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OVERVIEW

• Audio LLMs to perceive the quality of input speech for multimodal agents

• The first descriptive speech quality evaluation dataset is introduced to bridge the speech evalua-
tion gap for audio LLMs

• By employing token-level distillation, proposed post-training alignment approach effectively mit-
igates the language capability degradation of audio LLM.

DPO BASED AUDIO LLM DISTILLATION

Speech-Text Alignment with LLM distillation (ALLD): aims to align the audio LLM response ya to yt
via token-level distillation, where πref is exceptionally set as an expert LLM.

Mean Opinion Score (MOS) Prediction: alignment objective of πθ with a learned reward func-
tion rϕ(x, y) as:

max
πθ

E(xa,xt)∼D,y∼πθ(y|xa)[rϕ(xa, y)]− βDKL(πθ(y|xa) ∥ πref(y|xt)) (1)

where M is the set of indices of the masked audio frame, y(k)i is the cluster assignment derived the k-th
layer of teacher model through online k-means.

DPO token-level distillation: After sampling enough ya, a dataset of comparisons D =

{x(i)
a , x

(i)
t , y

(i)
a , y

(i)
t }Ni=1 is composed for preference optimization, and the training objective can be

re-written as:

LALLD(πθ;πref) = −E(x,ya,yt)∼D

[
log σ

(
β log

πθ(yt|x)
πref(yt|x)

− β log
πθ(ya|x)
πref(ya|x)

)]
(2)

where yt and ya are formulated as preferred-dispreferred completions for Bradley-Terry model.

RESULTS ON LLM BASED SPEECH QUALITY PREDICTION

• MOS prediction results with LCC, SRCC, MSE, and BLEU for audio LLMs.
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Table 1: MOS prediction results with LCC, SRCC, MSE, and BLEU. For “SALMONN” and
“Qwen-Audio”, the tuning manners remain consistent with their multi-task pre-training. “N.A.”
denotes that regression models can not provide descriptive responses.

ID Model Tuning Manner LCC " SRCC " MSE # BLEU "
Regression Model w/o Description

1 CNN-SA-AP
Full-ft

0.90 0.89 0.23
N.A.2 WavLM 0.90 0.90 0.24

3 Wav2vec2 0.93 0.92 0.27

Audio LLMs w/ Description
4 SALMONN-7B Q-former + LoRA 0.87 0.87 0.34 25.49
5 SALMONN-13B 0.87 0.87 0.33 25.07

6 Qwen-Audio Enc + Proj. 0.88 0.87 0.26 23.52

7

Qwen2-Audio

IA3 0.25 0.24 1.45 16.79
8 LoRA (Enc & Dec) 0.75 0.74 0.52 18.80
9 Enc-only 0.89 0.89 0.24 23.41

10 Dec-only 0.76 0.75 0.55 19.62
11 Full-ft 0.91 0.90 0.21 23.84
12 ALLD 0.92 0.92 0.20 25.22
13 ALLD (2⇥) 0.93 0.93 0.17 25.84

Table 2: Performance on unseen speech domains. The subscript numbers between brackets represent
the performance changes from in-domain performance, where the improved metrics are in green.

Unseen Speech Domains Model LCC" SRCC" MSE# BLEU"

LIVE: Phone; Skype recording Wav2vec2 0.86(�0.07) 0.86(�0.06) 0.14(�0.13) -
ALLD 0.86(�0.06) 0.86(�0.06) 0.14(�0.06) 26.62(+1.40)

FOR: forensic speech dataset Wav2vec2 0.93(�0.00) 0.92(�0.00) 0.13(�0.14) -
ALLD 0.94(+0.02) 0.93(+0.01) 0.10(�0.10) 25.98(+0.76)

P501: Annex C files from P.501 Wav2vec2 0.94(+0.01) 0.94(+0.02) 0.43(+0.16) -
ALLD 0.92(�0.00) 0.92(�0.00) 0.19(�0.01) 27.23(+2.01)

extracted by the audio encoder do not include quality-related information. (iii) Parameter-efficient
finetuning also fails to achieve satisfactory performance in MOS prediction accuracy. Systems 7 and
8 can mimic the format of response, but they are observed to produce specious and baseless analy-
sis due to limited learning capacity. In Table 1, the “2⇥” denotes that we generate the training set
twice (total 20k) by modifying the in-context learning demonstrations and adjusting the temperature
⌧ during LLM inference. This strategy is initially expected to enhance the diversity of descriptive
analysis. However, the MSE metric of ALLD surprisingly reduces from 0.20 to 0.17. This per-
formance gain is counter-intuitive since the extra 10k of training examples do not introduce more
labelled MOS values. We attribute this phenomenon to the impact of the descriptive analysis, which
influences the MOS value estimation for audio LLM in a CoT manner.

We then report the performance of system ID 12 on the unseen speech domain in Table 2, including
the test sets of LIVE, FOR and P501. The best regression model Wav2vec2 is employed for com-
parison. It is observed that the model’s learned ability to evaluate speech quality generalizes well to
unseen speech domains, under the same scoring system. For both MSE and BLEU, the performance
even becomes better when encountering domain mismatch.

Ablation study. We analyze the effect of ALLD compared with full-ft, which is the best baseline
presented in Table 1. To examine the efficacy of distillation, we vary the amount of training examples
from 1k to 20k data points, and the histogram of MSE and BLEU results are shown in Fig. 3. We
observe that both full-ft and ALLD improve consistently with more data, while with token-level
distillation, ALLD shows extra performance gain on BLEU compared to full-ft.
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RESULTS ON STATISTICAL REFUTATION OF ALLD
• The relationship between MOS and four sub-dimensions: Noisiness, Coloration, Discontinuity, and

Loudness.

• The red line represents the linear regression line fitted to the data points, showing the linear trend
between each metric and MOS.

• Generation Prompt template for LLaMA-3.1 70B is shown as follows: I will give you a tuple of meta
information for speech quality evaluation, it contains 5 factors are rating from 1 to 5. For all these factors,
higher is better. input is {demonstration data point}, then you should output: {customized response}
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