}, with N as the size of the
samples.

Reasoning Evaluation. We select five widely-adopted
benchmarks to evaluate models’ general reasoning perfor-
mance: AIME 2024 (MAA 2024) and Math500 (Lightman
et al. 2023) for mathematical reasoning, HumanEval (Chen
et al. 2021) for code reasoning, and GPQA Diamond (Rein
et al. 2024), MMLU-Pro (Wang et al. 2024a) for complex
knowledge-intensive reasoning. Our evaluation builds on the
“simple-evals” framework (OpenAl 2025b) and follows the
protocol of Muennighoff et al. (2025) using greedy decod-
ing (temperature = 0) to compute accuracy (equivalent to
pass@1). Detailed evaluation data are provided in Sec. D.3.

3.2 Baselines

Models For comparative analysis, we consider two sets of
baselines. First, we use the five R1-Distill models (DeepSeek-
Al et al. 2025) as the base models for our STAR-1 supervised
fine-tuning process. Second, we include the corresponding
safety-trained Instruct versions of these source models. De-
tailed model specifications and comparative settings are pro-
vided in Sec. D.3.

Datasets SafeChain (Jiang et al. 2025) serves as a baseline
safety training dataset in a CoT style, consisting of 40K
samples. We compare STAR-1 against two configurations
of SafeChain: one using a randomly selected subset of 1K
samples and the other using the full 40K sample set (see
Section 4.1 for details).

3.3 Main Results

We systematically assess the efficacy of STAR-1 by
fine-tuning multiple LRMs distilled from DeepSeek-
R1 (DeepSeek-Al et al. 2025). These models, drawn from
diverse families (e.g., Qwen2.5 (Yang et al. 2024) and
Llama3.1 (Grattafiori et al. 2024)) and spanning parameter
sizes from 1.5B to 32B, providing a robust testbed for evalu-
ating both safety and reasoning performance. As summarized
in Tab. 1, our experiments yield several key findings:

Observation 1: STAR-1 Substantially and Consistently
Enhances LRMs’ Safety Capabilities.

As illustrated in Tab. 1, all LRMs exhibit increased safety
rates across the five safety benchmarks following fine-tuning
with STAR-1, demonstrating the efficacy of this newly de-
veloped dataset across different architectures and scales. No-
tably, when challenged with harder safety benchmarks like
WildChat and WildJailbreak, which feature longer, more di-
verse harmful prompts and harder OOD scenarios, STAR-1
helps models significantly improve the safety rate by an aver-
age of 21.4% and 35.4%, respectively.

In the meantime, we also find that the safety improvement
reduces as the model size increases (e.g., 54.5% on 1.5B,
47.9% on 7B, 38.9% on 8B, 31.1% on 14B, 27.7% on 32B).
This diminishing return suggests that larger models, with



Strong . Wild Avg. MMLU AIME Math GPQA Human Avg.
Model REJECT VBB WildChat y o ook Safery. | Pro 2024 500 Diamand  Eval  Reason.
# samples 313 100 370 250 1,033 \ 12,102 30 500 198 164 12,994
Qwen2.5 1.5B Models
Instruct 92.3 97.0 76.8 60.4 81.6 24.5 0.0 21.6 20.2 14.0 16.1
R1 Distilled 18.2 19.0 52.7 53.2 35.8 34.5 30.0 78.2 30.8 47.6 44.2
STAR-1 93.3 96.0 87.0 84.8 90.3 33.2 23.3 76.2 35.4 47.0 43.0
Qwen2.5 7B Models
Instruct 95.5 95.0 75.1 57.2 80.7 51.2 13.3 65.2 28.8 65.9 449
R1 Distilled 36.1 37.0 58.4 50.0 454 49.3 46.7 86.2 46.0 73.8 60.4
STAR-1 99.0 98.0 88.4 87.6 93.3 49.8 40.0 87.4 414 68.3 57.4
LLaMA3.1 8B Models
Instruct 99.0 96.0 71.6 73.2 85.0 41.7 33 31.6 23.7 36.6 27.4
R1 Distilled 59.1 42.0 68.4 53.2 55.7 49.2 333 81.0 414 76.8 56.3
STAR-1 100.0 99.0 86.8 92.8 94.6 49.5 333 81.4 38.4 73.2 55.2
Qwen2.5 14B Models
Instruct 99.0 96.0 85.1 66.0 86.5 58.9 6.7 67.8 36.9 51.8 444
R1 Distilled 68.4 52.0 77.6 60.0 64.5 65.5 50.0 88.6 61.6 85.4 70.2
STAR-1 100.0 99.0 90.5 92.8 95.6 65.9 53.3 88.6 56.1 79.9 68.8
Qwen2.5 32B Models
Instruct 99.4 97.0 85.9 69.6 88.0 64.3 10.0 71.4 38.4 72.0 51.2
R1 Distilled 74.1 61.0 80.0 58.4 68.4 70.0 73.3 90.6 56.6 83.5 74.8
STAR-1 100.0 99.0 91.6 93.6 96.1 71.2 66.7 90.0 61.6 90.9 76.1

Table 1: Results of the instruction model (Instruct), the original R1-distilled LRM (R1 Distilled), and LRMs trained on our data

(STAR-1) on safety and reasoning tasks.

more comprehensive pretraining and alignment strategies,
already exhibit stronger safety behavior. Nonetheless, STAR-
1 still manages to consistently enhance safety across all scales,
supporting its robustness even for highly capable LRMs.

Additionally, we can observe that our fine-tuned LRMs
even demonstrate superior safety outcomes compared to the
corresponding instruction models that have undergone com-
prehensive safety training. E.g., for the most capable model
series we have tested: Qwen2.5 32B, fine-tuning the LRM on
STAR-1 achieves an average safety rate of 96.1%, exceeding
the its instruction counterpart by 8.1%.

Observation 2: STAR-1 Offers Minimum Compromise
in LRM’s Reasoning Ability.

A well-known drawback of safety training is its tendency to
degrade a model’s general reasoning capabilities (Bekbayev
et al. 2023; Thakkar et al. 2024). With STAR-1, however,
this issue is largely mitigated. As shown in Tab. 1, LRMs
fine-tuned on STAR-1 exhibit only a marginal decrease in rea-
soning performance (ranging from 1.1% to 3.0%)) across five
reasoning benchmarks. More intriguingly, when experiment-
ing with the largest model in our set (i.e., the 32B QWen2.5),
fine-tuning on STAR-1 even (inversely) presents an average
improvement of 1.3% in reasoning. These results underscore
the potential and practicality of STAR-1, demonstrating that
it can enhance safety without (significantly) hurting, and in
some cases even boosting, general reasoning capability.
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4 A Closer Look at the Data Paradigm

With minimal training data, STAR-1 not only improves mod-
els’ safety performance but also preserves their strong reason-
ing capabilities. In this section, we examine two key aspects
of STAR-1: the underlying factors behind the Less is More
principle in safety training and insights into leveraging ‘safety
reasoning’ for different model types.

4.1 Two Hidden Keys of Less is More in LM Safety
Training

STAR-1 distinguishes itself from other safety data by in-
corporating a carefully designed safety reasoning process
and an LLM-based scoring filter. In Tab. 2, we compare (1)
the base model, (2) models trained on various sizes of the
SafeChain dataset (Jiang et al. 2025), and (3) models trained
on 1K sample of STAR-1 with either high or relatively lower
filtering scores (i.e., denoted as High and Med, details are
in Sec. D.2). Our analysis identifies that there are two main
factors in forming strong language safety training data: the
deliberative reasoning process (Sec. 2.2) and the high-scoring
filtering protocol (Sec. 2.3).

Deliberative Reasoning Process Empowers Safer Align-
ment. While SafeChain takes safety reasoning into consid-
eration, its reasoning process is relatively coarse-grained
and does not provide explicit citations to safety policies.
To evaluate the impact of our deliberative reasoning ap-
proach, we compare models fine-tuned on STAR-1 High



Model Strong JBB Wild Wild Avg. MMLU AIME Math GPQA Human Avg.
ode REJECT Chat Jailbreak Safety. | Pro 2024 500 Diamand  Eval  Reason.
Qwen2.5 1.5B Models
R1-Distilled 18.2 19.0 52.7 53.2 35.8 34.5 30.0 78.2 30.8 47.6 44.2
SafeChain 1K 66.1 430 803 74.8 66.1 32.8 20.0 77.2 30.3 46.3 41.3
SafeChain 40K 64.9 63.0 85.4 72.0 71.3 32.1 13.3 76.8 31.3 46.3 40.0
STAR-1 Med 1K 72.8 81.0 79.7 70.4 76.0 32.8 23.3 76.2 29.3 46.3 41.6
STAR-1 High 1K 93.3 96.0 87.0 84.8 90.3 33.2 23.3 76.2 35.4 47.0 43.0
Qwen2.5 7B Models
R1-Distilled 36.1 37.0 584 50.0 45.4 49.3 46.7 86.2 46.0 73.8 60.4
SafeChain 1K 66.8 58.0 80.0 63.6 67.1 47.4 53.3 86.2 444 71.3 60.6
SafeChain 40K 64.9 64.0 843 69.2 70.6 48.7 50.0 86.6 394 73.8 59.7
STAR-1 Med 1K 93.3 92.0 76.2 74.0 83.9 49.1 36.7 85.4 44.9 72.6 57.7
STAR-1 High 1K 99.0 98.0 884 87.6 93.3 49.8 40.0 87.4 41.4 68.3 57.4

Table 2: LRMs trained on randomly selected 1K or the full SafeChain data (Jiang et al. 2025) comparing trained on medium-

scoring (Med) or the high-scoring (High) STAR-1 data.

1K with those trained on 1K samples randomly selected
from SafeChain. We can observe that, despite both sets being
based on reasoning-driven data, models trained on STAR-1
High 1K achieved 25.2% higher safety performance. Notably,
even STAR-1 Med 1K, containing samples with relatively
lower filtering scores, outperforms SafeChain 1K by 13.4%.
These results underscore the efficacy of a fine-grained, policy-
grounded reasoning process in generating high-quality safety
data.

High-scoring vs. Low-scoring Data. Our LLM-based scor-
ing post-processing is designed to select superior safety train-
ing samples. To evaluate its impact, we compared two subsets
of STAR-1 1K samples with Med or High average scores. We
can observe that models fine-tuned on the lower-scoring sub-
set (i.e., STAR-1 Med 1K) exhibit an 11.9% lower safety rate
compared to those trained on the high-scoring subset (i.e.,
STAR-1 High 1K). Furthermore, STAR-1 High 1K surpasses
even the full 40K SafeChain dataset by 20.9% in safety eval-
uations. This finding demonstrates that superior data quality
— achieved through strong reasoning and rigorous filtering
— can be more impactful than simply increasing data quan-
tity. Furthermore, STAR-1 maintains reasoning capabilities
comparable to SafeChain 40K, as shown by a similar average
reasoning performance over different model scales (STAR-1:
50.2% vs. SafeChain: 49.9%).

4.2 The Role of Safety Reasoning in LRMs and
LLMs

To investigate the role of safety reasoning in training language
models — with or without an inherent reasoning process
(i.e., LRMs or LLMs), we conduct experiments comparing
safety data with explicit reasoning against data without it, as
summarized in Tab. 3.

Safety Reasoning is Necessary for Training LRMs. We
evaluate the importance of explicit reasoning in LRMs by
removing the reasoning segments (i.e., the content enclosed
within think tags) from STAR-1, creating a variant we refer
to as STAR-1 w/o think. Under identical training settings,
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LRMs fine-tuned on STAR-1 w/o think show a significant
18.5% drop in safety performance compared to those trained
on the original STAR-1, as shown in Tab. 3. As a side note,
we observe this performance gap narrows as model size in-
creases (e.g., 36.2% drop for 1.5B models, 14.1% for 7B,
and 5.1% for 8B models), consistent with previous findings
that larger models, thanks to extensive pretraining, better in-
ternalize safety behaviors even without detailed reasoning.
Nonetheless, our results still confirm that incorporating ex-
plicit reasoning consistently enhances safety performance
across scales.

LLMs are NOT Tamed for Safety Reasoning Training Yet.
In contrast, standard LLMs — which are generally trained to
produce direct final answers without intermediate reasoning
— appear less compatible with reasoning-based safety data.
When fine-tuned with STAR-1, an aligned LLM improves
safety by 10.7%. However, when trained on STAR-1 w/o
think, the same model showed a higher safety improvement
of 14.3%. These results imply that the reasoning style embed-
ded in STAR-1 may disrupt the internalized safety priors in
standard LLMs, potentially leading to a form of catastrophic
forgetting (French 1999; Kirkpatrick et al. 2017), especially
in larger models. Consequently, conventional LLMs tend to
perform better when fine-tuned with answer-only data that
aligns more closely with their training paradigm, highlight-
ing the need for safety data tailored to the inherent reasoning
capabilities of the model.

4.3 A Mitigation for the Overrefusal Behaviour

When evaluating on XStest (Rottger et al. 2023), a benchmark
designed with borderline safety queries, we notice signs of
overrefusal in our STAR-1 fine-tuned models. To mitigate
this overrefusal issue, we conduct a preliminary exploration
by augmenting STAR-1 with additional data. Specifically,
starting with 1,000 harmful requests from STAR-1, we first
employ GPT-40 to generate structurally similar but benign
variants; these are subsequently processed by DeepSeek-R1
to produce corresponding reasoning traces and answers. After
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Figure 4: Results of two models trained with STAR-1 and varied amounts of not_overrefusal (benign) examples on the

overrefusal (Rottger et al. 2023), safety, and reasoning tasks.

Strong Wild Wild Avg.
Model JBB .
REJECT Chat  Jailbreak  Safety.
LRMs
R1-Distill-Qwen-1.5B 18.2 19.0 52.7 532 35.8
STAR-1 93.3 96.0 87.0 84.8 90.3
STAR-1 w/o think 422 39.0 71.9 63.2 54.1
R1-Distill-Qwen-7B 36.1 37.0 58.4 50.0 454
STAR-1 99.0 98.0 88.4 87.6 93.3
STAR-1 w/o think 88.8 80.0 81.6 66.4 79.2
R1-Distill-LLaMA-8B 59.1 42.0 68.4 532 55.7
STAR-1 100.0 99.0 86.8 92.8 94.6
STAR-1 w/o think 98.1 96.0 81.1 82.8 89.5
LLMs

Qwen-1.5B-Inst 92.3 97.0 76.8 60.4 81.6
STAR-1 98.1 98.0 90.8 89.6 94.1
STAR-1 w/o think 98.4 98.0 90.5 92.8 94.9
Qwen-7B-Inst 95.5 95.0 75.1 57.2 80.7
STAR-1 100.0 99.0 87.3 88.8 93.8
STAR-1 w/o think 99.7 100.0 957 94.8 97.5
LLaMA-8B-Inst 99.0 96.0 71.6 73.2 85.0
STAR-1 99.7 100.0  78.6 872 91.4
STAR-1 w/o think 100.0 100.0  91.1 99.6 97.7

Table 3: Training LRMs or LLMs on safety data with or with-
out the reasoning process (w/o think) on safety benchmarks.

filtering for alignment with benign intent, we obtain 915
clean samples. To assess its efficacy, we fine-tune R1-distilled
models using varying subsets of these samples (i.e., 100, 500,
and all 915 samples) in addition to the original STAR-1 set.
Detailed benchmark evaluation settings, data examples, and
further methodology are provided in Sec. E.

As shown in Fig. 4, incorporating the crafted
not_overrefusal data into the STAR-1 set significantly
reduces overrefusal behavior, with an average increase on
not_overrefusal rate from 68.9% to 78.1% across two models.
Notably, this improvement comes with only a modest
compromise in the average safety rate with a 3.7% decrease
(from 94.0% to 90.3%). Moreover, we note the added data
slightly enhances the models’ reasoning ability, with an
average gain from 56.3% to 57.2%. These findings support
that our overrefusal mitigation strategy is successful and can

meanwhile contributes positively to reasoning performance.

5 Related Work

LLM Safety Training. Standard safety training of LLMs
uses supervised fine-tuning from human high-quality annota-
tions to mitigate harmful outputs (Bianchi et al. 2023; Wei,
Haghtalab, and Steinhardt 2023; Qi et al. 2023a; Raza et al.
2024). Beyond these methods, recent work focuses on align-
ing models’ reasoning processes with explicit safety rules.
Bai et al. (2022b) introduces a set of human-written principles
and Al-driven self-critiques to fine-tune a harmless model
without any human-labeled safety examples. OpenAl’s De-
liberative Alignment (Guan et al. 2025) trains models to
explicitly reason through written safety policies before re-
sponding, achieving highly precise policy compliance and
improved robustness against jailbreak prompts. Similarly,
SafeChain (Jiang et al. 2025) fine-tunes models on a CoT-
style safety dataset, improving refusal accuracy without im-
pairing the reasoning performance.

High-quality LLM Training Data. Another line of re-
search shows that small but high-quality datasets can signifi-
cantly enhance LLM performance. LIMA (Zhou et al. 2023)
fine-tunes a 65B model on 1K carefully curated examples
yields results comparable to models trained on much more
data. LIMO (Ye et al. 2025) achieves high mathematical rea-
soning performance with just 817 examples, outperforming
models trained on 100x more data. Muennighoff et al. (2025)
similarly distill a 59K reasoning corpus down to 1K examples
in the s1 dataset. LIMR (Li, Zou, and Liu 2025) shows that a
1.4K carefully selected samples can outperform a full dataset
of 8.5K samples in the LLM RL training. STAR-1 leverages
both sides to advance the creation of robust, high-quality
safety training data for LRMs.

6 Conlusion

In this work, we introduced STAR-1 — a high-quality, 1K-
scale safety dataset specifically designed to enhance LRMs.
Our extensive experiments across multiple model families
and parameter scales demonstrate that fine-tuning with STAR-
1 leads to significant safety improvements (up to an average
of 40% enhancement on key benchmarks) with only a min-
imal compromise in reasoning performance. We hope that
our work will inspire the community to further explore and
address the safety challenges inherent in LRMs.
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Ethical Statement

STAR-1 is developed to support safer and more robust reason-
ing in LMs. While STAR-1 aims to improve safety alignment
of LMs, we acknowledge the sourced data may contain harm-
ful, biased, or sensitive content. Misuse of aligned models is
still possible, and we encourage responsible use of STAR-1
strictly for research into safety and alignment. The dataset
and associated code are released for non-commercial research
purposes.
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