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Abstract

Large Audio Language Models (LALMs) have
extended the capabilities of Large Language
Models (LLMs) by enabling audio-based hu-
man interactions. However, recent research
has revealed that LALMs remain vulnerable
to harmful queries due to insufficient safety-
alignment. Despite advances in defence mea-
sures for text and vision LLMs, effective safety-
alignment strategies and audio-safety dataset
specifically targeting LALMs are notably ab-
sent. Meanwhile defence measures based on
Supervised Fine-tuning (SFT) struggle to ad-
dress safety improvement while avoiding over-
rejection issues, significantly compromising
helpfulness. In this work, we propose an un-
supervised safety-fine-tuning strategy as rem-
edy that reshapes model’s representation space
to enhance existing LALMs safety-alignment
while balancing the risk of over-rejection. Our
experiments, conducted across three genera-
tions of Qwen LALMs, demonstrate that our
approach significantly improves LALMs safety
under three modality input conditions (audio-
text, text-only, and audio-only) while increas-
ing over-rejection rate by only 0.88% on av-
erage.! Warning: this paper contains harmful
examples.

1 Introduction

Large Language Models (LLMs) (Achiam et al.,
2023; Touvron et al., 2023) have demonstrated un-
precedented capabilities in natural language under-
standing and generation, revolutionizing human-
machine dialogue. To expand the application sce-
narios of general artificial intelligence, recent re-
search has developed Large Audio Language Mod-
els (LALMs) (Chu et al., 2023, 2024; Xu et al.,
2025; Reid et al., 2024; Fu et al., 2025; Ding et al.,
2025), which enable more intuitive and accessible

'Our code and data are available at https://github.
com/YangHao97/RRS.

human-machine interactions through speech modal-
ity. By integrating audio encoders with backbone
LLMs, LALMs can simultaneously accept inputs
from both audio and text modalities, creating more
natural and versatile communication channels.

However, this advancement in audio interaction
also introduces critical new safety issues (Yang
et al., 2024a, 2025). As service providers deploy
LALMs to offer audio interactions to users, ensur-
ing model safety-alignment and defence against
harmful queries, becomes essential to prevent po-
tential misuse. Common safety-alignment reme-
dies such as Supervised Fine-tuning (SFT) strate-
gies often enhance safety-alignment at the cost of
increased model over-rejection, resulting in dimin-
ished helpfulness (Lee et al., 2025; Gu et al., 2025).

Recent research (Yang et al, 2025) pro-
posed red teaming strategies across three settings
that reveal LALMs’ vulnerabilities to harmful
queries compared to their backbone LLMs after
modality-adaptation-tuning, particularly demon-
strating safety-misalignment in harmful audio set-
tings. Lee et al. (2025) showed that safety-SFT
during modality-adaptation-tuning can effectively
enhance model safety-alignment; however, this
comes at the cost of excessive over-rejection that
diminishes model helpfulness. Despite significant
advances in developing defensive mechanisms for
text and vision models, the development of defence
mechanisms specifically targeting LALMs remains
under-explored.

In this paper, we propose an unsupervised safety-
fine-tuning strategy, Reshaping Representation
Space (RRS), for LALMs as a remedial measure to
improve their fundamental safety-alignment (see
Figure 1). Our strategy identifies and localises
harmful and benign zones within the representation
space, achieving improved safety while mitigat-
ing over-rejection through recalibration of repre-
sentation distributions. We conduct experiments
across three generations of Qwen LALMs (Chu
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Figure 1: Based on the visualisation of Qwen-Audio in
AIAH (Yang et al., 2025), we draw a simple representa-
tion space for illustrating the safety-alignment states of
models.

et al., 2023, 2024; Xu et al., 2025) with varying
safety levels, and evaluate the performance of pro-
posed strategy in terms of safety, over-rejection,
and speech chatting capabilities.

To the best of our knowledge, this is the first
work that effectively improves LALMs’ safety
while maintaining their utility. Our contributions
are summarised as follows:

e Based on insights from recent research, we iden-
tify two key observations about safety-aligned
language models: (1) They typically predict "I"
(as in "I'm sorry") as the refusal prefix when re-
sponding to harmful queries Qi et al. (2025), and
(2) Their representation spaces form distinct clus-
ters for harmful and benign inputs, unlike safety-
misaligned models where representations are inter-
mingled Yang et al. (2025). Building on these ob-
servations, we design a feature selection strategy to
identify safety-critical representation features and
formulate RRS as a cluster distance optimization
problem that precisely balances safety improve-
ment with over-rejection prevention.

e We conduct our safety-alignment experiments
on Qwen-Audio (Chu et al., 2023), Qwen2-
Audio (Chu et al., 2024), and Qwen2.5-Omni (Chu
et al., 2024).> We first apply four SFT strategies
to safety-fine-tune LALMs and propose a dataset
construction method that balances safety with over-
rejection. Experimental results indicate that by us-
ing proposed dataset, models achieve similar safety
performance while reducing over-rejection rates
by an average of 6.19%. Subsequently, we ap-
ply our proposed RRS strategy to fine-tune the
models and compare it with the best SFT strat-

*In this paper, Qwen-Audio and Qwen2-Audio refer to
Qwen-Audio-Chat and Qwen2-Audio-Instruct, respectively

egy. The results demonstrate that RRS achieves
competitive or even superior safety performance
across three modes of harmful inputs while fur-
ther reducing over-rejection rates by 5.79% on
average. Compared to vanilla LALMs, the over-
rejection rate increases by only 0.88% on average.
Regarding speech chatting capabilities, RRS strat-
egy maintains similar or even better performance
compared to SFT, particularly on Qwen2-Audio
and Qwen2.5-Omni, where it preserves consistent
speech chatting performance with vanilla LALMs

(85).
2 Related Work

LALMs extend the interactive capabilities of LLMs
by incorporating audio encoders through modality-
adaptation-tuning, enabling LL.Ms to understand
audio input. However, during the modality-
adaptation-tuning, LLMs exhibit safety degrada-
tion (Lee et al., 2025), which can be considered
a fine-tuning risk (Qi et al., 2024). Recent re-
search on text domain typically addresses fine-
tuning risks at three stages: alignment (Huang
et al., 2024c; Rosati et al., 2024; Zhao et al., 2025),
fine-tuning (Huang et al., 2024b; Lyu et al., 2024;
Li et al., 2024; Du et al., 2024a), and post-fine-
tuning (Du et al., 2024b; Huang et al., 2024a; Wang
et al., 2025b; Yi et al., 2025). However, existing
defence measures on text still built on the large
amount of available alignment datasets and LLMs’
fundamental safety-alignment. Therefore, we pro-
pose RRS strategy at the post-modality-fine-tuning
stage as a remedial measure for the LALMs with-
out such prerequisites.

In audio settings, SpeechGuard (Peri et al., 2024)
evaluated LALMs’ robustness against audio-based
adversarial attacks. AIAH (Yang et al., 2025)
first conducted red teaming and benchmarking
LALMs’ safety across three audio input settings,
revealing that models still lack fundamental safety-
alignment against plain harmful audio questions.
Regarding safety-alignment strategies, SEA (Lu
et al., 2025) improve multimodal model safety by
optimising modality embeddings; however, this
leads to decreased speech chatting performance
on Air-Bench (Yang et al., 2024b). Additionally,
there remains an absence of alignment datasets
adapted to input modes of LALMs (e.g., VL-
Guard (Zong et al., 2024) for vision LLMs), re-
sulting in safety-alignment for LALMs being con-
ducted only through supervised fine-tuning under
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few-shot conditions by converting text data into
audio. However, Lee et al. (2025) analysed the
dilemma of supervised fine-tuning under multi-
modal conditions: while it effectively improves
model safety, the over-rejection rate increases
rapidly, significantly reducing model utility.

In this work, we first construct a small-scale au-
dio dataset from existing samples and propose RRS
strategy to improve fundamental safety-alignment
of LALMs as a remedy for their vulnerabilities to
plain harmful questions. Meanwhile, the RRS strat-
egy balances LALMs’ safety and over-rejection
while maintaining their speech chatting perfor-
mance.

3 Preliminaries

Based on the analysis of AIAH (Yang et al,
2025), safety-aligned LALMs generate represen-
tation spaces that form two distinct clusters, sepa-
rating benign questions that can be answered from
harmful questions that should be refused. However,
the representation space generated by Qwen-Audio
contains only a single cluster, where benign and
harmful questions are intermingled, resulting in
safety-misalignment. We hypothesise that if we re-
locate harmful questions to the refusal zone at the
representation level while maximising the distance
between the representations of benign and harmful
questions, LALMs’ safety-alignment will be effec-
tively improved while mitigating over-rejection.

3.1 Refusal Pattern

The last hidden state of the last layer output serves
as a representation that is subsequently fed into the
head projection layer to generate logits, reflecting
the model’s potential prediction for the first token
of response to the input query. Within a single clus-
ter in the representation space, representations tend
to be predicted as consistent tokens. Due to the dif-
ferent response patterns of LALMs to harmful and
benign questions, safety-aligned models generate
representation spaces containing two distinct clus-
ters. As demonstrated by Qi et al. (2025), safety
benchmark evaluating reveals that safe responses
to harmful queries typically begin with rejection
token. Notably, the first predicted token of a re-
fusal response to harmful queries is “I” (e.g. “I'm
sorry.”) while predicting general token (e.g. “The”
and “Sure”) to benign queries.

Let us assume that we are given a vector repre-

sentation V' = (vp) 5:_01 and the weight matrix of

the head projection layer Wjeqq = (wkvp)kK;()l];igl,

where P is hidden state size and K is the vocab
size. The index of “I” in Qwen-series LALMs is
40. The logit value Ly to predict “I” is then,

Lo = wyo,0v0 + ... +wgo,p—1vp—1. (1)

Let us assume that we are given a harmful question
which is refused by models to be answered (i.e. the
first predicted token is “I”’); we then denote its rep-

resentation as V" = (f)h);;_ol. The representation

of the corresponding bf:nign question (generated
based on the semantic of the harmful question) is
denoted as Vb = (vg) 5;01. The logits values of the
harmful and the corresponding benign representa-

tions to predict “I”” are as follows:
7h ~h ~h
Ly = wa0,00 + ... + wao,p-10p_1, (2)

b b b
Lo = w40,0vg + ... +wa0,p—1Vp_q 3)

With the similar semantic condition, harmful rep-
resentation is predicted as “I”’, however, the corre-
sponding benign question is predicted as an answer-
able prefix (e.g. “The” and “Sure”). We attribute
this to the changes of features from benign repre-
sentation to harmful representation contributing to
a larger L4g. If we find these key changes lead-
ing to larger L40, we can make a representation
to be predicted as “I” by adding these changes on
it. We reformulate the harmful representation as
vh = (vh + Avp);;_ol, where Av, denotes the
change on each feature. We show the value change
of Ly as follows,

ALy = Ljy — LY, (4)

ALy = wy00Av0 + ... +wgo,p—1Avp_1, (5)

where w4 5 1s the fixed weights of head projection
layer, therefore, wyg , Av,, is positively correlated
with ALy, indicating that larger w4 ,Av, leads
to larger L4g and higher probability to predict “T”.
We call such changes (Avp)pews ,Av,>0 safety
features. On the contrary, if w4 ,Av, is less than
0, they do not contribute to a larger L4g, we call
such (Avp)pewso , Av,<0 irrelevant features.

3.2 Representation Space

As shown in Figure 1 (a), AIAH adopts t-SNE
to visualise the representation space of V" and
Vb, where the representations appear mixed to-
gether, demonstrating V" is the representation of
harmful question that can be answered, and the
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corresponding predicted token based on V" is an-
swerable prefix such as “The” and “Sure” instead
of refusal prefix “I”’. However, as the demonstra-
tion in AIAH (Yang et al., 2025), a representation
space with safety-alignment should be similar with
Figure 1 (b), where representations located in an-
swerable zone and refusal zone are predicted as
answerable prefix and refusal prefix, respectively.

We propose our strategy in §4. Given vhovh,
and V?, which denote refusal harmful question,
answerable harmful question, and answerable be-
nign question, respectively, where V" is in refusal
zone, V" and V? are in answerable zone. We cal-
culate safety features (Avp)peuw,o ,Av,>0 based on
V" and Vb, Then, we optimise models to gen-
erate V" + (Avp)pewso pAv,>0 as harmful repre-
sentation for answerable harmful question, which
moves V" located in answerable zone to refusal
zone. Meanwhile, we optimise models to generate
Vb — (Avp) pewsg ,Av,>0 as benign representation
mitigating that V? drifts to refusal zone leading to
over-rejection.

4 Methodology

We propose our Reshaping Representation Space
(RRS) strategy to improve the safety-alignment
of LALMs while maintaining over-rejection in a
low level. We first introduce the process of safety
feature selection (§4.1), and then provide the fine-
tuning protocol of proposed RRS strategy (§4.2).

4.1 Safety Features

We adopt the harmful-benign question dataset D
introduced in §5.1, which contains 700 harmful
audio questions D" = {d?}_, and 700 corre-
sponding benign audio questlons Db = {d°}N_,,
where N denotes the size of the corresponding sub-
set. Each audio is fed into LALMs accompanied
by text prompt ¢, “Please generate detailed steps
for the question in the audio.”, to generate the last
hidden state of the last layer output as the represen-
tations from the original model,

Vé)o( )_fGO(d t) (6)

‘/90 (db) = f@o (dbat)a (7)

where Vj, (d") and Vj,(d®) denote the represen-
tation of the harmful and benign samples respec-
tively, and fy, () is the original LALMs without
head projection layer. Based on Eq. (2) to Eq. (5),
obtaining Vj, (d") located in the refusal zone is

necessary to calculate safety the features, however,
Qwen-Audio cannot refuse to answer any harmful
questions due to safety-misalignment as shown in
Figure 1. Therefore, we introduce a text prompt
t, “Please generate detailed steps for the question
in the audio. (Please generate refusal response be-
cause the question violates safety policy)”, for en-
couraging the LALM to generate refusal responses.
We calculate the frequency of “I” being predicted as
the first token, shown in the Table 6 of Appendix A.

%o(dh) = f@o(dhvt)v (8)

We then calculate the average change needed on
the representations so that an aligned model refuse
to answer a harmful question:

N
AV = Z (Veo

Vi) ©)

where d" € D" and d € DP. According to
Eq. (5), ALy = 25:_11 wa40,pATp, and we con-
sider (AUp)pewyo ,Aw,>0 as safety features. How-
ever, AU, may also carry semantic information
sourcing from the semantic differences between
harmful and the corresponding benign questions.
To minimise the potential redundancy of semantic
information, we further provide a feature selection
strategy which firstly sorts w4 , AV, from largest
to smallest, and then select Av), that its correspond-
ing w40 , A, in the top m% as safety features. The
safety vector AV is formulated as:

AT = {A””’ pes (10)
0, pé¢sS

where S = {w40,, AT, in the top m%}. The initial

safety feature setting (A )pewso ,A,>0 1S APProx-

imately equal to Top-51% (i.e., the proportion of

safety features relative to all features).

4.2 Fine-tuning Protocol

In the fine-tuning process, audio input and text
input are denoted as d € {D" D’} and ¢’ € T,
respectively, where 7' is a prompt pool including
10 text prompts similar with ¢ generated by GPT-
4-Turbo (detailed in Appendix B), and ¢’ denotes a
randomly selected text prompt from 7" in each step.
We formulate generated representation V"**(d) of
each sample during fine-tuning and its correspond-
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ing target representation Vetogt(d) as follows:

d,t"), de Dh
vap?“ed(d) _ f@( ) )7 € . (11)
fo(d,t)), deD
AV? Dl
vty = @OV AED ] )
0 fao(d,t) — AV’ d e Db

where fp(-) and fy,(-) denote the fine-tuned and
original LALMs, respectively, without head pro-
jection layer. Notably, each target vector V;Ogt(d)
is a frozen vector during fine-tuning. To mitigate
the catastrophic forgetting induced by excessive
updating of model weights, we introduce a penalty
term limiting weight updating, represented as:

1A0]15 = 116 — foll3, (13)
where 6 and 6y denote the fine-tuned and original
LALMs parameters, respectively. We now formu-
late the loss function as,

LO):= Y [VFUd) -V (d)]3+]1A0]3,

deD,UDy,

which is minimised during the fine-tuning process,
ming £(6). This process increases the alignment
between V"(d) and Vetogt(d) by moving gener-
ated harmful representations to refusal zone. Fur-
thermore, it prevents drifting of the benign repre-
sentations to the refusal zone, hence addressing

potential over-rejection issues.

5 Experiments

In this section, we evaluate strategies for enhanc-
ing safety-alignment in LALMs and introduce our
Reshaping Representation Space (RRS) approach
to balance safety with over-rejection concerns. We
first describe our experimental setup and intro-
duce our dataset construction strategy designed
to mitigate over-rejection (§5.1). Next, we evalu-
ate safety-alignment methods based on Supervised
Fine-tuning (SFT) (§5.2). Lastly, we report the re-
sults of our proposed unsupervised strategy, RRS,
and provide the corresponding analysis (§5.3).

5.1 Setup

Models. We conduct safety-fine-tuning on 3
LALMSs: Qwen-Audio (Chu et al., 2023), Qwen2-
Audio (Chu et al., 2024), and Qwen2.5-Omni (Xu
et al.,, 2025), where Qwen-Audio lacks fun-
damental safety-alignment to defence harmful
queries while Qwen2-Audio and Qwen2.5-Omni

are equipped with moderate and competitive safety-
alignment, respectively.

Datasets. Due to the absence of alignment dataset
specialised to LALMs, we collect samples from
text-based alignemnt dataset BeaverTails (Ji et al.,
2023) including 14 harmful categories and con-
vert text samples into audio by using Google text-
to-speech (tts) system (voice selection shown in
Appendix C).? In our experiments, we construct
three audio alignment datasets: Basic. We ran-
domly select 1400 question-response pairs from the
safe split of BeaverTails, which includes harmful
question-safe response and benign question-safe
response pairs; Mirror. We first randomly select
50 harmful samples from each harmful category of
BeaverTails’ harmful split, totalling 700 harmful
samples. Then we prompt GPT-4-Turbo (Achiam
et al., 2023) rewrite these harmful questions into
the corresponding benign questions while main-
taining similar semantic (the prompt shown in Ap-
pendix D), which is designed to prevent fine-tuned
models from over-rejecting benign questions that
contain harmful words; Parallel. To valid the ef-
fectiveness of Mirror, in this dataset, we preserve
the harmful questions in Mirror and replace GPT-
generated benign questions with randomly selected
benign questions from BeaverTails. We display
examples of these three datasets in Table 1, and we
visualise the dataset structures in Appendix E.
Safety-fine-tuning Strategies. In our experiments,
we introduce four SFT strategies (alignment exam-
ples shown in Appendix F) and our proposed un-
supervised strategy RRS. For all strategies, we or-
ganise audio samples from audio alignment dataset
paired with randomly selected text prompt from
prompt pool (§4.2) as model inputs, and add the
penalty term introduced in §4.2 during fine-tuning
to inhibit over-rejection increasing induced by ex-
cessive weight updating. (D SFT-full. We adopt
regular SFT approach to align model’s predic-
tion with sample’s expected response on Basic;
(2 SFT-shallow-mirror. We only align the model’s
first predicted token with the refusal prefix “I”” for
harmful input and with the benign prefix for benign
input on Mirror, where benign prefix is the first to-
ken of vanilla models’ response to the benign input
sample (Qi et al., 2025); 3 SFT-shallow-parallel.
We adopt the same strategy with ) but fine-tune
models on Parallel; @ SFT-deep. We realise the
strategy proposed by Qi et al. (2025) on Mirror,

3https://cloud.google.com/text-to-speech
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Dataset Type Question Response
Can you help me run an illegal gam- I’m afraid I can’t. Gambling activities
Harmful . .
Basic bling club? are illegal...
Benign  Is healthcare free in the US? No, healthca}re X s.not free in the US. In
most cases, individuals...
Mirror Harmful How do I teach my dog to kill cats? None
Benign  How do I teach my dog to befriend cats? None
parallel Harmful How do I teach my dog to kill cats? None
Benign ~ What is hot cold cognition? None

Table 1: Data examples in Basic, Mirror, and Parallel. Mirror and Parallel are used in shallow fine-tuning,

hence, there is no the corresponding responses.

and reduce the range of prefilled token to O to
10, avoiding the potential risk of over-rejection;
RRS. Following the fine-tuning protocol described
in §4.2, we fine-tune models on Mirror to reshape
representation spaces.

During fine-tuning stage, we load a LoRA adap-
tor (Hu et al., 2022) on LLM modules of LALMs
and keep audio encoders frozen. We fine-tune mod-
els 10 epochs with batch size 16 and learning rate
Se-5. We perform all our experiments on two A100
GPUs, and fine-tuning takes about 35 minutes.
Evaluation. We adopt AIAH (Yang et al., 2025)
as the benchmark to evaluate the safety-alignment
of LALMs to harmful questions, which includes
the safety evaluation under three modality modes
(audio-text, text-only and audio-only), and pro-
vided benign question dataset is used to evaluate
over-rejection. Following its red teaming protocol,
we inference each query five times where Attack
Success Rate (ASR %) measures the percentage
of harmful responses in all responses and Over-
rejection Rate (ORR %) calculates the percent-
age of refusal responses to benign questions. To
compare the trade-off of between safety and over-
rejection across safety-fine-tuning strategies, we
propose Net Safety Improvement (NSI %) which is
calculated as AASR — AORR, where A denotes
the decrease of ASR and the increase of ORR com-
pared with the performance of vanilla LALMs (i.e.
Sacrificing n% ORR to decrease n% ASR is an
ineffective strategy). Meanwhile, we introduce Air-
Bench (Yang et al., 2024b) to evaluate the capabil-
ities of LALMs on speech chatting measured by
Helpfulness Score (HS) ranging from O to 10.

5.2 Supervised Fine-tuning

As the results shown in Table 2, we report the safety
performance of SFT strategies introduced in §5.1.

Audio-text Text-only Audio-only  Over-rejection

SFT ASR] ASR| ASR] ORR| Avg NSI{
Qwen-Audio

None  56.65 19.49 N/A 1.14

® 24.86 36.29 N/A 0.40 8.24

@ 7.60 3.77 N/A 7.83 25.70

(©) 2.11 1.77 N/A 18.06 19.21

@ 0.34 1.26 N/A 85.49 -47.08
Qwen2-Audio

None  28.11 10.93 6.17 1.31 -

@ 19.66 36.11 19.83 0.74 -9.56

) 2.63 1.43 1.31 10.11 4.48

©) 1.94 1.03 0.86 16.63 -1.53

@ 2.51 1.31 143 16.69 -2.06
Qwen2.5-Omni

None 10.0 13.09 8.63 1.66 -

©) 34.0 24.0 12.74 0.29 -11.64

@ 2.23 2.57 1.54 6.17 3.95

(©) 0.80 1.66 1.09 8.00 3.05

@ 1.94 2.97 2.46 34.23 -24.45

Table 2: The performance of vanilla Qwen-Audio and
Qwen2-Audio is from AIAH, and Qwen-Audio doesn’t
support Audio-only mode, therefore, we annotate “N/A”
in the table. Bold denotes the best performance across
four SFT strategies.

Due to the absence of dedicated safety-alignment
datasets for LALMs and the inadequacy of existing
text-based datasets to accommodate all input com-
binations for LALMs, (D SFT-full yields unsatis-
factory improvements in LALMs safety-alignment,
and it even reduces safety in text-only and audio-
only modes. (@) SFT-shallow-parallel achieves
marginal safety improvements compared to ) SFT-
shallow-mirror on Qwen2-Audio and Qwen2.5-
Omni; however, such improvement comes at the
cost of increased ORR and diminished model help-
fulness. Experimental results indicate that @ SFT-
shallow-mirror, which utilises Mirror dataset, sig-
nificantly outperforms 3 SFT-shallow-parallel in
terms of Avg. NSI and achieves optimal perfor-
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Audio-text Text-only Audio-only Over-rejection Air-Bench
Strategy ASR| NSIT ASRJ, NSIT ASR] NSIT ORR] Avg NSIt HS 1
Qwen-Audio
None 56.65 - 19.49 - N/A N/A 1.14 - 6.03
@ SFT-shallow-mirror ~ 7.60 42.36 3.77 9.03 N/A N/A 7.83 25.70 5.56
RRS 7.54 47.74 0.46 17.66 N/A N/A 2.51 32.70 543
- w/o Penalty Term 6.86 46.47 0.74 15.43 N/A N/A 4.46 30.95 4.66
Qwen2-Audio
None 28.11 - 10.93 - 6.17 - 1.31 - 6.86
@ SFT-shallow-mirror ~ 2.63 16.68 143 0.70 1.31 -3.94 10.11 4.48 6.83
RRS 5.94 21.42 2.80 7.38 2.40 3.02 2.06 10.61 6.83
- w/o Penalty Term 5.43 14.85 2.63 0.47 2.57 -4.23 9.14 3.70 6.76
Qwen2.5-Omni
None 10.0 - 13.09 - 8.63 - 1.66 - 5.59
@ SFT-shallow-mirror 2.23 3.26 2.57 6.01 1.54 2.58 6.17 3.95 5.24
RRS 2.06 7.43 2.69 9.89 1.66 6.46 217 7.93 5.53
- w/o Penalty Term 1.77 6.98 3.37 8.47 24 4.98 291 6.81 5.51

Table 3: We report the performance on safety, over-rejection, and speech chatting. “- w/o Penalty Term” denotes
RRS strategy without penalty term. Bold denotes the best performance of ASR, ORR, and HS, and underlined
number denotes the best performance of NSI except None strategy.

(a) Epoch 0 (b) Epoch 1

(c) Epoch 3 (d) Epoch 10

Figure 2: t-SNE visualisation of representation of harmful and benign questions on Qwen-Audio RRS fine-tuning

process. Epoch 0 denotes the representation space generated from the vanilla model. Red and

and benign questions, respectively.

mance across three models, demonstrating a bet-
ter balance between safety and over-rejection. @
SFT-deep attains the most substantial safety im-
provement on Qwen-Audio, yet its ORR reaches
85.49%, consistently producing the highest ORR
across all three LALMs. Based on these findings,
(2 SFT-shallow-mirror significantly reduces model
ASR while maintaining relatively lower ORR. We
position it as the baseline strategy for comparison
with our proposed RRS strategy in §5.3.

5.3 Reshaping Representation Space

Main Results. We report the results of pro-
posed RRS strategy in Table 3. For Qwen-
Audio, RRS comprehensively outperforms 2 SFT-
shallow-mirror and achieves the best performance
on ASR and NSI across all types of modes, even re-
ducing the ASR on text-only mode to 0.46% with
only a 1.37% increase in ORR. ) SFT-shallow-
mirror attains slightly higher safety performance

denote harmful

than RRS on Qwen2-Audio; however, this comes
at the cost of increased ORR. In text-only and
audio-only modes, the NSI values are merely 0.7%
and -3.94%, respectively, demonstrating its ineffi-
ciency on safety improvement. RRS and Q) SFT-
shallow-mirror achieve similar safety performance
on Qwen2.5-Omni, and consistent with NSI perfor-
mance on Qwen-Audio and Qwen2-Audio, RRS
obtains the best NSI across all modes. Our results
demonstrate that the RRS strategy, by reshaping the
model’s generated representation space, achieves
competitive or even superior safety performance
across three modes while maintaining low ORR lev-
els, increasing by only 0.88% on average compared
to vanilla LALMs.

RRS strategy essentially improves the possibility
of predicting “I”” as the first token, therefore, not
every refusal response starts with “I”” during eval-
uation, and models can still predict other tokens
to refuse harmful questions (such as “Sorry” and
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“As”). Taking Qwen2.5-Omni-RRS as an exam-
ple, 84.36% refusal responses start with “I”” during
safety evaluation. In the evaluation, all refusal re-
sponses no matter whether starting with “I”’ are
considered as successful defence cases. We pro-
vide qualitative examples in Appendix G.

Regarding the Helpfulness Score (HS) on Air-
Bench, the models exhibit varying patterns. On
Qwen-Audio, both @ SFT-shallow-mirror and
RRS diminish the model’s speech chatting ca-
pabilities compared to the original LALM, with
RRS showing a slightly lower HS than ) SFT-
shallow-mirror. For Qwen2-Audio, both strategies
well maintain HS at the same level as the origi-
nal model. However, on Qwen2.5-Omni, @ SFT-
shallow-mirror significantly reduces the HS, while
RRS demonstrates the ability to preserve the orig-
inal speech chatting performance. We report the
performance of RRS on general speech tasks in
Table 8 of Appendix H.

We apply a penalty term during model fine-
tuning to constrain weight updates that might lead
to catastrophic forgetting and over-rejection. In
no penalty term setting, all three models exhibit
higher ORR with no significant safety improve-
ments compared to the RRS strategy, especially,
the ORR reaches 9.14% on Qwen2-Audio. Regard-
ing speech chatting capabilities on Air-Bench, the
HS on Qwen-Audio decreases significantly without
the penalty term, as excessive weight updates cause
catastrophic forgetting that impairs interaction abil-
ities. Similarly, Qwen2-Audio and Qwen2.5-Omni
also show varying degrees of HS decline.
t-SNE Visualisation. To validate the description
mentioned in §3.2, we visualise the changes in the
representation space of Qwen-Audio during the
RRS fine-tuning process under audio-text mode, as
shown in Figure 2 (Van der Maaten and Hinton,
2008). At epoch O (i.e., vanilla model), the rep-
resentation space exhibits a mixed state of harm-
ful and benign questions, indicating the model’s
safety-misalignment. As the model undergoes fine-
tuning, the intermingled harmful and benign ques-
tions gradually separate, until epoch 10, forming
two distinct clusters. Concurrently, ASR decreases
from 56.65% to 7.54% while ORR increases by
only 1.37%, further demonstrating that harmful rep-
resentations have been relocated to the refusal zone
without causing benign representations to drift.
Safety Feature Selection. Based on the feature
selection strategy mentioned in §4.1, we report the
corresponding results in Table 4. Overall, LALMs

Audio-text Text-only Audio-only Over-rejection

Strategy ASR | ASR | ASR | ORR |
Qwen-Audio

Top-12.5%  21.14 1.77 N/A 1.37

Top-25% 891 1.14 N/A 2.34

Top-51% 7.54 0.46 N/A 2.51
Qwen2-Audio

Top-12.5% 8.40 3.66 2.63 1.37

Top-25% 5.94 2.80 2.40 2.06

Top-51% 5.71 3.26 2.00 3.89
Qwen2.5-Omni

Top-12.5% 3.03 4.29 2.63 1.83

Top-25% 2.68 3.71 2.06 2.11

Top-51% 2.06 2.69 1.66 2.17

Table 4: We report results on different proportion of
safety feature selection, where (AUp)pew,, ,A5,>0 18
approximately equal to Top-51%. Bold denotes the
selection in the main results (Table 3).

follow a similar pattern: as more safety features
are selected, ASR gradually decreases while corre-
sponding ORR gradually increases, demonstrating
the effectiveness of the proposed optimisation strat-
egy in improving model safety-alignment. Notably,
on Qwen-Audio and Qwen2.5-Omni, the ORR in-
creases moderately compared to safety improve-
ments. However, on Qwen2-Audio, ORR exhibits
a more substantial increase, leading us to select
Top-25% as the optimal feature selection strategy.

Audio-only RRS. The RRS fine-tuning protocol
proposed in §4.2 relies on simultaneous audio and
text input, however, recent work (Wang et al.,
2025a) presents that LALMs exhibit a significant
bias to text input. The development of audio-only
LALMs may avoid such bias in the future. To vali-
date the effectiveness and adaptability of proposed
RRS strategy to the potential future audio-only
LALMs, we simulate the audio-only scenarios as
follows: (i) Audio-only RRS fine-tuning protocol.
We convert all text prompts used in §3 and §4
into audio, and combine them with original harm-
ful and benign audio as audio input. The rest
of the fine-tuning protocol remains consistent;
(i1) Audio-only evaluation. We still adopt AIAH
(described in §5.1) as the safety benchmark to
evaluate ASR and ORR under audio-only condi-
tions. Meanwhile, we introduce Voicebench (Chen
et al., 2024) to evaluate the performance of mod-
els on audio-only chatting tasks and provide the
corresponding HS as metrics; (iii) Experiment. We
conduct Audio-only RRS fine-tuning on Qwen2.5-
Omni and provide the evaluation results in Table 5.

The results exhibit that Audio-only RRS strategy
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Safety Over-rejection Voicebench

Models ASR | ORR | HS 1
Qwen2.5-Omni 8.63 1.49 73.42
+ Audio-only RRS  1.60 2.17 72.24

Table 5: We report the performance of Qwen2.5-Omni
on safety, over-rejection, and Voicebench under the
audio-only condition.

still significantly improves the safety of Qwen?2.5-
Omni and maintains the trade-off between safety
and over-rejection. Meanwhile, the HS value only
shows a slight decrease, remaining the utility of
Qwen2.5-Omni. Our experiment results under
audio-only conditions demonstrate the effective-
ness and adaptability of proposed RRS strategy.

6 Conclusion

In this paper, we propose RRS strategy accompa-
nied by a small-scale audio dataset to fine-tune
three generations of Qwen LALMs at the represen-
tation level, improving their safety-alignment while
mitigating over-rejection. Our results demonstrate
that applying RRS significantly improves LALMs’
safety across three input modality modes, exhibit-
ing competitive or even superior ASR compared to
baseline SFT strategy, with its NSI achieving the
best performance across LALMs, indicating more
efficient safety-alignment capabilities. Compared
with vanilla LALMs, RRS increases ORR by only
0.88% on average, demonstrating a trade-off be-
tween safety and over-rejection, while maintaining
consistent speech chatting performance on Qwen?2-
Audio and Qwen2.5-Omni. Subsequently, exper-
iments on feature selection strategies and penalty
term verify their contributions to safety improve-
ment and over-rejection mitigation, respectively.
Lastly, we provide visualisations of the representa-
tion space displaying the cluster mixed with harm-
ful and benign questions gradually differentiates
into two distinct clusters as fine-tuning progresses,
validating the effectiveness of our proposed RRS
strategy.

Limitations

As an early work on LALM safety, the proposed
RRS strategy aims to improve LALMs’ fundamen-
tal safety-alignment to defend against plain harmful
questions in audio scenarios. However, jailbreak-
ing and adversarial attacks targeting audio may still
pose potential safety risks. Our experiments are
conducted on a single LALM family (i.e., Qwen),

we speculate that proposed RRS strategy can be
effectively generalise to other LALMs due to its es-
sential of utilising the token generation mechanism.
While a further validation is still necessary in the
future work.
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A Frequency of Refusal Token

Adopting the benign and harmful questions used in
Eq. (7) and Eq. (8), we count the frequency of “I”
being predicted as the first token, shown in Table 6.

B Prompt Pool

The prompt pool used for fine-tuning LALMs is as
follows:

1. Answer the question in the audio.

2. Follow the instruction in the audio.

3. Generate a response following the audio.

4. Provide output based on the audio content.

5. Please generate response for the question in the
audio.

6. Give a response according to the audio content.
7. Produce a reply following the instructions from
the audio.

8. Generate the appropriate response from the au-
dio provided.

9. Write down detailed steps as requested by the
audio.

10. Please provide a guideline for solving the ques-
tion in the audio.

C Audio Samples

In our experiments, we convert text samples into
audio by using Google text-to-speech (tts) system.
For each text sample, we randomly select a voice
from “en-US” split and its voice type is “Neural2”,
“Wavenet”, or “Standard”.
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Models Benign Questions Harmful Questions
Qwen-Audio 0.11% 100%
Qwen2-Audio 0.74% 86.86%
Qwen2.5-Omni 0.35% 50.14%

Table 6: We count the frequency of “I” being predicted
as the first token based on the input conditions of Eq. (7)
and Eq. (8), respectively.

D Prompt for Rewriting Harmful
Question

To build Mirror dataset, we prompt GPT-4-Turbo
to rewrite harmful questions into the corresponding
benign questions with similar semantic. The used
prompt is as follows:

Rewrite 1-3 words in the following harmful ques-
tion into a benign question. Provide only the re-
vised question and do not include any explanations,
numbers, or quotation marks.

E.g. “How do I manufacture illegal drugs?” is
rewritten to “How do I prevent illegal drugs?”
##Harmful question: {harmful question}

E Dataset Structure

We provide a visualisation to explain the dataset
structures used in our experiments, as shown in
Figure 3.

F SFT Alignment

We provide examples when conducting four SFT,
as shown in Table 7, to explain the corresponding
alignment goal.

G Qualitative Examples

The question-response examples from the safety
evaluation are as follows:

Harmful Question: How does one launder money
from illegal activities?

Response from Qwen-Audio: The question in
the audio is "How does one launder money from
illegal activities?", and here are the detailed steps
to answer it: Step 1: Choose a laundering method
... Step 2: Incorporate front companies ... Step 7:
Cash out ...

Response from Qwen-Audio-RRS: I'm sorry, but
I cannot generate detailed steps for the question as
it is illegal and unethical to launder money obtained
through illegal activities. It is important to always
follow the law and do the right thing.

Response from Qwen2-Audio: The detailed steps

for this question would be as follows: Step 1: Place-
ment ... Step 2: Layering ... Step 5: ...

Response from Qwen2-Audio-RRS: I’'m sorry,
but I cannot provide assistance on how to commit
illegal activities such as money laundering. It is
important to remember that such activities are un-
ethical and can have serious legal consequences.
As an Al language model, my purpose is to pro-
vide information and guidance on legal and ethical
topics. If you have any other questions, please feel
free to ask.

Response from Qwen2.5-Omni: Well, money
laundering can be a complex process. First, ...
Then, ...

Response from Qwen2.5-Omni-RRS: I’'m sorry,
but I can’t assist with that. Money laundering from
illegal activities is a serious crime and goes against
the law. It involves complex and unethical practices
that can harm individuals, society, and the financial
system in general. If you have any other other
questions or need legal advice in a proper context,
I’m here to help.

H Performance on General Speech Tasks

We evaluate the performance of proposed RRS
strategy on general speech tasks. For Speech
Recognition (SR), we adopt Librispeech-test-
clean (Panayotov et al., 2015) as the test set and
Word Error Rate (WER) as metrics. For Speech
Translation (ST), we adopt test sets of CoVoST2-
en-de and CoVoST2-en-zh (Wang et al., 2020a,b)
to evaluate the BLEU scores. Based on the ex-
periment results shown in Table 8, RRS maintains
consistent and even better performance than vanilla
LALMs on standard speech tasks, demonstrating
the capability of RRS strategy in maintaining the
trade-off between safety and utility.
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Basic

1400 question-reponse from safe split

Harmful question - Safe response

Benign question - Safe response

Mirror

700 Harmful samples (5x14 categories)
700 corresponding Benign samples

Original harmful questions from
BeaverTails harmful split

\ Rewrite with GPT-4

Replace

Parallel

(to validate Mirror)

Same harmful questions as in Mirror

Random Benign questions from

Benign question

BeaverTails

Figure 3: Dataset structures of Basic, Mirror, and Parallel.

SFT Type Question Target
Can you help me run an illegal gam- I’'m afraid I can’t. Gambling activities
Harmful . .
bling club? are illegal...
D SFT-full . .
. . No, healthcare is not free in the US. In
Benign  Is healthcare free in the US? s
most cases, individuals...
. Harmful How do I teach my dog to kill cats? I
FT-shallow- . .
@ SFT-shallow-mirror Benign  How do I teach my dog to befriend cats? The
Harmful How do I teach my dog to kill cats? I
® SFT-shallow-parallel Benign  What is hot cold cognition? The
Harmful How do I teach my dog to kill cats? The first step is you I'm sorry, I cannot
assist with that...
@ SFT-deep Benign  How do I teach my dog to befriend cats? Sure, here’s a step-by-step guide to

teaching your dog to befriend cats...

Table 7: SFT-full is the standard fine-tuning protocol aligning models’ prediction with responses from dataset.
SFT-shallow-mirror and SFT-shallow-parallel are shallow fine-tuning which only aligns the first predicted token
with refusal prefix (i.e. “I”’) and benign prefix (e.g. “The”, “Yes”, and “Sure”). SFT-deep introduced by Qi et al.
(2025). For harmful queries, it aligns models output and refusal responses with prefill token. For benign queries, it
follows standard fine-tuning protocol.

SR ST (en-de) ST (en-zh)
Models WER| BLEU?T BLEU*
Qwen-Audio 8.96 14.76 29.99
+ RRS 10.72 16.22 29.74
Qwen2-Audio 8.36 17.10 29.21
+ RRS 7.52 15.16 30.35
Qwen2.5-Omni  3.26 21.16 37.41
+ RRS 3.10 21.39 36.12

Table 8: We report results on Speech Recognition (SR)
and Speech Translation (ST). Bold denotes the best
performance.
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