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Abstract

Small language models (SLMs) are increasingly deployed on
edge devices, making their safety alignment crucial yet chal-
lenging. Current shallow alignment methods that rely on di-
rect refusal of malicious queries fail to provide robust pro-
tection, particularly against adversarial jailbreaks. While de-
liberative safety reasoning alignment offers deeper alignment
for defending against sophisticated attacks, effectively im-
planting such reasoning capability in SLMs with limited ca-
pabilities remains an open challenge. Moreover, safety rea-
soning incurs significant computational overhead as models
apply reasoning to nearly all queries, making it impractical
for resource-constrained edge deployment scenarios that de-
mand rapid responses. We propose EASE, a novel frame-
work that enables practical and Efficient safety Alignment
for Small languagE models. Our approach first identifies the
optimal safety reasoning teacher that can effectively distill
safety reasoning capabilities to SLMs. We then align models
to selectively activate safety reasoning for dangerous adver-
sarial jailbreak queries while providing direct responses to
straightforward malicious queries and general helpful tasks.
This selective mechanism enables small models to maintain
robust safety guarantees against sophisticated attacks while
preserving computational efficiency for benign interactions.
Experimental results demonstrate that EASE reduces jail-
break attack success rates by up to 17% compared to shallow
alignment methods while reducing inference overhead by up
to 90% compared to deliberative safety reasoning alignment,
making it practical for SLMs real-world edge deployments.

Introduction
Small language models (SLMs) (Qwen et al. 2025;
Llama Team 2024; Javaheripi et al. 2023; Liu et al. 2024;
Zhang et al. 2024) have demonstrated remarkable per-
formance improvements, achieving comparable results to
large language models (LLMs) across various tasks, includ-
ing conversational AI (Gunter et al. 2024), code genera-
tion (Javaheripi et al. 2023), sentiment analysis, and domain-
specific text processing while maintaining significant de-
ployment advantages. Their compact architectures enable
efficient deployment on resource-constrained environments,
including mobile devices (Gunter et al. 2024) and edge com-
puting platforms (KHIABANI et al. 2024), offering reduced
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computational overhead and enhanced privacy through local
processing. These practical benefits have driven widespread
adoption of SLMs across diverse real-world applications.
However, as SLMs become increasingly prevalent in real-
world deployments, ensuring their safety has emerged as a
critical challenge that demands immediate attention.

Recent research shows that SLMs are more vulnerable
to jailbreak attacks than LLMs (Yi et al. 2025; Zhang
et al. 2025a). Some SLMs even fail to resist direct harm-
ful queries (Yi et al. 2025). This highlights the critical
need for better SLM safety measures. Safety alignment
serves as a primary approach to improving model safety
and has predominantly relied on refusal training meth-
ods (Llama Team 2024). These approaches employ train-
ing techniques such as supervised fine-tuning (SFT) (Liu
et al. 2023; Taori et al. 2023) and preference-based opti-
mization including Reinforcement Learning from Human
Feedback (RLHF) (Ouyang et al. 2022; Bai et al. 2022)
and Direct Preference Optimization (DPO) (Rafailov et al.
2023; Liu, Sun, and Zheng 2024) to train models to directly
refuse harmful queries. However, refusal training often leads
to performance degradation on general tasks, which is par-
ticularly problematic for SLMs given their already limited
model capacity, making extensive refusal training impracti-
cal. Moreover, refusal training constitutes shallow alignment
where models rely on intuitive rejection of harmful queries
without deeper reasoning. This approach exhibits poor gen-
eralization capabilities and fails to defend against diverse
and sophisticated jailbreak attack strategies.

Chain-of-Thought reasoning has been proven to enable
LLMs to solve complex problems more effectively. Re-
search demonstrates that reasoning capabilities allow mod-
els to address problems that would otherwise require signif-
icantly larger architectures or remain unsolvable when gen-
erating direct answers (Li et al. 2024b). Building on this in-
sight, several studies (Zhang et al. 2025c; Guan et al. 2024;
Wang et al. 2025b; Zhang et al. 2025d; Mou et al. 2025) have
developed deliberative alignment methods that incorporate
safety reasoning for LLMs, successfully addressing the lim-
ited generalization issues of shallow alignment approaches.
This approach enables LLMs to learn how to conduct safety
reasoning analysis on queries to determine whether to re-
spond or refuse. Models trained through deliberative align-
ment demonstrate enhanced safety robustness and can de-
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velop deeper understanding of diverse harmful queries and
sophisticated jailbreak attacks, enabling more reliable safety
performance. However, directly applying deliberative align-
ment methods to SLMs presents two main challenges: (1)
Given the limited capacity and capabilities of small mod-
els, how can they effectively learn safety reasoning abilities?
(2) Deliberative alignment causes models to perform reason-
ing on all queries after safety alignment, generating more
tokens in outputs and resulting in increased inference time
costs. For SLMs, which are typically deployed in resource-
constrained edge environments with requirements for rapid
response (KHIABANI et al. 2024), the excessive inference
overhead introduced by this alignment approach poses a sig-
nificant deployment challenge.

To address these challenges, we propose EASE, a prac-
tical and Efficient safety Alignment framework for Small
LanguagE models. EASE enables SLM to selectively ap-
ply safety reasoning only to adversarial jailbreak queries
where shallow alignment fails to achieve adequate general-
ization, while providing direct responses to simple harmful
queries and general tasks to reduce inference time overhead
and preserve the low-cost and rapid-response characteristics
of SLMs. EASE consists of two phases. In the first phase,
to enable SLMs to acquire comprehensive safety reasoning
knowledge, we employ knowledge distillation to leverage a
more capable teacher model to implant safety reasoning ca-
pabilities into small models. In the second phase, we cal-
ibrate the safety reasoning boundaries of SLMs to enable
adaptive safety reasoning activation. We identify vulnera-
ble semantic regions where SLMs exhibit poor safety gen-
eralization and construct targeted training data comprising
safety reasoning examples for queries in these vulnerable
semantic regions and direct response examples for benign
queries and direct harmful queries. This enables SLMs to
activate safety reasoning only for adversarial queries in vul-
nerable semantic regions while providing direct responses to
other queries to maintain efficiency.

Our main contributions are summarized as follows: (1)
We propose EASE, a two-phase safety alignment framework
that combines safety reasoning capability implantation with
reasoning boundary calibration to achieve both enhanced
safety and computational efficiency for SLMs. (2) We in-
vestigate optimal teacher model selection for safety rea-
soning knowledge distillation, revealing that Large Reason-
ing Models with smaller capability gaps are more effective
teachers than conventional LLMs. (3) We develop a selective
reasoning activation mechanism that enables SLMs to apply
safety reasoning only to adversarial jailbreak queries in vul-
nerable semantic regions while maintaining direct responses
for benign queries.

Related Works
Safety of Language Models To prevent LLMs from gen-
erating harmful content when faced with malicious queries,
numerous safety alignment methods have been developed to
align LLMs with safety requirements. Existing approaches
primarily include SFT (Liu et al. 2023; Taori et al. 2023),
DPO (Rafailov et al. 2023; Liu, Sun, and Zheng 2024) and

RLHF (Ouyang et al. 2022; Bai et al. 2022). SFT fine-
tunes models on curated datasets of safe responses to harm-
ful prompts. Both RLHF and DPO leverage human prefer-
ence data to align model outputs with human values. How-
ever, these alignment methods may lead to shallow align-
ment (Qi et al. 2025), causing models to primarily reject
directly malicious queries while failing to deeply under-
stand and refuse adversarial malicious queries, rendering
these methods vulnerable to adversarial jailbreak attacks. To
address this limitation, some advanced defensive methods
such as machine unlearning (Liu et al. 2025a), representa-
tion engineering (Zou et al. 2024), and safeguard model (Ji
et al. 2024; Liu et al. 2025b) approaches can further defend
against adversarial jailbreak attacks. However, they often
require additional external components, posing challenges
for practical model deployment. Recent works (Zhang et al.
2025c,d) such as deliberative alignment (Guan et al. 2024)
has demonstrated that enabling LLMs to perform safety
reasoning on queries can enhance the model’s deep under-
standing of malicious queries, thereby improving robust-
ness against adversarial malicious queries. However, this ap-
proach leads to performing safety reasoning on all queries,
which introduces computational overhead in inference time.

LLM Reasoning Reasoning capabilities enable LLMs to
achieve stronger performance across numerous tasks. LLMs
can currently acquire reasoning capabilities through two pri-
mary approaches. The first approach involves supervised
learning on synthesized data, where methods include hu-
man annotation (Lightman et al. 2023), Monte Carlo Tree
Search (MCTS) (Vodopivec, Samothrakis, and Ster 2017;
Xie et al. 2024), and knowledge distillation (Huang et al.
2024) from more powerful LLMs/Large Reasoning Mod-
els (LRM). The second approach leverages reinforcement
learning to enhance reasoning capabilities. Recent exam-
ples include OpenAI’s o-series models (Jaech et al. 2024)
and DeepSeek-R1 (DeepSeek-AI 2025), which employ rein-
forcement learning techniques to enhance step-by-step rea-
soning processes. For small models specifically, recent work
from the DeepSeek-Distill series (DeepSeek-AI 2025) has
demonstrated that small models can effectively obtain ex-
cellent reasoning performance from more powerful models
through knowledge distillation. In our work, we investigate
how small models can acquire better safety reasoning perfor-
mance from larger models through knowledge distillation.

Methodology
We present EASE, a two-phase safety alignment framework
designed specifically for SLMs, as illustrated in Figure 1.
Our approach addresses two critical challenges: achieving
more robust safety alignment performance while maintain-
ing practical inference efficiency.

Notation: We denote the student model as Ms, safety rea-
soning teacher model as Mt, and safety reasoning implanted
student model after Phase 1 as Mreason. In Phase 1, we use
Dtrain for knowledge distillation training. In Phase 2, we
employ Ddiag to identify vulnerable jailbreak queries, then
construct Dreason containing reasoning traces for vulnerable
jailbreak queries and Ddirect containing direct responses for
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Figure 1: The workflow of our safety alignment method for small language models (EASE).

benign general tasks and straightforward jailbreak queries
without reasoning traces to calibrate the safety reasoning
boundary. The function fjudge is used for rejection sampling
to filter training data.

Safety Reasoning Capability Implantation
To effectively and comprehensively implant safety reason-
ing capabilities into SLMs, we first teach the SLMs to learn
how to utilize diverse safety policy knowledge and conduct
safety reasoning analysis on jailbreak queries across mul-
tiple safety categories. We employ knowledge distillation
with safety policy-guided deliberative reasoning to enable
a teacher model to transfer safety reasoning capabilities to
SLMs. The phase 1 of EASE consists of three key steps:

Safety Policy Classification We utilize existing category-
specific safety policies from prior work (Guan et al. 2024;
Wang et al. 2025b), where each policy defines clear policy
objectives and response rules for handling requests within
that safety category. For each safety category c ∈ C, we em-
ploy the corresponding policy pc ∈ P . We then categorize
seed jailbreak queries using a LLM classifier to assign each
seed jailbreak query q in seed jailbreak query dataset to its
corresponding category c.

Safety Reasoning Generation We combine seed jailbreak
queries with their classified categories and corresponding
policies to create triplets: (q, c, pc). We employ a capable
large teacher model Mt to generate deliberative CoT traces:

(CoT, ans) = Mt(q, c, pc) (1)
, where CoT represents the reasoning trace and ans is the fi-
nal decision. Crucially, we apply context distillation (Snell,
Klein, and Zhong 2022; Askell et al. 2021) by providing
the full context but only retaining the seed jailbreak queries
and generated reasoning in the knowledge distillation data:
Ddistilled = {(q,CoT, ans)}. Subsequently, we perform rejec-
tion sampling using LLaMA-Guard-3-8B as safety judge:

fjudge : R → {0, 1} (2)

to evaluate whether the generated responses are harmful,
where fjudge(ans) = 1 indicates harmful output. By filtering
out samples with harmful responses, we obtain our training
dataset consisting of safe refusals:
Dtrain = {(q,CoT, ans) ∈ Ddistilled : fjudge(ans) = 0} (3)

Knowledge Distillation We fine-tune the shallow aligned
SLM Ms using the context-distilled training samples by
minimizing the cross-entropy loss:
LCE = −E(q,y)∼Dtrain

[
logPMs(y | q)

]
, y = (CoT, ans).

(4)
Enabling the model to learn safety reasoning patterns with-
out requiring explicit policy access during inference.

However, the critical question for effective safety reason-
ing distillation to SLMs is: what type of language models
serves as the most effective teacher? Given the limited ca-
pabilities of SLMs, simply using the most powerful avail-
able model as a teacher may not yield optimal results. We
investigate how different teacher model characteristics – in-
cluding the model sizes and reasoning ability – impact the
distillation effectiveness for safety reasoning tasks.

To identify optimal teacher models for safety reasoning
distillation, we conduct systematic comparisons across dif-
ferent teacher types and scales using Qwen2.5-1.5B-Instruct
as student SLM. We sample 10K seed jailbreak queries from
the STAR-41K dataset (Wang et al. 2025b) for safety rea-
soning distillation and evaluate on 250 randomly selected
prompts from the test dataset of WildJailbreak (Jiang et al.
2024) using Llama-Guard-3-8B. Our investigation reveals
two key insights regarding teacher model selection. While
existing work on safety reasoning for alignment has em-
ployed both LLMs (Mou et al. 2025; Zhang et al. 2025c,b;
Wang et al. 2025a) and LRMs (Guan et al. 2024; Wang et al.
2025b) as teachers, there has been limited systematic inves-
tigation into which type of model serves as a more effective
teacher for SLMs.

We find that LRMs significantly outperform LLMs as
teachers for safety reasoning distillation, as demonstrated
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Figure 2: LRMs outperform LLMs as safety reasoning
teachers, with smaller LRMs showing better distillation ef-
fectiveness due to reduced capability gaps with SLMs.

in Figure 2. This superiority stems from LRMs’ enhanced
reasoning capabilities, which enable them to generate more
structured and transferable safety reasoning patterns. Even
when we employ specifically designed prompts (Mou et al.
2025; Zhang et al. 2025d,c,b; Wang et al. 2025a) to guide
LLMs to produce CoT formatted responses for harmful
queries (e.g., ”You first think about the reasoning pro-
cess as an internal monologue and then provide the user
with the answer...Respond in the following CoT format:
<think>...</think>[Final Answer]”), their performance re-
mains substantially inferior to LRMs in teaching effective
safety reasoning to small models.

We observe that smaller LRMs demonstrate superior
safety reasoning distillation effectiveness compared to larger
LRMs. This counterintuitive finding likely reflects the ca-
pacity gap between student and teacher models - SLMs
struggle to learn safety reasoning from overly powerful
teachers whose reasoning complexity exceeds their learning
capacity. Similar phenomena have been observed in other
reasoning tasks (Li et al. 2025). However, teacher model
capability cannot be reduced arbitrarily. When we experi-
ment with DeepSeek-Qwen-7B-Distill (DeepSeek-AI 2025)
as a teacher model, the model’s limited capabilities result
in degraded safety reasoning quality, occasionally produc-
ing harmful responses to malicious queries. Even using the
rejection sampling to filter out such harmful training exam-
ples, this degradation in teacher quality significantly impairs
the safety reasoning distillation performance for SLMs, indi-
cating a critical threshold for minimum teacher competence.

Safety Reasoning Boundary Calibration
Jailbreak Vulnerable Region Identification Following
the safety reasoning distillation phase, we observe that
SLMs apply safety reasoning processes broadly across
diverse query types, including benign general tasks and
straightforward harmful queries that do not require safety
deliberation. This comprehensive reasoning approach cre-
ates significant efficiency challenges for SLM deployment
scenarios where computational resources are limited and

Figure 3: Model Ms intermediate layer activations reveal se-
mantic clustering by query type through t-SNE visualiza-
tion. Red clusters correspond to multiple vulnerable jail-
break tactics semantic regions, blue points represent refused
adversarial queries, and yellow points show benign queries.
Post-calibration reasoning rates demonstrate adaptive safety
reasoning activation across different semantic regions, con-
firming effective boundary calibration.

real-time responses are critical. We find that shallow aligned
SLMs are already capable of refusing to answer easy-to-
align jailbreak queries, but struggle with hard-to-align ad-
versarial jailbreak queries that are particularly resistant to
conventional shallow safety alignment techniques. Thus, we
only need SLMs to perform safety reasoning on hard-to-
align adversarial jailbreak queries to enhance their safety
robustness. Therefore, we still need to further adjust the
Mreason obtained from safety reasoning capability implanta-
tion phase of our safety alignment process.

To identify which jailbreak data are hard-to-align for
the model when only using shallow alignment method, we
first need to determine which jailbreak tactics are diffi-
cult for shallow-aligned models to recognize and refuse.
Jiang et al. (Jiang et al. 2024) demonstrated that adver-
sarial jailbreak behaviors, automatically mined from real-
world user–chatbot interactions (Zhao et al. 2024; Zheng
et al. 2024), comprise 105,438 tactic instances, which can
be semantically grouped into 5,688 distinct semantic regions
Sadv (e.g., fictitious scenario, assign personality, and code by
pseudonym). We can leverage a dataset containing data that
employ these jailbreak tactics to test which jailbreak tactics
pose vulnerabilities for shallow aligned SLM Ms.

To operationalize this idea, we use the adversarial harm-
ful subset of the WildJailbreak training dataset (Jiang et al.
2024), which contains adversarially rewritten queries gen-
erated via combinations of real-world jailbreak tactics. This
subset serves as a diagnostic dataset Ddiag to evaluate the
failure modes of shallow aligned SLM Ms. Using the same
safety judge model fjudge described earlier, we identify ad-
versarial prompts where Ms fails to refuse harmful requests:

Dvuln = {q ∈ Ddiag : fjudge(Ms(q)) = 1} (5)

We can systematically identify which jailbreak tactics Ms
is vulnerable to based on the tactics present in these non-
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refused responses. As Figure 3 shown, these vulnerable data
reveal the vulnerable semantic regions Svuln ⊂ Sadv of the
jailbreak space where Ms demonstrates insensitivity and
where shallow alignment fails to establish robust safeguards.

Calibrate the Safety Reasoning Boundary Having iden-
tified the vulnerable semantic regions, we now focus on
training Mreason to selectively apply safety reasoning in these
problematic areas. Our objective is to enable the model to ac-
tivate safety reasoning when encountering semantic patterns
characteristic of Svuln, while maintaining efficient direct re-
sponses for benign queries.

For queries in Svuln, we construct reasoning data Dreason
using Dvuln in the form (q,CoT, ans), where reasoning traces
and final answers are generated through safety reasoning
from the teacher model Mt. Simultaneously, to enable the
model to learn when direct responses are appropriate, we
construct a direct-response dataset Ddirect comprising two
components: (1) vanilla harmful queries without jailbreak
tactics that Ms can already refuse correctly, and (2) general
task queries with benign intent. Each example in Ddirect fol-
lows the format (q, ans), where ans represents either a re-
fusal or direct answer obtained from LLMs without inter-
mediate reasoning processes.

We combine Dreason and Ddirect to form our calibration
dataset for safety reasoning boundary calibration. Subse-
quently, we perform SFT on this combined dataset for
Mreason by minimizing the cross-entropy loss:

Lcalibration = −E(q,y)∼Dreason∪Ddirect

[
logPMreason(y | q)

]
, (6)

where y = (CoT, ans) for (q, y) ∈ Dreason and y = ans for
(q, y) ∈ Ddirect. This supervised fine-tuning objective en-
ables the model to recognize semantic patterns across differ-
ent query types and determine whether safety reasoning is
necessary or direct output suffices.

Evaluations
Experiment Setup
Models and Datasets We select three base SLMs for
safety alignment: Qwen2.5-1.5B-Instruct, Qwen2.5-3B-
Instruct, and Llama3.2-3B-Instruct (Llama Team 2024). Ad-
ditionally, we employ DeepSeek-Qwen-14B-Distill as the
safety reasoning teacher model in the safety alignment pro-
cess. Regarding the datasets utilized in EASE: In the Safety
Reasoning Capability Implantation phase, we employ 10k
data samples from STAR-41K as seed jailbreak queries.
During the Safety Reasoning Boundary Calibration phase,
we utilize 10k adversarial harmful data samples from the
training dataset of WildJailbreak as the diagnostic dataset.
Through rejection sampling, we select 1,500 vulnerable
samples to generate the safety reasoning dataset for Phase
2. Furthermore, we incorporate 1,750 general task data sam-
ples from the UltraFeedback dataset (Cui et al. 2024) and
1,000 vanilla harmful query data samples from STAR-41K
as the direct response dataset.

Baselines We compare EASE with two other safety align-
ment approaches. First is the refusal training method, where
we employed all the harmful seed jailbreak data and direct

final answers used in EASE as the alignment dataset for
model safety alignment. The second method is the current
state-of-the-art deliberative alignment (Guan et al. 2024) ap-
proach proposed by Guan et al., which also leverages safety
reasoning for model safety alignment.

Evaluation To evaluate the effectiveness of different
safety alignment methods, we employ four established
benchmarks: StrongReject (Souly et al. 2024), WildJail-
break test set (Jiang et al. 2024), Do-Anything-Now
(DAN) (Shen et al. 2024), and WildChat (Zhao et al. 2024).
StrongReject contains 313 forbidden prompts across six
harmful categories, WildJailbreak provides 2,000 adversar-
ial queries for sophisticated attack evaluation, DAN com-
prises 1,405 real-world jailbreak prompts from online plat-
forms, and WildChat offers 370 malicious queries selected
from real user-ChatGPT conversations. To further test the
robustness of our safety alignment method against adver-
sarial jailbreaks, following previous works (Zhang et al.
2025c,d), we leverage state-of-the-art jailbreak methods
PAIR (Chao et al. 2025), PAP (Zeng et al. 2024) and Human-
Jailbreaks (Li et al. 2024a) for evaluation on AdvBench (Zou
et al. 2023). Across all evaluation tasks, we utilize Llama-
Guard-3-8B to measure attack success rates (ASR).

To measure the impact of different safety alignment meth-
ods on helpful performance and generation efficiency in gen-
eral tasks, we evaluate models on MMLU (Hendrycks et al.
2021) for knowledge assessment, HellaSwag (Zellers et al.
2019) for commonsense reasoning, and GSM8K (Cobbe
et al. 2021) for mathematical problem solving using the lm-
evaluation-harness framework (Gao et al. 2024).

Main Results
Safety Performance Evaluation Safety reasoning sig-
nificantly enhances the safety performance of SLMs and
enables better generalization of safety capabilities across
diverse datasets and jailbreak tactics through reasoning
mechanisms. Table 1 presents the safety performance of
SLMs across different safety datasets following various
safety alignment approaches. Given identical seed jailbreak
prompts in the alignment datasets, we observe that both
Deliberative alignment and our proposed EASE method
substantially outperform Refusal Training in terms of
safety performance. This superiority is maintained even
when confronted with datasets containing diverse jailbreak
techniques, such as WildJailbreak and DAN, where both
reasoning-based methods achieve notably better safety per-
formance. Specifically, the ASR of reasoning-based ap-
proaches are approximately 50% of those achieved by Re-
fusal Training, demonstrating their enhanced robustness
against sophisticated adversarial attacks.

Among these, EASE achieves better safety performance
compared to Deliberative Alignment. This improvement
stems from our targeted approach to safety reasoning align-
ment for SLMs, where we select a smaller and more suit-
able safety reasoning teacher, Deepseek-Qwen-14B-Distill.
The reduced capability gap between the teacher model and
SLMs facilitates more effective knowledge transfer, en-
abling SLMs to better acquire safety reasoning capabilities.
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Safety (ASR ↓ ) General (ACC ↑ )

Model Method StrongReject WildJailbreak DAN WildChat MMLU Hellaswag GSM8K

Qwen2.5-1.5B
-Instruct

Instruct 4.79% 42.79% 8.41% 32.16% 58.08% 60.28% 63.84%
Refusal Training 1.60% 23.26% 6.10% 17.30% 57.50% 58.29% 63.00%
Deliberative Alignment 0.96% 11.70% 2.15% 12.16% 57.44% 59.32% 62.70%

EASE (Ours) 0.96% 6.90% 3.45% 11.89% 57.71% 59.40% 64.29%

Qwen2.5-3B
-Instruct

Instruct 2.24% 46.70% 13.06% 29.19% 64.60% 70.20% 75.97%
Refusal Training 1.60% 18.50% 7.01% 19.46% 61.91% 68.30% 74.22%
Deliberative Alignment 0.32% 11.20% 3.16% 12.97% 63.51% 69.60% 75.16%

EASE (Ours) 0.32% 5.35% 2.55% 12.16% 63.95% 70.40% 75.59%

Llama3.2-3B
-Instruct

Instruct 4.79% 32.50% 12.22% 40.27% 58.37% 66.70% 70.19%
Refusal Training 0.68% 12.73% 9.41% 26.12% 56.86% 63.21% 66.22%
Deliberative Alignment 0.00% 11.10% 5.56% 21.89% 57.02% 65.85% 69.91%

EASE (Ours) 0.32% 3.35% 4.35% 8.38% 57.24% 66.17% 69.83%

Table 1: Comparison of safety and general task performance. For safety tasks, ASR denotes attack success rate (%); for general
tasks, ACC denotes accuracy (%). Bold indicates the best performance, underline indicates the second-best performance.

EASE Robustness Analysis We further examine EASE’s
specific robustness against advanced adversarial attacks.
Table 2 demonstrates EASE’s performance on AdvBench
under various sophisticated attack methods. EASE shows
strong resilience, maintaining low ASRs of 0-6% across dif-
ferent attacks, compared to the original models’ ASRs of
22-44%. This analysis validates EASE’s effectiveness in de-
fending against state-of-the-art jailbreak techniques.

Models None HumanJB PAP PAIR

Qwen2.5-1.5B-Instruct 0.0% 22.0% 28.0% 40.0%
Qwen2.5-1.5B-EASE(Ours) 0.0% 6.0% 0.0% 2.0%

Qwen2.5-3B-Instruct 0.0% 44.0% 36.0% 42.0%
Qwen2.5-3B-EASE(Ours) 0.0% 0.0% 2.0% 2.0%

Llama3.2-3B-Instruct 4.0% 12.0% 40.0% 36.0%
Llama3.2-3B-EASE(Ours) 0.0% 2.0% 4.0% 0.0%

Table 2: Performance(ASR) comparison against different at-
tack scenarios on AdvBench dataset.

Impact on General Task Capabilities As shown in Ta-
ble 1, our safety alignment method EASE demonstrates
the ability to maintain strong performance on general
tasks while simultaneously improving safety capabilities
in SLMs. The general task performance of SLMs tends
to experience substantial degradation following alignment
with Refusal Training methods. In contrast, our approach
achieves a much better trade-off between safety enhance-
ment and general capability preservation.

Computational Efficiency Analysis Our method also
strikes a better balance between safety and efficiency com-
pared to other safety alignment approaches, making it par-
ticularly well-suited for SLM deployment. As shown in Ta-
ble 3, we observe that the original Instruct versions ex-
hibit higher token generation on more sophisticated jailbreak

datasets due to insufficient safety mechanisms that allow
them to respond to numerous adversarial queries. While de-
liberative alignment achieves strong safety performance, it
suffers from a critical efficiency limitation: the method re-
quires reasoning for every query, regardless of whether it is
benign or adversarial. This universal reasoning requirement
significantly increases response lengths. For example, Hel-
laSwag responses increase by an average of 298 tokens, sub-
stantially degrading inference efficiency. EASE addresses
this limitation through selective reasoning activation. Our
method triggers safety reasoning only when adversarial jail-
break queries are detected, allowing the model to respond ef-
ficiently to general tasks (e.g., Hellaswag) and simple harm-
ful queries (e.g., StrongReject) with token counts similar to
the original model. This targeted approach enables EASE to
maintain both safety guarantees and general capability while
achieving response efficiency comparable to original models
– a significant improvement over deliberative alignment’s
consistently extended responses.
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Figure 4: EASE adaptive reasoning rates across datasets
showing selective activation based on threat sophistication.
General tasks including MMLU, HellaSwag, and GSM8K.

Adaptive Safety Reasoning Mechanism To demonstrate
EASE’s adaptive reasoning activation mechanism, we ana-
lyze the safety reasoning rates across different query types,
as shown in Figure 4. The results reveal EASE’s adap-
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Safety (Tokens ↓) General (Tokens ↓)

Model Method StrongReject WildJailbreak DAN WildChat MMLU Hellaswag GSM8K

Qwen-2.5-1.5B
-Instruct

Instruct 66.8 666.4 179.1 451.9 51.4 29.0 193.3
Refusal Training 23.9 309.7 90.1 175.6 62.9 30.0 188.3
Deliberative Alignment 307.6 542.2 343.2 488.0 284.3 317.0 336.5

EASE (vs. Deliberative) 44.3 (-86%) 367.3 (-32%) 246.0 (-28%) 242.3 (-50%) 52.0 (-82%) 31.0 (-90%) 224.7 (-33%)

Qwen2.5-3B
-Instruct

Instruct 218.2 820.6 219.7 430.7 50.6 37.0 279.6
Refusal Training 18.9 249.7 83.3 162.8 49.8 27.3 276.9
Deliberative Alignment 311.9 559.1 352.5 479.1 291.7 331.2 345.1

EASE (vs. Deliberative) 38.6 (-88%) 342.7 (-39%) 207.3 (-41%) 298.4 (-38%) 51.2 (-82%) 35.1 (-89%) 295.1 (-15%)

Llama3.2-3B
-Instruct

Instruct 98.2 492.9 1245.9 1189.6 29.9 27.2 228.9
Refusal Training 21.6 60.7 77.1 102.2 42.5 28.9 252.9
Deliberative Alignment 311.0 646.6 346.5 601.8 330.6 340.3 303.3

EASE (vs. Deliberative) 50.8 (-84%) 333.4 (-48%) 202.5 (-42%) 292.8 (-51%) 60.8 (-82%) 32.5 (-90%) 222.6 (-27%)

Table 3: Comparison of generation efficiency across datasets. EASE (Ours) shows significant token reduction compared to
state-of-the-art defend method Deliberative Alignment while maintaining safety performance.

tive behavior patterns that align with query complexity and
threat levels. For simple direct attacks like StrongReject,
EASE maintains low reasoning rates (0.6-4.5%), indicating
efficient handling without unnecessary computational over-
head. In contrast, adversarial datasets trigger substantially
higher reasoning rates. When facing AdvBench dataset aug-
mented with PAIR attacks, EASE demonstrates high safety
reasoning rates (55.0-81.3%), proving the effectiveness of its
adaptive safety reasoning mechanism against state-of-the-art
jailbreak methods. Similarly, WildJailbreak, which contains
exclusively adversarial jailbreak tactics, shows consistently
high reasoning rates (78.2-81.3%), confirming EASE’s abil-
ity to detect and perform safety reasoning to complex
threats. Real-world malicious datasets (DAN and WildChat)
show intermediate safety reasoning rates (13.8-47.0%), re-
flecting their mixed nature of containing both adversarial
jailbreak queries and simpler harmful content. This demon-
strates EASE’s practical applicability in realistic deploy-
ment scenarios. Crucially, general tasks maintain 0% rea-
soning activation across all models, confirming that EASE
preserves computational efficiency for benign queries.

Ablation Study
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Figure 5: Ablation study demonstrating EASE’s optimal bal-
ance between safety (ASR on WildJailbreak) and efficiency
(average tokens on HellaSwag).

The Effectiveness of Safety Reasoning Calibration To
validate our safety reasoning calibration approach, we com-
pare EASE with two variants: (1) EASE w/o Reason-
ing Boundary Calibration, which applies reasoning to all
queries, and (2) EASE w/ Random Vulnerable Region Se-
lection, which randomly selects reasoning training data. As
shown in Figure 5, without calibration, the model suffers
from excessive computational overhead despite good safety
performance. Random selection leads to degraded safety
outcomes. Our targeted approach successfully balances both
objectives, demonstrating that vulnerable region identifi-
cation is essential for achieving optimal safety-efficiency
trade-offs.

Conclusion

In this paper, we present EASE, a practical and efficient
safety alignment framework for small language models that
addresses the critical challenge of balancing safety robust-
ness with computational efficiency, which is essential for
the resource-constrained deployment scenarios that small
language models are specifically designed for. Through a
two-phase methodology combining safety reasoning knowl-
edge distillation and safety reasoning boundary calibration,
EASE enables selective safety reasoning activation for ad-
versarial attacks while preserving computational efficiency
for general tasks. Our experimental evaluation across mul-
tiple safety benchmarks shows that EASE maintains strong
safety performance while significantly improving inference
efficiency compared to existing deliberative methods. The
framework successfully preserves general task capabilities
while providing robust protection against sophisticated jail-
break attacks. EASE demonstrates that adaptive safety rea-
soning can achieve both safety and efficiency objectives for
small language models, establishing a practical approach for
safe deployment in resource-constrained environments.
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