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Abstract

Although current large audio language models (LALMs) ex-
tend text large language models (LLMs) with generic acous-
tic understanding abilities, they usually suffer from prompt
sensitivity, where different instructions of the same intention
can yield drastically different outcomes. In this work, we pro-
pose AHAMask, where we simply mask some of the atten-
tion heads in the decoder-only LLM backbone of LALMs, to
trigger specific acoustic task functionalities without instruc-
tions. These masks are efficiently obtained by training on an
LALM, with the number of trainable parameters equal to the
attention head count in its LLM backbone. We show by ex-
periments that applying such selective attention head masks
achieves comparable or even better performance than us-
ing instructions, either on single or composite tasks. Besides
achieving reliable acoustic task specification for LALMs, this
also reveals that LALMs exhibit certain “functional path-
ways” in their attention heads.

Introduction
The rise of large language models (LLMs) has brought a
revolution in the speech and audio processing domain, re-
sulting in a mature paradigm of large audio language mod-
els (LALMs) (Peng et al. 2024; Su et al. 2025; Yang, Ho,
and Lee 2025; Arora et al. 2025). In this work, we consider
LALMs which are Transformer-based (Vaswani et al. 2017)
models that can generate textual response to audio inputs
and instructions. They extend text-based LLMs to “hear”
and further understand audio input, typically with an audio
encoder as the acoustic sensory receptor, and an LLM as the
“brain” to process and response according to the audio input.

A prominent advantage of these LALMs is their unified
framework of processing all kinds of audio information.
Here, instructions play a key role in specifying the task of
such LALMs. With a unified surface, LALMs can give an-
swers to different audio traits, e.g. spoken content, speaker
gender, identity, emotion, or even complex audio and music
events, only by changing the instructions.

However, the flexibility of natural language also brings
the risk of prompt sensitivity. Even targeted at a specific
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task, LALMs can still exhibit a large degree of sensitiv-
ity to provided instructions, even when these instructions
have identical task requirements but only differ in linguis-
tic forms or template specifications. This sensitivity poses a
significant challenge for LALMs, impacting both their abil-
ity to accurately follow instructions and maintain consistent
task performance (Peng et al. 2024). This problem is also a
consensus in the broader LLM research field. However, for
LALMs, limited effort has been devoted to benchmarking
prompt sensitivity, let alone addressing it.

Since instructions are expected to control the functional-
ity of LALMs, we choose to directly control the function-
ality inside the Transformer (Vaswani et al. 2017) structure
of LALMs instead. This relates to the general explainability
and functional partitioning of decoder-only Transformers,
which have been a trending research topic for text LLMs.
Recently, Han et al. (2025) finds that simply masking cer-
tain attention heads in LLMs leads to specific task func-
tionalities without instructions. This selective attention head
masking mechanism does not apply any modification to the
model parameters, revealing the fundamental existence of
“functional pathway” among the attention heads. However,
this discovery is limited only to narrow applications in the
text modality instead of multi-modal LLMs like LALMs.
The acoustic functionalities in LALMs are fundamentally
distinct from those of text LLMs, requiring a focus on mul-
timodal alignment between continuous signals and discrete
textual spaces, together with the comprehension of paralin-
guistic and non-linguistic information. Therefore, it is worth
investigating whether similar properties exist in LALMs.

Inspired by the previous works in text-based LLMs, we
apply the method in Han et al. (2025) and verify in this
study that the “acoustic functional pathways” also exist
in LALMs’ attention heads. Thus, we propose AHAMask
(Acoustic Attention Head Mask)1 to achieve reliable task
specification for LALMs, simply by masking some atten-
tion heads. Fig. 1 depicts the difference between a typical
LALM with instructions and with only AHAMask. Impor-
tantly, the parameter count of our method is only equal to the
number of attention heads in LALM’s decoder-only LLM
backbone, which is even magnitudes smaller then pre-
vious parameter-efficient fine-tuning methods (1-2k pa-

1Code link: github.com/X-LANCE/SALMONN-AHAMask
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Figure 1: Diagram of a typical large audio language model. Left: the original model, which requires a text instruction to perform
a specific task, but is sensitive to instructions. Right: the large audio language model with AHAMask (acoustic attention head
mask), where only a set of attention heads are activated for a specific task. This frees the need for text instructions.

rameters vs. millions of parameters). This means training
an AHAMask is highly efficient. As these masks are bi-
nary in inference stage, the storage overhead of such masks
is also neglectable, e.g. 200 bytes for SALMONN (Tang
et al. 2024). AHAMask distinguishes itself from existing
fine-tuning approaches by reducing the effective parameter
count during inference, rather than maintaining or increasing
it. We conduct experiments across famous LALMs and clas-
sic audio and speech understanding tasks, including single
and composite multi-hop tasks. Our findings suggest that:
• Simply masking some of the attention heads in the LLM

backbone frees the need of instructions to specify a task
in LALMs. These masks are intrinsic in the LALMs, not
depending on the inputs.

• On most single auditory tasks, LALMs with AHAMask
perform comparably or even better than LALMs with
natural language instructions.

• On composite tasks where LALMs typically struggle,
AHAMask can guide the model to adhere to task re-
quirements in a much more effective way than natural
language instructions.

• The masks across different tasks exhibit varying degrees
of correlation; for instance, more similar tasks tend to
involve a greater overlap in activated attention heads.

• Acoustic functionalities are formed gradually if we ac-
tivate attention heads in order based on their importance
weights. In other words, the acoustic functional pathways
are constructed collectively by the heads.

Generally, AHAMask leverages the fundamental and in-
trinsic property of acoustic functional pathways in LALMs,
and addresses the sensitivity of task specification in LALMs
in a highly parameter-efficient way.

Background
Large Audio Language Models
Popular LALMs in the current literature usually make use
of an audio encoder and a pretrained backbone text LLM
(see Fig. 1 left). The audio encoders are self-supervised
or supervised learning models to provide high-dimensional
contextual representations of input audio signals. For ex-
ample, the encoder of Whisper (Radford et al. 2023) and
BEATs (Chen et al. 2023) are used and compressed to-
gether by Q-former (Li et al. 2023) in SALMONN (Tang

et al. 2024) for speech and general audio input, respectively.
These extracted embeddings are fed to an LLM backbone,
which is typically initialized from a pretrained text LLM
and finetuned on audio data, such as by LoRA (Hu et al.
2022). After training, the backbone LLM is able to under-
stand and answer questions on acoustic information in var-
ious perspectives, such as spoken content, prosody, speaker
traits, and even audio events. Recently, rapid progress has
been made in this direction (Hu et al. 2024; Lu et al. 2024;
Ding et al. 2025; Geng et al. 2025; Goel et al. 2025; Sak-
shi et al. 2025), making LALMs a successful and necessary
component in artificial general intelligence.

LLM Instruction Following and Prompt Sensitivity
The prompt sensitivity issue in LLMs usually comes in the
form of instruction non-following. For text-only LLMs, sev-
eral benchmarks (Zeng et al. 2024; Zhou et al. 2023; Qin
et al. 2024; Lou, Zhang, and Yin 2024; Wen et al. 2024) for
evaluating instruction-following capabilities have been es-
tablished. Optimization methods for improving instruction-
following ability include steering vectors (Stolfo et al. 2025;
He et al. 2025), supervised finetuning or reinforcement
learning with sophisticated data pipelines (Xu et al. 2024;
Dong et al. 2025; An et al. 2025; Agrawal et al. 2025). Ad-
ditionally, prompt sensitivity is widely observed (Chatterjee
et al. 2024; Sclar et al. 2024; Cao et al. 2024; Zhuo et al.
2024; Razavi et al. 2025); for instance, minor modifications
such as altering punctuation marks alone can degrade LLM
performance significantly (Sclar et al. 2024). In contrast, ef-
forts to benchmark instruction-following ability and sensi-
tivity in LALMs are ongoing but comparatively limited (Lu,
Kuan, and yi Lee 2025; Gao et al. 2025).

Functional Partitioning of LLMs
In text-based LLMs, researchers have demonstrated that
some Transformer modules exhibit certain functionality. For
example, some Transformers layers can be swapped for
cross lingual transfer (Bandarkar et al. 2025). It is also
found that the neurons in feed forward networks (FFNs)
store knowledge, such as language (Zeng et al. 2025), con-
cepts (Rai and Yao 2024), and tasks (Xiao et al. 2024). Anal-
ysis on the attention heads also show that they encourage
instruction following (Wu et al. 2024), transport a compact
representation of tasks (Todd et al. 2024), mitigate knowl-
edge conflicts (Jin et al. 2024), etc. Recently, Han et al.

21514



Task Metric Training Data Test Data

Single tasks
ASR (Automatic Speech Recognition) WER (Word Error Rate) LibriSpeech LibriSpeech test-clean & test-other
GR (Gender Recognition) ACC (Accuracy) LibriSpeech train-clean-100 LibriSpeech test-clean
SER (Speech Emotion Recognition) ACC (Accuracy) IEMOCAP Session1-4 IEMOCAP Session 5
ASV (Automatic Speaker Verification) ACC (Accuracy) VoxCeleb1 VoxCeleb1-O(cleaned)
AAC (Automatic Audio Captioning) METEOR & ROUGE-L AudioCaps AudioCaps test
S2TT (Speech to Text Translation) BLEU-4 CoVoST2 (en→zh) CoVoST2 (en→zh) test

OSR (Overlapped Speech Recognition) WER (Word Error Rate) Libri2Mix mix-clean
train-100 & train-360 Libri2Mix (mix-clean) test

Composite tasks
GR|ASR, ASR|GR,
{“ASR”: , “GR”:}

IFR (Instruction Following Rate),
WER, ACC LibriSpeech train-clean-100 LibriSpeech test-clean

Table 1: Audio understanding tasks, metrics, training data, and test data considered for LALMs in this paper.

(2025) finds that learning-based attention head selection can
form specific task functional pathways in LLMs without
instructions. These findings indicate LLMs possibly have
some internal modularity. Note that this also has some sim-
ilarity with studies in functional partitioning of the brain
from neuroscience (Bertolero, Yeo, and D’Esposito 2015;
Wig 2017). To the best of our knowldge, such partitioning
and modularity have not been explored in LALMs so far.

AHAMask: Acoustic Attention Head Mask
Since the backbone LLMs act as “brains” in LALMs, we
follow Han et al. (2025) and seek for acoustic functional
pathways inside those LLMs. Modern LLMs are decoder-
only Transformers, where each layer consists of multi-head
attention (MHA), normalization, feed forward network and
skip connections. Denote X ∈ Rl×d as the input sequence
with length l and dimension d, the attention operation at the
i-th layer and j-th attention head is defined as

Y(i,j) = Softmax

XW
(i,j)
Q

(
XW

(i,j)
K

)T

√
dhead

XW
(i,j)
V ,

(1)
where W

(i,j)
Q ,W

(i,j)
K ,W

(i,j)
V are query, key and value pro-

jections with shape d× dhead, respectively. The output of an
MHA module is then the weighted sum of all attention head
outputs in that layer, i.e. MHAi(X) =

∑h
j=1 Y

(i,j)W
(i,j)
O

where W
(i,j)
O ∈ Rdhead×d is the output projection. These

MHA modules are the most important part of a Trans-
former, and have been a long-standing research topic in
LLMs (Vaswani et al. 2017; Lin et al. 2022; Zhao et al. 2023,
2024; Zheng et al. 2024).

As a single attention head is the basic granularity in the
MHA operation, we try to find out the set of attention heads
that can trigger a specific functionality. Let M ∈ {0, 1}n×h

be a set of attention head mask indicators, where n, h are the
number of layers in the decoder-only Transformer and the
number of heads in each layer, respectively. Denote mi,j ∈
M as the binary indicator of the i-th layer and j-th attention

head in that layer. We now modify the MHA operation to

MHAi(X,M) =
h∑

j=1

mi,jY
(i,j)W

(i,j)
O . (2)

In other words, the attention heads are activated when
mi,j ∈ M is 1, or masked vice versa. Note that due to the
existence of skip connections, the computation graph won’t
be cut off even if all the mi,j in the i-th layer are 0.

With this notation, we can treat M as the trainable pa-
rameters, and use Eq.(2) to train an AHAMask. As M is a
discrete variable, we use Gumbel-Sigmoid (Jang, Gu, and
Poole 2017; Geng et al. 2020; Han et al. 2025) for gradient
estimation. Specifically, let M ∈ Rn×h be the mask logits
of all heads. In the forward process, the discrete mask M is
obtained by

S = σ

(
M+G

τ

)
, M = I (S ≥ 0.5) (3)

where σ(·) is the sigmoid function, I(·) is the indicator func-
tion, and G ∈ Rn×h is Gumbel noise sampled by gk =

− log(− log ϵk), ∀gk ∈ G using ϵk
i.i.d∼ Uniform(0, 1).

In the backward pass, gradients on M (the hard mask) is
grafted to S (the soft mask), using straight-through estima-
tor (Bengio, Léonard, and Courville 2013). Scalar τ > 0 is a
temperature hyperparameter used to control the sharpness of
Gumbel approximation. Therefore, we only train the mask
logits M using gradient descent. In inference, we obtain the
discrete mask as M = I(M ≥ 0). Also, M assigns each at-
tention head an importance weight, which can be utilized
to explore the gradual formation of functional pathways.
Typically, with approximately 3 to 15 billion parameters,
LALMs contain only a few thousand attention heads within
their LLM backbone. This means the number of trainable
parameters in AHAMask remains minimal, and the training
process is highly efficient.

We train AHAMask on specific downstream tasks
without instructions. Formally, for a given task T ,
the training dataset can be represented as DT =
{..., (Audiok,Textk), ...}, where Audiok is an audio clip
input, and Textk represents the corresponding textual re-
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Figure 2: Prompt sensitivity experiments on SALMONN. Different colors and columns denote different types of variations.

sponse for the task. The training objective employs the stan-
dard cross entropy loss LCE for next-token prediction ap-
plied to the tokens within Textk. Through this training
paradigm, we anticipate that M will effectively identify the
subset of attention heads associated with specific task func-
tionalities within the LALM, without any instructions.

Experiments
Experimental Setup
LALM Models In this work, we conduct studies on three
well-known open-sourced LALMs: SALMONN (Tang et al.
2024), Qwen2Audio-Instruct, and Qwen2Audio-Base (Chu
et al. 2024). SALMONN incorporates Whisper and BEATs
as acoustic encoders, and vicuna v1.1 (Chiang et al. 2023)
13B as its backbone LLM. Each of the two variants
of Qwen2Audio use Whisper-style encoders and Qwen-
7B (Bai et al. 2023) as their backbone LLM. Qwen2Audio-
Instruct is a supervised fine-tuned outcome of Qwen2Audio-
Base for better instruction following ability. All the three
models have exhibited good audio understanding abilities in
various tasks as general LALMs (Sakshi et al. 2025).

Tasks and Datasets To discover atomic acoustic function-
alities, we consider well-established benchmark tasks cover-
ing different aspects of audio understanding. These include
automatic speech recognition (ASR) and gender recognition
(GR) with LibriSpeech (Panayotov et al. 2015), speech emo-
tion recognition (SER) with IEMOCAP (Busso et al. 2008),
automatic speaker verification (ASV) with VoxCeleb1 (Na-
grani, Chung, and Zisserman 2017), automatic audio cap-
tioning (AAC) with AudioCaps (Kim et al. 2019), speech
to text translation (S2TT) with CoVoST2 (Wang, Wu, and
Pino 2020), and overlapped speech recognition (OSR) with
Libri2Mix (Cosentino et al. 2020). In GR, SER and ASV,
LALMs are required to perform classification tasks , e.g.
Male or Female in GR, and Yes or No in ASV. In ASV, two
speech utterances are concatenated with a 0.1s silence as a
single input. OSR requires LALMs to transcribe two over-
lapped speech utterances in any order. In S2TT and AAC,
LALMs should apply more complex abilities to understand
the audio input, and output translations or captions. These
tasks span across purely linguistic (as ASR, OSR, S2TT),

paralinguistic (SER, GR, ASV) to even general acoustic
(AAC) understanding capabilities.

Moreover, we design composite tasks that require LALMs
to perform multi-hop tasks in a specific format. In this study,
we compose ASR and GR tasks and ask LALMs to per-
form them in order with separator symbol “|”, or in json
format. We will show that LALMs usually fail on these
tasks even with clear natural language instructions, while
applying AHAMask can introduce significant performance
boosts. Table 1 lists all the tasks, metrics, and datasets used.

Training Details We initialize all the head logits in M by
Gaussian N (4, 0.02) so that all heads are activated at first.
We apply an annealing schedule on Gumbel temperature τ
so that it starts from 4.0, linearly decreases to 0.5 at 3k steps,
and remains constant thereafter. The learning rate is linearly
warmed up from 1e-6 to 1e-2 within the first 3k steps, and
decreased to a minimum of 1e-4 using cosine schedule after-
wards. All the original parameters from LALM are frozen,
and M is the only trainable parameter. All trainings are done
on a single 65G Ascend 910B NPU device.

Prompt Sensitivity in LALMs
Peng et al. (2024) point out that speech LLMs exhibit non-
negligible sensitivity to linguistic variations in the prompts.
Following Peng et al. (2024) and Sclar et al. (2024), we
present more evidence to showcase this issue for general
LALMs. For each task, we first write a general instruction,
and then apply one of the following variations:
• Alter symbol and Alter case, where we only change

punctuation marks or letter casings.
• Semantically equal (simple, neutral, complex), where

the general prompt is rewritten with the same seman-
tic meaning but in short, medium, or long sentences.
This is done by providing Gemini 2.5 Flash with man-
ual rephrasing examples and asking it to generate more.

• When the task is classification (GR, SER, ASV), we also
apply Add constraint where the set of possible classes
are provided in the prompt. For example, “Happy, Sad,
Angry, or Neutral?” for SER.

For Alter symbol, Semantically equal and Add constraint
variations, we construct 5 different prompts in each type. We
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Task ASR GR SER ASV AAC S2TT OSR

Metric WER↓ ACC↑ ACC↑ ACC↑ METEOR↑ ROUGE-L↑ BLEU-4↑ WER↓
SALMONN, which has 1600 attention heads in the LLM backbone.

w/ Instruction 2.10 | 4.95 96.79 69.70 93.49 20.60 40.42 34.48 23.72
w/o Instruction 12.00 | 17.23 0.00 0.00 0.00 14.90 33.69 15.14 30.95
w/ random mask 21.36 | 57.62 0.00 0.00 0.18 14.01 32.19 13.64 47.19
w/ AHAMask (no instruction) 2.10 | 5.08 98.05 70.02 93.24 24.15 48.71 33.90 23.89

# activated heads in AHAMask 1525 | 1525 1259 1146 1311 1426 1551 1550

Qwen2Audio-Instruct, which has 1024 attention heads in the LLM backbone.
w/ Instruction 3.65 | 6.58 91.03 64.46 79.02 16.02 30.79 37.30 46.96
w/o Instruction 217.96 | 234.78 0.00 0.16 0.00 12.94 26.16 0.49 85.39
w/ random mask 164.67 | 200.66 0.00 0.00 0.00 13.76 28.23 0.63 87.38
w/ AHAMask (no instruction) 2.99 | 5.65 94.43 70.99 82.34 22.96 46.03 39.02 46.06
w/ AHAMask of the Base model 156.87 | 169.32 0.00 10.23 0.02 17.53 33.80 5.89 62.28

# activated heads in AHAMask 653 | 649 565 735 527 753 741 721

Qwen2Audio-Base, which has 1024 attention heads in the LLM backbone.
w/ Instruction 1.77 | 3.93 72.37 56.33 49.24 12.33 27.39 45.00 53.66
w/o Instruction 99.86 | 99.59 0.00 0.00 0.00 1.19 1.79 0.21 94.87
w/ random mask 192.90 | 127.59 0.00 0.00 0.00 1.70 2.92 0.62 89.50
w/ AHAMask (no instruction) 3.11 | 6.03 89.24 57.05 85.75 21.35 44.89 39.27 38.37
w/ AHAMask of the Instruct model 252.96 | 350.77 0.00 0.00 0.00 2.99 5.41 12.73 64.55

# activated heads in AHAMask 726 | 724 633 679 797 729 769 774

Table 2: Single task performance of SALMONN, Qwen2Audio-Instruct, and Qwen2Audio-Base. WERs in the ASR task are
formatted as LibriSpeech “test-clean|test-other”. When applying AHAMask, no instruction is given. When applying a random
mask, we ensure the number of activated heads is the same with the corresponding AHAMask in that task. Note that the number
of trainable parameters in AHAMask is the same as number of attention heads in the LLM backbone.

take SALMONN as a typical LALM here. Notably, all 7 in-
dividual tasks here are comprehensively covered within the
training data of SALMONN. Our preliminary experiments
indicate that SALMONN demonstrates greater robustness to
variations in instructions compared to Qwen2Audio. For de-
coding, we use deterministic beam search with beam size 4,
so that the difference in model performance is only caused
by different instructions.

The performance with instruction variations are visual-
ized in Fig. 2. These results clearly indicate that SALMONN
still has high sensitivity to instructions with the same in-
tention. For example, in ASR task, changing the prompt to
all capital letters will cause more hallucinations (repeating
or generating upper case phonemes instead of words), thus
raising the WER to 12%. In GR task, adding the constraint
“Male or Female” makes the model almost always output
“Male”. Similar phenomenon can also be observed with
SER. For SALMONN, ASV and S2TT tasks exhibit better
robustness to instruction variations. In almost all cases, us-
ing longer and more complex instructions is likely to cause
a degradation in performance, sometimes even drastically as
in ASR and SER. These results exemplify that prompt sen-
sitivity remains a significant challenge in LALMs.

AHAMask for Single Tasks
We apply AHAMask on SALMONN and Qwen2Audio vari-
ants, on all the 7 single tasks. We compare LALM per-
formance with AHAMask against three other methods: 1⃝

with clear instructions from the “general” type in the previ-
ous section, 2⃝ without instructions, and 3⃝ using a random
mask with the same number of activated heads as AHAMask
for each task. For Qwen2Audio, since the two variants
are identical in structure, we also evaluate 4⃝ swapped
AHAMask across the two variants.

The results in Table 2 indicate several insights:

• LALMs with only certain attention heads activated can
achieve comparable or even better performance than us-
ing natural language instructions on all of the 7 single
audio understanding tasks. Even though LALMs with
natural language instructions sometimes still outperform
those with only AHAMask, the difference in perfor-
mance is very small (e.g. on ASV, S2TT and OSR tasks
with SALMONN). Note that AHAMask is only sup-
posed to reliably manifest specific functionalities in-
stead of improving them, so these are still expected
and supporting evidence. Only on ASR and S2TT with
Qwen2Audio-Base, which are the pretraining tasks of
this model, using instructions achieves noticeably better
performance compared to AHAMask.

• Even on tasks where the original LALM struggles to per-
form well with explicit instructions, applying AHAMask
can trigger its functionality to perform much better. This
is especially evident for Qwen2Audio-Base, which can-
not perform well on tasks that are covered by little or
no data in the pretraining phase. Applying AHAMask on
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Task GR+“|”+ASR ASR+“|”+GR Json style {“ASR”: , “GR”: }
Metric IFR↑ ACC↑ WER↓ IFR↑ WER↓ ACC↑ IFR↑ WER↓ ACC↑

SALMONN, which has 1600 attention heads in the LLM backbone.
w/ Instruction 98.59 68.02 3.52 16.03 29.36 45.95 69.16 6.17 51.05
w/ AHAMask (no instruction) 99.12 97.77 2.21 97.63 2.29 97.81 98.89 2.40 97.30

# activated heads in AHAMask 1315 1252 1124

Qwen2Audio-Instruct, which has 1024 attention heads in the LLM backbone.
w/ Instruction 47.44 68.79 7.03 79.16 50.34 53.09 0.00 - -
w/ AHAMask (no instruction) 94.62 91.09 3.08 89.92 3.22 89.56 58.45 3.87 89.16

# activated heads in AHAMask 555 558 522

Qwen2Audio-Base, which has 1024 attention heads in the LLM backbone.
w/ Instruction 13.74 1.11 58.87 10.92 68.75 4.20 0.00 - -
w/ AHAMask (no instruction) 82.40 64.94 3.25 33.93 6.51 58.83 71.19 2.79 87.46

# activated heads in AHAMask 641 599 616

Table 3: Composite task performance of SALMONN, Qwen2Audio-Instruct, and Qwen2Audio-Base. IFR denotes instruction
following rate (%). Task-specific metrics are calculated among instruction-following samples. Note that the trainable parameter
count in AHAMask is the same as number of attention heads in the LLM backbone.
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Figure 3: Jaccard similarities of AHAMask between different tasks in each LALM.

this base model significantly improves its performance
on GR, ASV, ACC and OSR to match or even surpass
the instructed model Qwen2Audio-Instruct.

• An AHAMask is only valid at specific head positions;
randomly shuffling it will fail, as indicated by the “w/
random mask” results.

• An AHAMask is only valid for the model it is trained on;
swapping from different variants under the same model
family will not work, as for Qwen2Audio.

• It does not require dropping many attention heads to
achieve reliable task specification. For example, only
masking 75 and 49 out of 1600 heads is enough for
SALMONN to perform ASR and S2TT without instruc-
tions, respectively.

• The number of activated heads in AHAMask seems
to correlate with task complexity. For simpler classi-
fication tasks like SER, GR and ASV, it usually re-
quires fewer heads; for other sequence generation tasks,
more attention heads are activated. However, the base
model Qwen2Audio-Base exhibits different characteris-

tics compared to Qwen2Audio-Instruct on this property.

AHAMask for Composite Tasks
From the previous section, it is clear that LALMs can
perform single acoustic tasks without instructions once
equipped with task-specific AHAMasks. In this section, we
evaluate the effect of AHAMask on more complex tasks.
We design composite multi-hop tasks that require LALMs
to generate answers in a specific format, hence also bring the
metric of instruction following rate (IFR). Here, we consider
asking the model to perform two tasks in order with a sepa-
rator “|”, or in json format with keys “ASR” and “GR”. IFR
is computed as the percentage where the generated answers
can be divided into two parts by “|”, or parsed by json. We
combine the ASR and GR tasks as they are largely indepen-
dent of each other, thus require LALMs to attend to different
acoustic aspects. We use LibriSpeech for this experiment.

We present the results in Table 3. In all the metrics, ap-
plying AHAMask achieves better performance than using
instructions, especially for Qwen2Audio-Base where it is
hard to instruct the model well. Also, LALMs can be sen-
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Figure 4: Performance of SALMONN on 4 non-
classification tasks with AHAMask in different percentage
of activated attention heads. The orange triangle marker
denotes the metric in Table 2.

sitive to the ordering of sub-tasks in such composite tasks,
e.g. the original SALMONN model can generate answers
in the format of “GR|ASR” well, but fails in the opposite
ordering. Even if the specific format is satisfied, the perfor-
mance in each sub-task is not as good as when only doing
single tasks. For SALMONN and Qwen2Audio-Instruct, the
gap between different task orders is largely reduced using
AHAMask, and the performance of each sub-task is closer to
the single task scenarios. These results further indicate that
AHAMask can control more complex behavior of LALMs
in processing multiple aspects of acoustic information.

Analysis of Acoustic Attention Head Masks
The Similarity of Masks for Different Tasks Intuitively,
the relation between the sets of activated attention heads
should be correlated to the corresponding tasks. More sim-
ilar tasks should come with more common attention heads.
From previous results, we can already observe that the num-
ber of attention heads has a correlation with task complexity.
In this section, we visualize the similarity of AHAMask be-
tween different tasks in all the three LALMs. We consider
Jaccard similarity to measure the similarity of two boolean
sets: J(M1,M2) = |M1 ∩M2|/|M1 ∪M2|.

Fig.3 visualizes the Jaccard similarity matrices. As ex-
pected, tasks that are intuitively similar share more attention
heads. For example, AHAMasks for OSR and ASR tasks
are the most similar in all three LALMs, while paralinguis-
tic and classification tasks like SER and ASV usually have
lower similarity with others. Interestingly, the AAC task also
has good similarity in AHAMask with ASR, S2TT and OSR
tasks. The similarity matrices for different LALMs also ex-
hibit different patterns. These mask similarities very likely
stem from LALMs’ internal mechanisms, which may inspire
future work on interpreting their behaviors.

# Activated Heads Output Output Type

320 (20%) at 0) - 0 0) 0) 0) 0 & Meaningless
Strings847 (52.9375%) (empty string)

848 (53%) Happy
Incorrect
Emotions

862 (53.875%) Happy
863 (53.9375%) Neutral
872 (54.5%) Neutral

873 (54.5625%) Sad Correct
Emotions1429 (89.3125%) Sad

1430 (89.375%) Someone is crying.
Captions or
Transcriptions

1579 (98.6875%) Someone is crying.
1580 (98.75%) I know.
1593 (99.5625%) I know, I know.

Table 4: The output of SALMONN on one example in the
SER task, with different number of activated heads.

Attention Heads Gradually Form Acoustic Functionali-
ties Since we essentially train a logit matrix M, each at-
tention head is associated with a continuous mask probabil-
ity in σ(M). We can then apply different thresholds to these
probabilities to obtain masks with different percentage of ac-
tivated attention heads. This will indicate if there are gradual
or abrupt changes in the performance when we activate the
attention heads in order. In other words, here we explore how
the acoustic functional pathways of LALMs are formed by
the attention heads.

To achieve a desired activation percentage q of heads,
we mask the attention heads whose corresponding logits
in M fall within the lowest 1 − q quantile. We show the
performance with different percentage levels on all non-
classification tasks for SALMONN in Fig.4, as these met-
rics are more fine-grained than classification accuracy. It
is thus clear that many attention heads have an incremen-
tal improvement on the task functionality, and the optimal
metrics are obtained based on collective efforts. For clas-
sification tasks, we also show in Table 4 an example of
SALMONN changing behaviors with different number of
activated heads. These results indicate that LALM’s acoustic
functional pathway is gradually instead of suddenly formed
based on the importance of heads, which provides additional
insights to studying the explainability of such models.

Conclusion
In this work, we propose AHAMask that simply masks some
attention heads in an LALM to address the prompt sensitiv-
ity problem and achieve reliable task specification without
instructions. These masks are efficiently obtained through a
lightweight training process. We verify by experiments that
applying AHAMask can achieve comparable or even better
performance than using general instructions, in diverse sce-
narios. Our findings also suggest that acoustic “functional
pathways” do exist in the attention heads of LALMs, which
can be an important inspiration for the interpretability of
such models. Future research includes analyzing the parti-
tioning and composability of AHAMask and constructing a
general text-to-mask converter for more use cases.
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