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Abstract
Prior research has demonstrated that the choice
of prompt template during Supervised Fine-
Tuning (SFT) significantly impacts the robust-
ness of safety alignment afterwards. How-
ever, the influence of template selection during
Knowledge Distillation (KD) from teacher to
student remains largely unexplored. Thus, we
fill this gap by analyzing how different template
configurations influence the pre-existing safety
alignment of the student. We observe a signifi-
cant degradation of safety alignment present in
the aligned base instruct-tuned model. Specif-
ically, we find that utilizing chat templates
renders the model more compliant with harm-
ful queries compared to a non-chat template.
These findings are consistent across three mod-
els: LLaMA, Gemma and Qwen model fami-
lies and are evaluated across multiple safety
benchmarks. We further show that using a
non-chat template during distillation better pre-
serves the base student’s internal representa-
tions, while chat template distillation induces a
larger representational shift.1

Warning: this paper includes examples that may
be offensive or harmful.

1 Introduction

Knowledge Distillation (KD) (Hinton et al., 2015)
is an effective technique for compressing large
models into smaller, efficient student models while
retaining performance. In the context of Large Lan-
guage Models (LLMs), KD is commonly used to
obtain compact models that are easier to deploy
under computational constraints. As these mod-
els are increasingly integrated into practical appli-
cations such as healthcare and autonomous sys-
tems (MohiEldeen Alabbasy et al., 2023; Agand,
2024), considerations of robustness and safety be-
come increasingly important. In particular, de-
ployed distilled models are expected to exhibit safe

1Code:https://github.com/anjilab/
role-of-prompt-template-in-kd

and harmless behavior, including refusing harm-
ful, malicious, or policy-violating requests. To en-
courage such behavior, modern instruction-tuned
models typically undergo alignment processes that
embed refusal capabilities before any downstream
adaptation (Askell et al., 2021; Ouyang et al., 2022).
A key open question is how the safety alignment
of student models changes during further training
via KD, and which training-time factors govern its
preservation or degradation.

In particular, the choice of prompt template (Lyu
et al., 2024) during training is one such factor.
Prompt templates specify how inputs are formatted
for the model, often as strings with placeholders
filled by user queries, instructions, and assistant
responses. Modern LLMs (Touvron et al., 2023;
Jiang et al., 2023) primarily utilize chat templates,
which standardize user interactions via specific
control tokens (e.g., <|user|>, [INST]); we con-
trast these with non-chat templates, which present
the same content without these conversational con-
trol tokens. Hereafter, we use chat templates to
refer to templates that wrap inputs with special
conversational control tokens, and non-chat tem-
plates to refer to task-style formats that omit these
tokens. Prior work shows that such formatting
choices can substantially affect safety behavior dur-
ing SFT (Lyu et al., 2024; Jiang et al., 2025; Wang
et al., 2025b); however, their role in KD remains
empirically underexplored.

Unlike SFT, KD exposes the student to teacher-
generated soft targets, an additional signal that may
interact with template formatting in ways that dis-
tinctly affect the student’s safety representations.
This raises an important question about the inter-
play between distillation, template formatting, and
safety retention:

How do chat and non-chat prompt templates
affect the preservation of safety-aligned refusal be-
havior when student models are distilled on benign
downstream tasks?

https://github.com/anjilab/role-of-prompt-template-in-kd
https://github.com/anjilab/role-of-prompt-template-in-kd
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Figure 1: Overview of the experimental pipeline. We distill student models on benign instruction-following
data under two formatting conditions: non-chat and chat. The pipeline compares how these training-time prompt
templates affect the resulting student model during downstream safety and utility evaluation.

In this work, we answer this question by sys-
tematically investigating how the format of prompt
templates during training shapes the distilled stu-
dent model’s susceptibility to harmful queries (Qi
et al., 2025; Arditi et al., 2024). We distill student
models on benign instruction-following data un-
der two controlled template conditions: chat and
non-chat, and evaluate all models using the stan-
dard chat template at inference, ensuring that any
observed safety differences reflect training-time
choices alone. Beyond output-level evaluation, we
conduct a mechanistic analysis to examine whether
chat-template KD shifts the student’s internal re-
fusal representations or whether the behavioral gap
is a surface-level artifact. We further study prompt
template mixing by varying the proportion of chat
versus non-chat samples during training to charac-
terize how safety and utility scale with chat tem-
plate exposure. The overall pipeline is shown in
Figure 1.

Our key findings are summarized as follows:

• Knowledge distillation on benign dataset can
erode the pre-existing safety alignment of
aligned student models across model families.

• Prompt formatting modulates the severity of
this degradation: using a chat template dur-
ing KD consistently leads to a higher Attack
Success Rate (ASR) than non-chat KD under
identical training data.

• The student-side training template, not the
teacher’s output distribution, is the primary

driver: using the chat template only for the
teacher causes minimal safety loss, whereas
using it for the student produces consistent
regression.

• The degradation is not limited to output be-
havior: chat-template KD shifts the student’s
internal refusal direction away from the base
model and reduces its ability to separate harm-
ful from harmless prompts, whereas non-chat
KD largely preserves both.

• Safety is more sensitive to chat template ex-
posure than utility. As the proportion of chat
template samples increases, ASR generally
rises, indicating amplified safety degradation,
whereas utility improves only modestly.

2 Related work

Knowledge Distillation. Hinton et al. (2015)
originally demonstrated that soft targets (i.e., a full
probability distribution) encode richer information
than hard labels (i.e., a discrete label). This enabled
the efficient transfer of knowledge from a large
deep neural network to smaller ones. Recently, re-
search has shifted towards distilling the knowledge
of LLMs into more compact student models (Gu
et al., 2024; Ko et al., 2024; Wang et al., 2025a).
Notably, Gu et al. (2024) introduced a distillation
objective for generative models (adopted by many
subsequent methods) which introduced reverse KL
divergencefor improved KD in generative LLMs.
However, despite the advancement in task-centric



KD that prioritizes task utility (e.g., preserving ac-
curacy or fluency), how these processes impact
safety alignment is currently under-studied.

Safety Alignment in LLMs. To align LLMs with
human values, models often adopt a two-stage post-
training pipeline of SFT and alignment-tuning (e.g.,
Reinforcement Learning from Human Feedback,
Direct Preference Optimization) (Ouyang et al.,
2022; Bai et al., 2022; Rafailov et al., 2023). These
methods have demonstrated that careful alignment
can embed the ability to reject harmful instructions
(known as safety guardrails) within an LLM. Prior
work has also employed KD as a mechanism to
enforce safety alignment in student models Yang
et al. (2024). However, literature has found that
several vulnerabilities exist in the safety guardrails
of open-access LLMs (Yi et al., 2024). These vul-
nerabilities lead to jailbreak attacks, which allow
malicious users to use the LLM in unintended ways
(Yi et al., 2024). It is unclear if distilling models on
benign downstream tasks can further degrade these
safety guardrails in previously aligned models.

Prompt Templates. Prompt templates, which de-
termine how instructions, user inputs, and assis-
tant responses are serialized before being passed
to a model, are often treated as implementation
details, but these formatting choices meaningfully
shape model behavior and safety. During instruc-
tion fine-tuning, chat templates can reduce context
awareness, influencing how models attend to in-
put (Wang et al., 2025b). They also affect safety:
task-style fine-tuning and safety-oriented testing
better preserve safe behavior (Lyu et al., 2024),
while certain chat template designs induce unex-
pected behavioral failures (Jiang et al., 2025). Sim-
ilar vulnerabilities also appear in VLMs, where
Role-Modality Attacks exploit dialogue roles and
modality placement (Shayegani et al., 2026). De-
spite these findings, the role of prompt templates
in knowledge distillation remains underexplored;
we address this gap by systematically comparing
chat and non-chat templates during benign KD and
measuring their impact on both utility and safety.

3 Methodology

In this section, we present our approach for analyz-
ing the impact of prompt templates on safety align-
ment during Knowledge Distillation (KD). Our
pipeline, illustrated in Figure 1, consists of two
stages: (1) constructing instruction datasets using

distinct prompt formatting strategies (chat vs. non-
chat), and (2) fine-tuning a student model using a
balanced KD objective.

3.1 Prompt Formatting
To examine the role of structural cues during dis-
tillation, we design two controlled formatting con-
ditions for the instruction dataset D. While mod-
ern instruction-tuned models typically require spe-
cific chat templates (e.g., <|begin_of_text|>,
<|start_header_id|>) to maintain state and role
(Hugging Face Team, 2025), it is unclear if these
tokens aid or hinder the transfer of safety represen-
tations during KD.

We use standard definition of two template con-
figurations, as described below (see e.g. in Table
9):

• Chat Template: We use each model family’s
native chat template, including all special con-
trol tokens, as the chat-format baseline for
instruction following.

• Non-chat Template: We strip all model-
specific control tokens, presenting the input
as raw text. This isolates the semantic content
of the instruction from the structural priors
enforced by the template.

Importantly, regardless of the training template,
all models are evaluated using the standard chat
template at inference to reflect real-world deploy-
ment conditions (details in §3.3.3)

3.2 Distillation Objective
Given the formatted dataset D = {(x, y)}, we fine-
tune the student model qθ by combining a standard
supervised learning objective with Knowledge Dis-
tillation from the teacher p. The total loss function
balances the ground-truth alignment with the trans-
fer of the teacher’s probability distribution:

L = (1− α)LCE + αLKD

The supervised component, LCE , enforces align-
ment with the gold reference tokens, while LKD

minimizes the forward KL divergence between the
teacher and student logits:

LCE = E(x,y)∼D [− log qθ(y|x)]
LKD = Ex∼D,y∼p(·|x) [log p(y|x)− log qθ(y|x)]

We set α = 0.5 to assign equal weight to task
performance and knowledge transfer. Although our



primary experiments use forward KL as the stan-
dard distillation objective, we additionally evaluate
reverse KL and combined FKL+RKL objectives to
assess whether the observed template effects gener-
alize across distillation objectives (Appendix C).

3.3 Experimental Setup

In this section, we detail our experimental setup for
investigating how prompt template choice during
distillation influences the preservation of safety
alignment of the student models.

3.3.1 Models.
We employ three widely used open-weight model
families: LLaMA-3 (Grattafiori et al., 2024),
Gemma-2 (Team et al., 2024), and Qwen-2.5
(Qwen et al., 2024). Following standard KD proto-
cols (Gu et al., 2024; Ko et al., 2024), we use larger
Instruct variants as teachers (MT ) and smaller
Instruct variants as students (MS): LLaMA-3.1-
8B-Instruct → LLaMA-3.2-3B-Instruct, Gemma-
2-9B-IT → Gemma-2-2B-IT, and Qwen2.5-7B-
Instruct → Qwen2.5-3B-Instruct. These model
pairs were selected due to their rigorous pre-
training filtration and post-training safety align-
ment, providing a strong baseline for measuring
safety degradation.

3.3.2 Datasets.
Instruction Following. We perform distillation
with the databricks-dolly-15k dataset (Gu
et al., 2024), a standard benchmark for instruction
following.

Safety Evaluation. To measure safety align-
ment, we evaluate on four adversarial bench-
marks: AdvBench (Zou et al., 2023) and Jailbreak-
Bench (Chao et al., 2024) for harmful-instruction
attacks, and HarmBench (Mazeika et al., 2024)
and SORRY-Bench (Xie et al., 2025) for broader
harmful-behavior coverage. These datasets are
used for evaluation only; please refer to Appendix
A.4 for a detailed description of each.

3.3.3 Training and Evaluation
Training We fine-tune all student models using
LoRA (Hu et al., 2022) rank r = 8. The training
is conducted on a single node equipped with 4 ×
NVIDIA RTX 4090 GPUs. For a comprehensive
overview of hyperparameters, including learning
rates and batch sizes, please refer to the Appendix
A.1.

Evaluation Setting. We assess model perfor-
mance along two dimensions: task utility and
safety alignment. For task utility, we report
the average ROUGE-L score across the four
general-domain instruction-following sets. For
safety alignment, we compute Attack Success Rate
(ASR) on AdvBench and JailbreakBench using
the WalledEval framework (Gupta et al., 2024)
with LLaMA-3-Guard-8B as the judge, and eval-
uate HarmBench and SORRY-Bench using their
respective provided judges.

Inference Setting. Crucially, during evaluation,
we strictly adhere to the standard chat template
for all models (including those trained with non-
chat templates). This follows the recommended
inference-time usage of modern instruction-tuned
LLMs (Grattafiori et al., 2024; Team et al., 2024)
and ensures that our evaluation reflects the prac-
tical safety of deployed models. Therefore, any
observed safety differences across conditions can
be attributed to the training-time template choice,
rather than to differences in the evaluation format.

4 Results

We analyze the safety behavior of student mod-
els after knowledge distillation (KD) under two
training-template conditions: (1) chat template and
(2) non-chat template. During evaluation, all mod-
els are tested using the standard chat template, re-
flecting the expected deployment setting.

4.1 Distillation generally erodes safety.

We observe that standard KD on benign instruction-
following data degrades the safety alignment in the
student models. As shown in Table 1, all three dis-
tilled student models show increased ASR on most
safety benchmarks relative to their corresponding
base student models. In some cases, the vulnera-
bility of the student models has almost tripled with
maximal degradation (HarmBench for LLaMA and
SORRY-Bench for Gemma). We further show in
Appendix C that the same template-driven safety
degradation persists under alternative distillation
objectives.

4.2 Template Choice Shapes Safety
Degradation

Our main finding is that the prompt template used
during KD strongly affects safety preservation.
When the student is distilled using the standard



Model Method Training
Template

Safety (ASR% ↓) Utility (RL↑)

AdvBench JBB SORRY HarmBench AVG

LLaMA-3.2-3B-Instruct

MS - 2.98 7.25 26.72 12.18 19.84

SFT Non-chat 0.0096−2.97 0.04−7.21 27.12+0.40 12.19+0.01 24.27
SFT Chat 0.04−2.94 0.07−7.18 28.71+1.99 22.50+10.32 29.10

KD Non-chat 3.07+0.09 6.00−1.25 27.36+0.64 29.81+17.63 24.75
KD Chat 4.99+2.01 8.75+1.50 30.86+4.14 39.75+27.57 29.03

Gemma-2-2B-IT

MS - 0.00 1.50 16.04 11.56 22.35

SFT Non-chat 0.00+0.00 0.015−1.485 28.71+12.67 20.37+8.81 23.66
SFT Chat 0.028+0.028 0.055−1.445 53.18+37.14 13.25+1.69 30.05

KD Non-chat 0.00+0.00 1.50+0.00 19.18+3.14 14.25+2.69 23.63
KD Chat 4.00+4.00 6.50+5.00 51.36+35.32 19.56+8.00 30.18

Qwen-2.5-3B-Instruct

MS - 0 2.75 36.29 17.69 22.46

SFT Non-chat 0.67+0.67 3.25+0.50 35.15−1.14 17.75+0.06 23.93
SFT Chat 4.90+4.90 12.75+10.00 41.67+5.38 31.94+14.25 29.15

KD Non-chat 1.06+1.06 3.25+0.50 34.93−1.36 17.81+0.12 23.96
KD Chat 5.87+5.87 11+8.25 40.99+4.70 30.81+13.12 28.95

Table 1: Student-model safety and utility under different prompt templates. We evaluate how prompt templates
used during knowledge distillation affect the resulting student model’s safety and utility. Safety is measured using
Attack Success Rate (ASR%), where lower values indicate safer behavior. Utility reports the average ROUGE-L
score across four instruction-following benchmarks: Dolly, SelfInst, S-NI, and Vicuna. The subscripted deltas show
the change relative to the corresponding student baseline (MS ) within each model family. Red deltas indicate
increased ASR, corresponding to worse safety, while green deltas indicate reduced ASR, corresponding to improved
safety. To emphasize the KD template effect, bold values are used only in the KD safety columns and denote the
higher (less safe) ASR between chat and non-chat KD.

chat template, the resulting model shows larger in-
creases in ASR than with the non-chat template.
For example, on SORRY-Bench, the Gemma stu-
dent shows a +35.32% ASR increase relative to
its base student model. Similarly, on HarmBench,
we observe a +27.57% increase for LLaMA and a
+13.12% increase for Qwen. These results suggest
that chat-template KD is associated with greater
erosion of pre-existing refusal behavior.

While prior work has shown that SFT can de-
grade safety alignment (Lyu et al., 2024; Jiang
et al., 2025), we show that similar template sen-
sitivity also emerges in KD, even when the distilla-
tion data are benign. Importantly, the effect is sub-
stantially weaker with non-chat KD. On Gemma,
SORRY-Bench ASR increases by only +3.14%,
compared with +35.32% under chat-template KD.
The same pattern holds across model families:
LLaMA shows a smaller HarmBench increase,
while Qwen remains near baseline on HarmBench
(+0.12%) but degrades substantially under chat-
template KD (+13.12%).

These results suggest that using a non-chat tem-
plate during KD reduces safety degradation under
standard chat-template evaluation. However, non-
chat KD does not fully preserve the original align-

ment. For example, LLaMA still shows a +17.63%
HarmBench ASR increase, indicating that distilla-
tion itself weakens refusal behavior. Although non-
chat KD still improves utility over the base student
model, its gains are smaller than those achieved by
chat template KD.

4.3 The safety-utility trade-off.

Given that KD is primarily used to improve task
utility, it is important to examine whether template
choice also affects this dimension. Our results re-
veal a clear trade-off: KD improves instruction-
following under both template conditions, but
larger utility gains coincide with larger ASR in-
creases. As shown in Table 1, chat-template KD
achieves higher utility but also incurs the largest
safety costs, whereas non-chat KD yields smaller
utility gains while better preserving safety. Ap-
pendix E further shows that chat-template KD ac-
celerates this vulnerability earlier in training.

One possible explanation is that the lower ASR
of non-chat KD simply reflects weaker instruction-
following rather than better safety preservation.
However, this is inconsistent with the data: for
LLaMA, non-chat KD achieves lower utility than
SFT Chat (24.75 vs. 29.10) yet shows higher Harm-



Bench ASR (29.81% vs. 22.50%). If reduced
compliance explained the lower ASR, lower util-
ity should correspond to lower ASR, which is not
observed. Section 5.2 further shows that non-chat
KD better preserves refusal-related representations,
suggesting deeper mechanistic differences between
the two template conditions.

5 Analysis

The observed safety degradation under chat-
template KD Prompts us to investigate three follow-
up questions: first, whether this degradation is
driven primarily by the student’s training format
or by the teacher’s output distribution (§5.1); sec-
ond, whether this behavioral gap corresponds to
changes in the model’s internal refusal representa-
tions (§5.2); and third, whether reducing the pro-
portion of chat-template examples during training
can moderate this effect (§5.3).

5.1 KD Prompt Template Drives the
Degradation

Model Student Teacher: Non-chat Teacher: Chat

SORRY ↓ HarmBench ↓ SORRY ↓ HarmBench ↓

LLaMA Non-chat 27.36+0.64 29.81+17.63 26.36−0.36 11.44−0.74

Chat 28.33+1.61 13.44+1.26 30.86+4.14 39.75+27.57

Gemma Non-chat 19.18+3.14 14.25+2.69 16.90+0.86 12.50+0.94

Chat 18.33+2.29 12.75+1.19 51.36+35.32 19.56+8.00

Table 2: Decoupling student and teacher templates dur-
ing KD. Safety is measured using ASR (%), where
lower is better. The subscripted deltas show the change
relative to the corresponding student baseline (MS).

To determine whether the safety degradation ob-
served in Section 4 is inherited from the teacher’s
output distribution or driven by the student’s train-
ing format, we decouple the two templates during
KD. As shown in Table 2, using the chat template
only for the teacher does not meaningfully degrade
safety, whereas using it only for the student causes
a small but consistent regression across both model
families. This suggests that the student-side train-
ing format plays the dominant role, rather than the
teacher-side output format alone. We attribute this
asymmetry to the nature of each side’s influence:
the student template directly shapes the input distri-
bution over which gradients are computed, whereas
the teacher template only determines the soft-target
distribution observed by the student. As a result,
the teacher-side template provides a weaker sig-
nal and does not directly alter the student’s own
representation learning.

The strongest degradation appears when both the
student and teacher use the chat template. In this
matched chat/chat setting, LLaMA HarmBench in-
creases by +27.57% and Gemma SORRY-Bench
increases by +35.32%, far exceeding the changes
observed when only one side uses the chat tem-
plate. These results indicate that the regression is
not simply inherited from the teacher, but emerges
when the student learns from a teacher distribu-
tion generated under the same chat-based template.
Decoupling either side removes most of the safety
loss, showing that matched chat-template distilla-
tion is the primary source of the observed degra-
dation. Since the student-side template emerges
as the primary driver, we next examine whether
this behavioral difference is also reflected in the
model’s internal representation.

5.2 Mechanistic Analysis
As Section 4 shows that the student-side template
is the primary driver of safety degradation, we next
examine whether this difference also appears in
the model’s internal representations, and not just in
output behavior, using the refusal direction (Arditi
et al., 2024) as a diagnostic probe. Specifically, we
analyze whether knowledge distillation changes the
refusal geometry of the original instruction-tuned
student model.

Setup. We probe the model’s internal represen-
tation using the refusal direction (Arditi et al.,
2024), a linear axis in activation space estimated
from residual stream activations (resid_pre) that
separates harmful from harmless prompts in the
base student. If distillation preserves this axis, the
model retains its internal distinction between harm-
ful and harmless inputs; if the axis changes or be-
comes weaker, the behavioral safety gap reflects a
deeper representational shift. For each model and
layer ℓ, we estimate this direction from mean activa-
tion differences between harmful prompts (SORRY-
Bench) and harmless prompts (Dolly-15k):

rℓ =
E[hharm

ℓ ]− E[hsafe
ℓ ]

∥E[hharm
ℓ ]− E[hsafe

ℓ ]∥
2

. (1)

We compute this direction for the base student,
the chat template distilled student, and the non-chat
template distilled student. We then track two com-
plementary properties after distillation: whether
the refusal direction remains aligned with the base
student (cosine similarity), and whether it still sepa-
rates harmful from harmless activations (projection
gap):



CosSimℓ(M,MS) =
rMℓ · rMS

ℓ

∥rMℓ ∥
2

∥∥∥rMS
ℓ

∥∥∥
2

, (2)

∆M
ℓ = Ex∈Dharm

[
hM
ℓ (x) · rMℓ

]
−Ex∈Dsafe

[
hM
ℓ (x) · rMℓ

]
.

(3)

A cosine similarity close to 1.0 indicates that
the refusal direction is preserved, while lower val-
ues indicate rotation away from the original di-
rection. Furthermore, higher projection gaps in-
dicate stronger internal separation between harm-
ful and harmless prompts. We additionally apply
PCA to last-token hidden states to visualize these
shifts. All models are evaluated using the same
chat-template inference format so that differences
reflect the effect of distillation rather than inference-
time formatting.

Model Method Cosine Similarity
to Base ↑

Projection
Gap ↑

Gemma
Base — 368.78
KD (Chat) 0.53 175.60
KD (Non-chat) 0.99 355.76

LLaMA
Base — 20.38
KD (Chat) 0.75 18.48
KD (Non-chat) 0.97 20.87

Qwen
Base — 118.45
KD (Chat) 0.54 83.21
KD (Non-chat) 0.99 110.69

Table 3: Representation similarity and refusal-
projection gap across model families. Cosine sim-
ilarity is measured with respect to the refusal direction
of the original instruction-tuned student, and projection
gap measures the harmful–harmless separation along
this direction.

Findings. As shown in Table 3, chat-template
KD causes larger changes in refusal geometry than
non-chat-template KD across Gemma, LLaMA,
and Qwen. Across all three model families, non-
chat distillation better preserves the base model’s
representation structure, while chat-template dis-
tillation induces a larger representational shift and
reduces the projection gap. The chat-template dis-
tilled models show lower cosine similarity to the
original instruction-tuned student’s refusal direc-
tion, indicating that the refusal direction is less pre-
served after chat-template KD. They also show a
weaker projection gap, suggesting that harmful and
harmless prompts become less separable along the
refusal direction. This pattern is consistent with the
behavioral safety results: the same condition that
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Figure 2: Final-layer representation shifts under
different prompt templates. PCA projections of final-
layer hidden states across three models show that non-
chat template KD remains closer to the base instruct-
tuned student, whereas chat-template KD produces a
larger shift in representation space.

produces higher attack success rate also produces
larger shifts in refusal-related representations.

In contrast, non-chat template KD better pre-
serves both the direction and separability of the
original refusal geometry. This suggests that non-
chat template distillation interferes less with in-
ternal representations associated with refusal be-
havior. The PCA visualization in Figure 2 pro-
vides a complementary view of this effect, showing
that chat template KD leads to greater changes in
the harmful-vs-harmless representation structure.
Overall, these findings suggest that the safety degra-
dation caused by chat template KD is not only a
surface-level decoding effect, but is also reflected
in intermediate representations.

We further perform small-scale causal interven-
tions on the learned refusal direction as a diagnostic
test of the correlational findings. The results are
reported in Appendix F, with an important caveat
that the LLaMA ablation can impair output coher-
ence and therefore its lower ASR should not be
interpreted as improved safety.

5.3 Template Mixing Provides Limited
Mitigation

The preceding analyses show that using the chat
template during KD drives behavioral safety degra-
dation and shifts the model’s internal refusal



Model Chat Prop. Safety (ASR% ↓) Utility (RL↑)

SORRY HarmBench AVG

LLaMA

MS 26.72 12.18 18.77

0.0 27.36+0.64 29.81+17.63 24.75
0.5 28.18+1.46 23.06+10.88 28.62
0.8 29.85+3.13 24.50+12.32 28.74
1.0 30.86+4.14 39.75+27.57 29.03

Gemma

MS 16.04 11.56 22.35

0.0 19.18+3.14 14.25+2.69 23.63
0.5 38.94+22.90 16.88+5.32 29.60
0.8 44.39+28.35 18.50+6.94 30.24
1.0 51.36+35.32 19.56+8.00 30.18

Table 4: KD safety and utility under different chat
template proportions. Chat Prop. denotes the propor-
tion of chat-template examples used during KD, where
0.0 is pure non-chat and 1.0 is pure chat template.

representation. We therefore examine whether
this degradation depends on the amount of chat-
template exposure during distillation. Rather
than introducing additional safety-specific supervi-
sion (Han et al., 2024; Qi et al., 2024), we isolate
the role of prompt formatting by mixing chat and
non-chat formatted samples within the same be-
nign utility dataset. This design allows us to test
whether gradually reducing chat-template exposure
can moderate safety degradation while keeping the
training data content fixed and avoiding explicit
safety supervision.

Specifically, we vary the proportion of chat tem-
plate samples from 0 (pure non-chat) to 1 (pure
chat), where intermediate values represent mixed
training. A value of 0.5 chat-template proportion
indicates that half of the training examples use
the chat template, while the remaining half use
the corresponding non-chat prompt format. As
reported in Table 4, utility increases as this propor-
tion increases: for LLaMA, AVG utility rises from
24.75 to roughly 29, and for Gemma from 23.63 to
roughly 30. However, these gains are small relative
to the concurrent rise in ASR.

In contrast, safety is much more sensitive to
the proportion of chat template samples. For
LLaMA, SORRY-Bench increases from 27.36 to
30.86, while HarmBench rises sharply from 29.81
to 39.75. A stronger trend appears for Gemma,
where SORRY-Bench increases from 19.18 to
51.36 and HarmBench from 14.25 to 19.56. Im-
portantly, prompt mixing does not reduce ASR
below the pure non-chat setting; it only attenu-
ates degradation relative to full chat-template KD.
These results suggest that prompt-template mixing
minimally affects utility but substantially increases

harmful-response susceptibility as chat-template
proportions rise.

5.4 Robustness to Prompt Formatting
Our primary experiments use the standard chat tem-
plate for all models, allowing controlled compari-
son across KD training formats. To assess whether
the observed degradation depends on the inference
format or on sensitivity to specific control tokens
within the chat template, we perform two robust-
ness analyses: cross-template evaluation, which
changes the complete inference format, and token
ablations, which selectively remove components of
the chat template.

SORRY (ASR% ↓) HarmBench(ASR% ↓)

Model Method Chat Non-chat Chat Non-chat

LLaMA
Base 26.72 35.15 12.18 35.44
KD (Chat) 30.86+4.14 54.39+19.24 39.75+27.57 42.56+7.12

KD (Non-chat) 27.36+0.64 50.61+15.46 29.81+17.63 33.31−2.13

Gemma
Base 16.04 19.92 11.56 17.75
KD (Chat) 51.36+35.32 71.51+51.59 19.56+8.00 27.56+9.81

KD (Non-chat) 19.18+3.14 40.99+21.07 14.25+2.69 34.81+17.06

Qwen
Base 36.29 44.92 17.69 33.94
KD (Chat) 40.99+4.70 54.09+9.17 30.81+13.12 38.56+4.62

KD (Non-chat) 34.93−1.36 57.65+12.73 17.81+0.12 38.44+4.50

Table 5: Cross-template safety evaluation.Attack suc-
cess rate (ASR%, ↓) under chat and non-chat inference
formats across the original instruction-tuned student
(base) and distilled models. The subscripted deltas show
the change relative to the corresponding student base-
line.

Cross-template evaluation. To test whether the
observed degradation is caused by sensitivity to
the inference template, we provide cross-template
evaluation in HarmBench and SORRYBench safety
dataset as shown in Table 5.

For each model family, we compare the base and
the distilled models under the same inference tem-
plate. The degradation persists under non-chat eval-
uation, with chat template KD exhibits higher ASR
than the corresponding base model across all three
model families and both benchmarks. Although
the magnitude of the degradation varies with the
inference format, its direction remains consistent,
indicating that the observed degradation in safety
alignment is not limited to the standard chat tem-
plate evaluation.

Token ablation. To examine whether the degra-
dation is driven by specific control tokens in the
chat template, we perform fine-grained HarmBench
ablations across all three model families. We re-
move BOS/EOT tokens (w/o BOS/EOT), which



Model Training w/o BOS/EOT w/o Role Raw Query

LLaMA
Base 16.38 22.31 35.69
KD-Non-chat 17.50+1.12 22.50+0.19 28.19−7.50

KD-Chat 25.75+9.37 24.75+2.44 39.81+4.12

Gemma
Base 15.69 17.81 14.50
KD-Non-chat 19.00+3.31 22.94+5.13 16.06+1.56

KD-Chat 23.38+7.69 26.00+8.19 17.00+2.50

Qwen
Base 32.44 48.75 32.13
KD-Non-chat 36.19+3.75 44.50−4.25 31.94−0.19

KD-Chat 38.44+6.00 45.75−3.00 32.75+0.62

Table 6: Token-ablation safety evaluation. Harm-
Bench ASR after removing chat-template components.
The subscripted deltas show the change relative to the
corresponding student baseline.

mark sequence or turn boundaries; remove role
markers (w/o Role Tags), which identify the user
and assistant turns; and evaluate the harmful in-
struction alone without chat template tokens (Raw
Query) as shown in Table 6.

When BOS/EOT tokens are removed, KD-Chat
remains less safe than the corresponding base
model across all three families, with ASR in-
creases of +9.37, +7.69, and +6.00 for LLaMA,
Gemma, and Qwen, respectively. This indicates
that BOS/EOT tokens alone do not account for the
increased ASR. The role-marker and raw-query ab-
lations show more model-dependent behavior, as
the base models themselves are highly sensitive to
these input formats. Thus, individual template com-
ponents can modulate the magnitude of the effect,
but no single control token component consistently
explains the degradation across model families.

6 Discussion

The above analyses in section 5 show that chat
template KD consistently leads to safety degrada-
tion than non-chat KD, is accompanied by changes
in refusal-related representations, increases with
chat template exposure, and remains evident across
alternative inference formats and token ablations.
Therefore, these findings show that safety degra-
dation during knowledge distillation is not only a
consequence of optimizing on benign task data, but
is also strongly shaped by the prompt template used
during training. In particular, chat template KD
produces faster and larger increases in ASR than
non-chat KD, indicating that prompt formatting
can amplify the erosion of safety alignment. These
results suggest that prompt formatting during KD
affects safety beyond a simple evaluation-template
artifact.

We hypothesize that this occurs because chat
templates expose structural role tokens and conver-
sational transitions, such as user-assistant bound-
aries, that are closely tied to the model’s learned
refusal behavior. During KD, repeatedly opti-
mizing on benign chat-formatted responses may
overwrite or weaken these safety-relevant associa-
tions, thereby disrupting the conditional behavior
needed for refusal. This interpretation is consis-
tent with our representation-level analysis, where
chat-template KD produces larger shifts in refusal-
related geometry compared to non-chat-template
KD.

A practical implication of these findings is that
prompt templates should be decoupled between
training and deployment when safety is the primary
concern. Specifically, our results suggest using a
non-chat template during KD training while still
deploying through the standard chat interface, i.e.,
non-chat training → chat inference. However, this
training–deployment asymmetry is unusual in prac-
tice, and its robustness beyond benign instruction-
following data and our benchmark settings remains
to be verified. Thus, prompt templates are not
merely a syntactic implementation choice, but an
important factor in alignment stability.

7 Conclusion

In this work, we show that knowledge distillation
(KD) on benign tasks can erode the safety align-
ment of student models. Across model families,
KD improves task utility but also increases harmful-
compliance vulnerability, suggesting that optimiz-
ing for instruction-following performance can con-
flict with preserving the refusal behavior already
present in aligned student models. Our findings
further identify prompt templates as a key training-
time factor that amplifies this degradation. More
broadly, these results raise an important question
for future work: whether fine-tuning and distilla-
tion methods can preserve refusal geometry with-
out relying on explicit safety supervision, enabling
student models to improve utility while maintain-
ing the safety behavior of their base instruct-tuned
models.

Limitations

While our study provides evidence that prompt tem-
plates play an important role in safety degradation
during knowledge distillation, three limitations re-
main.



Dataset. First, KD is performed exclusively
on benign instruction-following data, leaving
open whether similar template-driven degradation
emerges in domain-specific settings such as code,
math, or reasoning. These domains differ in how
heavily they rely on structural tokens: code con-
tains formatting cues that may interact with chat-
template control tokens in distinct ways, whereas
math and reasoning data are largely plain text.
We restrict our study to the benign instruction-
following setting in order to isolate the effect of
prompt formatting from domain-induced distri-
butional shifts; extending the analysis to struc-
turally richer domains is a natural next step that
our pipeline directly supports.

Beyond LoRA. Second, all experiments use
LoRA-based distillation rather than full-parameter
fine-tuning. Prior work suggests that LoRA can
produce behavioral and representational changes
similar to full fine-tuning (Hu et al., 2022). There-
fore, we expect the template-driven safety degra-
dation observed in our experiments to also appear
under full-parameter distillation, although the mag-
nitude may differ. A direct comparison between
LoRA and full-parameter training is an important
direction for future work.

Evaluator Bias. Safety evaluation uses auto-
mated judges (LLaMA-Guard-8B for AdvBench
and JailbreakBench, a fine-tuned Mistral judge for
SORRY-Bench, and LLaMA-2-13B-cls for Harm-
Bench). These judges may not fully capture all
forms of harmful content. However, each bench-
mark uses a fixed judge, so comparisons within a
benchmark remain consistent even if absolute ASR
values differ. A direct comparison across judges is
left for future work.

Ethical Considerations

This work investigates conditions under which
knowledge distillation on benign downstream tasks
can erode the safety alignment of LLMs. While
these findings could in principle be exploited to
bypass refusal behavior, our research primary in-
tent is to highlight underexplored vulnerability in
the KD pipeline. We aim to inform the develop-
ment of more robust safety-preserving distillation
techniques. All experiments use publicly available
datasets and models, and no human subjects were
involved. The safety evaluation datasets contain
harmful or offensive content by design and were

used solely for research and evaluation.
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A Training Details

A.1 Hyperparameter details

Hyperparameter Instruction

Effective Batch Size 64
Initial LR 2.0 × 10−5

LR Decay Style Cosine
Optimizer AdamW
Weight Decay 0.01
Parallel Strategy DDP
Precision BF16
Epochs 8
Max Prompt Length 512
Max Sequence Length 1024
Evaluation Decoding t = 1.0, top_p = 0.7

Table 7: Hyperparameter settings. Dataset-wise train-
ing and evaluation configurations used for student model
distillation.

Table 7 summarizes the hyperparameter settings
used for student model distillation. We use Brain
Floating Point (BF16) mixed precision to improve
training throughput while maintaining numerical
stability. During instruction-following evaluation,
responses are generated with a decoding temper-
ature of t = 1.0 and nucleus sampling parameter
top_p = 0.7.

A.2 Dataset Details

Type Name # Train # Test

Instruction Following

Dolly 11435 500
Self-Instruct – 242
Vicuna – 80
S-NI – 1694

Safety Evaluation

AdvBench – 520
JailbreakBench – 200
SORRY-Bench – 400
HarmBench – 1600

Table 8: Data statistics of training and evaluation data.

In Table 8, we provide the details of train-
ing and evaluation datasets used for downstream
instruction-following tasks and the benchmarks em-
ployed for safety evaluation.

A.3 Prompt Template

An example of each prompt template used during
distillation is shown in Table 9.

A.4 Safety Evaluation

In this section, we summarize the safety bench-
marks employed in to assess both the pre-exisiting
student models safety and their safety alignment
after distillation process.

AdvBench: We evaluate model safety on Ad-
vBench, containing 520 harmful behaviors (Zou
et al., 2023). Following WalledEval, we use their
curated harmful prompts 2 and prompt to the
models. Then, the responses are assessed using
LLaMA-3-Guard-8B (Grattafiori et al., 2024).

JailbreakBench: We further evaluate refusal
robustness using 200 harmful prompts, from Jail-
breakBench (Chao et al., 2024). The evaluation
was done by the same model as AdvBench. The
reported score of AdvBench and JailbreakBench,
in 1 is the average of two seeds.

SORRY-Bench: SORRY-Bench comprises a 44-
class safety taxonomy with 440 base prompts and
uses a fine-tuned Mistral-7B-Instruct-v0.2 model
as an automated judge for safety refusal.3

We evaluate models on the base prompts and
the fulfillment rate in the benchmark is reported
here as ASR, defined as the proportion of responses
that comply with unsafe instructions. Higher ASR
indicates weaker safety, while lower ASR reflects
stronger refusal. Evaluations use default decoding
settings (t = 0.7, top_p = 1.0, max tokens =
1024), and reported results are averaged over three
random seeds in Table 1).

HarmBench: To evaluate the generalization of
safety performance, we additionally assess models
on HarmBench. Although HarmBench is primarily
designed for automated red teaming and evaluating
LLM attacks and defenses, we used it to measure
the safety of models based on ability to elicit harm-
ful behavior. HarmBench defines four behavior
categories—standard, copyright, contextual, and
multimodal—and we use the test split comprising
320 behaviors. For each behavior, we generate five
test cases using Mixtral-8x7B-Instruct-v0.14

Safety is evaluated using ASR, where lower val-
ues indicate safer models. We employ the pro-
vided LLaMA-2-13b-cls classifier as the auto-
mated judge5. All reported results correspond to

2AdvBench dataset: walledai/AdvBench.
3SORRY-Bench judge model: SORRY-Bench/

ft-mistral-7b-instruct-v0.2-SORRY-Bench-202406.
4https://huggingface.co/mistralai/

Mixtral-8x7B-Instruct-v0.1
5HarmBench classifier:

cais/HarmBench-LLaMA-2-13b-cls.

https://huggingface.co/datasets/walledai/AdvBench
https://huggingface.co/SORRY-Bench/ft-mistral-7b-instruct-v0.2-SORRY-Bench-202406
https://huggingface.co/SORRY-Bench/ft-mistral-7b-instruct-v0.2-SORRY-Bench-202406
https://huggingface.co/mistralai/Mixtral-8x7B-Instruct-v0.1
https://huggingface.co/mistralai/Mixtral-8x7B-Instruct-v0.1
https://huggingface.co/cais/HarmBench-LLaMA-2-13b-cls


Name Prompt Template Example Query
Non-chat Instruction: <query>

Response: <output>
Below is an instruction that describes a task. Write a response that appropri-
ately completes the request.### Instruction:What percussion instruments are
easy to learn?### Response:

Llama
(Chat)

<|system|>...
<|user|> <query>
<|assistant|>

<|begin_of_text|> <|start_header_id|>system<|end_header_id|>
{system prompt}<|eot_id|><|start_header_id|>user<|end_header_id|>
What percussion instruments are easy to learn?
<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Gemma
(Chat)

<bos><start_of_turn>user
<query><end_of_turn>
<start_of_turn>model

<bos><start_of_turn>user What percussion instruments are easy to learn?
<end_of_turn><start_of_turn>model

Qwen
(Chat)

<|im_start|>system...
<|im_end|>
<|im_start|>user
<query><|im_end|>
<|im_start|>assistant

<|im_start|>system You are Qwen, created by Alibaba Cloud. You are a
helpful assistant. <|im_end|><|im_start|>user What percussion instru-
ments are easy to learn? <|im_end|><|im_start|>assistant

Table 9: Example of Prompt templates used for LLaMA, Gemma, and Qwen family. The non-chat is common to all
the models whereas based on the model family chat template varies.

zero-shot prompts generated with HarmBench’s
default configuration.

B Safety-Utility

Table 10 presents a detailed breakdown of utility
across the instruction-following evaluation datasets.
All results are obtained using a decoding tempera-
ture of t = 1.0 and top_p = 0.7.

C Generalization to other distillation
objective

The effect of prompt templates generalizes be-
yond the standard KD objective. As shown in Ta-
ble 11, chat-template distillation consistently pro-
duces higher ASR than non-chat distillation across
RKL and FKL+RKL, while also yielding higher
average utility. This pattern holds across all three
models. For example, under RKL, HarmBench
ASR increases from 12.56 to 26.63 for LLaMA
and from 18.38 to 29.38 for Qwen when moving
from non-chat to chat distillation. Gemma shows
the same trend on SORRY-Bench, increasing from
18.86 to 41.29. These results indicate that template-
driven safety degradation is robust to changes in
the distillation objective.

D Teacher Model Performance

Table 12 reports supervised fine-tuning under both
prompt templates on teacher and student check-
points. We observed similar pattern of chat-
template SFT consistently degrading safety across
both model families and both scales similar to
(Lyu et al., 2024), while non-chat SFT leaves the
baseline largely intact (e.g., Gemma 9B SORRY:
+34.31 vs. +0.53; LLaMA 8B HarmBench: +7.00

vs. −0.06). The effect is therefore not a small-
model artifact nor specific to distillation.

E Chat templates accelerate vulnerability.
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Figure 3: Temporal dynamics of safety and utility.
Chat (orange) triggers rapid utility and vulnerability
spikes. Non-Chat (blue) follows a gradual trajectory,
slowing safety erosion in student LLaMA model

To further examine the effect of prompt tem-
plates, we track task utility, measured by ROUGE-
L, and safety degradation, measured by ASR,
across distillation steps. As shown in Figure 3,
chat-template KD produces a sharper early increase
in both utility and ASR. This indicates that the
chat template improves instruction-following per-
formance quickly, but also accelerates the loss of
safety behavior. In contrast, non-chat-template
KD shows a more gradual trajectory, with slower
increases in ASR while utility improves steadily.
These results provide additional evidence that chat
templates amplify safety degradation during distil-
lation, whereas non-chat templates lead to a more
stable training trajectory.



Model #Params Method Utility (R-L↑) Avg Safety (ASR↓)

Dolly SelfInst Vicuna S-NI R-L SORRY

LLaMA

8B MT 30.54 26.59 22.61 42.00 30.44 –

3B

MS 18.77 13.21 24.19 23.18 19.84 26.72
SFT (Non-Chat) 22.36 16.13 25.33 33.27 24.27 27.12
SFT (Chat) 29.37 24.65 22.68 39.68 29.10 28.71
KD (Non-Chat) 23.36 16.45 25.22 33.99 24.75 27.36
KD (Chat) 28.88 24.30 22.96 39.98 29.03 30.86

Gemma

9B MT 30.39 29.39 21.17 45.07 31.51 –

2B

MS 18.36 13.93 22.66 34.44 22.35 16.04
SFT (Non-Chat) 18.19 15.26 22.81 38.39 23.66 17.80
SFT (Chat) 28.78 27.66 20.97 42.78 30.05 53.18
KD (Non-Chat) 18.52 15.04 22.85 38.10 23.63 19.18
KD (Chat) 28.57 28.27 20.88 43.01 30.18 51.36

Qwen-2.5

7B MT 28.39 27.83 22.91 45.53 31.16 38.75

3B

MS 16.02 14.10 21.75 37.98 22.46 36.29
SFT (Non-Chat) 17.39 15.65 22.03 40.64 23.93 35.15
SFT (Chat) 26.34 25.24 21.50 43.52 29.15 41.67
KD (Non-Chat) 17.42 15.61 21.79 41.00 23.96 34.93
KD (Chat) 24.81 26.35 20.79 43.86 28.95 40.99

Table 10: Utility Evaluation results. Utility is measured using ROUGE-L (R-L) on DollyEval, SelfInst, VicunaEval,
and S-NI, with AVG reporting the mean score across the four benchmarks. Safety is evaluated on SORRY-Bench,
where lower values indicate safer behavior. The Method column indicates the training setting: MT denotes the
fine-tuned teacher model, MS denotes the base instruct-tuned student model, SFT denotes supervised fine-tuning,
and KD as standard distillation.

Method SORRY ↓ HarmBench ↓ Avg Utility ↑

LLaMA
RKL (Non-Chat) 28.11 12.56 24.79
RKL (Chat) 30.31 26.63 29.98
FKL+RKL (Non-Chat) 26.78 12.5 24.81
FKL+RKL (Chat) 30.42 26.38 29.29

Gemma
RKL (Non-Chat) 18.86 13.75 23.83
RKL (Chat) 41.29 16.88 30.63
FKL+RKL (Non-Chat) 18.94 13.56 23.55
FKL+RKL (Chat) 38.11 13.94 30.25

Qwen-2.5
RKL (Non-Chat) 32.96 18.38 23.75
RKL (Chat) 40.00 29.38 29.03

Table 11: Generalization to other KD objectives un-
der chat and non-chat templates. We report safety and
utility for students trained with alternative distillation
objectives under two prompt-template settings. Safety is
measured using ASR (%) on SORRY-Bench and Harm-
Bench, where lower is better. Utility reports the average
ROUGE-L score across the instruction-following bench-
marks.

F Preliminary causal intervention on
refusal direction.

To complement the correlational analysis in §5.2,
we perform small-scale interventions on the
difference-in-means refusal direction. For each

model family, we evaluate 40 harmful prompts
from SORRY-Bench using the same judge as in
the main evaluation. For KD-Chat, we ablate the
learned refusal direction from the model activa-
tions to test whether weakening this direction in-
creases unsafe behavior. For KD Non-Chat, we add
the base model’s refusal direction to test whether
restoring this direction improves safety. The full
results are reported in Table 13.

When we ablate the refusal direction, ASR in-
creases for Gemma and Qwen, while adding the
base model’s refusal direction to KD-Non-Chat re-
duces ASR across all three model families. These
results provide preliminary interventional evidence
that modifying the refusal direction can influence
safety behavior.

For LLaMA student model, ablating the refusal
direction decreases ASR, but this does not indi-
cate improved safety. After the intervention, 9/40
outputs become repetitive or off-topic, compared
with 1/40 before intervention. These incoherent
outputs are scored as non-compliant by the judge,
the measured ASR is mechanically reduced. We
therefore attribute the lower ASR in this setting to
degraded output coherence rather than improved



Model #Params Method Utility (R-L↑) Safety (ASR↓)

AVG SORRY HarmBench

LLaMA

8B
MT 20.20 13.26 8.69

SFT (Non-Chat) 24.86 13.71+0.45 8.63−0.06

SFT (Chat) 30.33 16.37+3.11 15.69+7.00

3B
MS 19.84 26.72 12.18

SFT (Non-Chat) 24.27 27.12+0.40 12.19+0.01

SFT (Chat) 29.10 28.71+1.99 22.50+10.32

Gemma

9B
MT 22.91 12.05 14.13

SFT (Non-Chat) 25.93 12.58+0.53 15.06+0.93

SFT (Chat) 35.06 46.36+34.31 24.50+10.37

2B
MS 22.35 16.04 11.56

SFT (Non-Chat) 23.66 28.71+12.67 20.37+8.81

SFT (Chat) 30.05 53.18+37.14 13.25+1.69

Table 12: Chat-template SFT degrades safety across teacher and student models. Utility is reported using
AVG ROUGE-L across DollyEval, SelfInst, VicunaEval, and S-NI. Safety is evaluated using SORRY-Bench and
HarmBench, where lower ASR indicates safer behavior. The subscripted deltas show the change relative to each
model’s own instruct-tuned baseline (MT or MS).

Model Ablate KD (Chat) Add to KD (Non-Chat)

LLaMA 35.0 → 20.0 15.0 → 5.0
Gemma 25.0 → 62.5 7.5 → 0.0
Qwen 20.0 → 55.0 12.5 → 0.0

Table 13: Preliminary refusal-direction interven-
tions. ASR (%) before and after intervention on 40
harmful SORRY-Bench prompts. “Ablate KD (Chat)”
removes the KD-Chat refusal direction, while “Add to
KD (Non-Chat)” adds the base model’s refusal direc-
tion.

refusal behavior.

G Full token ablations comparison

Table 14 provides the full HarmBench compari-
son across inference formats and token ablations.
We report results under the standard chat template,
after removing BOS/EOT tokens, after removing
role tags, under the non-chat template, and finally
using the raw harmful query without chat-template
formatting. This ordering progressively removes
chat-specific structure and allows us to compare
how safety behavior changes as different compo-
nents of the inference format are removed. Overall,
KD-Chat remains less safe than the correspond-
ing base model under several ablated settings, es-
pecially after removing BOS/EOT tokens, while
the role-tag and raw-query conditions are more
model dependent. These results suggest that no

single chat-template component fully accounts for
the degradation, although inference formatting can
substantially modulate its magnitude.

H Full Token Ablation Comparison

Table 14 provides the full HarmBench compari-
son across inference formats and token ablations.
We report results under the standard chat template,
after removing BOS/EOT tokens, after removing
role tags, under the non-chat template, and finally
using the raw harmful query without chat-template
formatting. This ordering progressively removes
chat-specific structure and allows us to compare
how safety behavior changes as different compo-
nents of the inference format are removed. Overall,
KD-Chat remains less safe than the correspond-
ing base model under several ablated settings, es-
pecially after removing BOS/EOT tokens, while
the role-tag and raw-query conditions are more
model dependent. These results suggest that no
single chat-template component fully accounts for
the degradation, although inference formatting can
substantially modulate its magnitude.

I Use of AI Assistants

We used AI assistants to help polish the text and
debug code. All content, ideas, and analyses pre-
sented in this paper remain the sole responsibility
of the authors.



Model Method Safety (ASR% ↓)

Chat Eval w/o BOS/EOT w/o Role Tags Non-chat Eval Raw Query

LLaMA
Base 12.18 16.38 22.31 35.44 35.69
KD-Non-chat 29.81+17.63 17.50+1.12 22.50+0.19 33.31−2.13 28.19−7.50

KD-Chat 39.75+27.57 25.75+9.37 24.75+2.44 42.56+7.12 39.81+4.12

Gemma
Base 11.56 15.69 17.81 17.75 14.50
KD-Non-chat 14.25+2.69 19.00+3.31 22.94+5.13 34.81+17.06 16.06+1.56

KD-Chat 19.56+8.00 23.38+7.69 26.00+8.19 27.56+9.81 17.00+2.50

Qwen
Base 17.69 32.44 48.75 33.94 32.13
KD-Non-chat 17.81+0.12 36.19+3.75 44.50−4.25 38.44+4.50 31.94−0.19

KD-Chat 30.81+13.12 38.44+6.00 45.75−3.00 38.56+4.62 32.75+0.62

Table 14: Safety under inference-template and token ablations. HarmBench attack success rate (ASR%) for
models with training settings and inference configurations. The subscripted values report the change relative to the
corresponding base model under the same evaluation configuration.
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