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Background NNEE V2 HUAWEN

 Different tasks may require distinct features

> Semantic The Whisper model is trained for speech recognition and translation based on a large amount of weakly supervised data,
whose encoder output features are suitable to model speech and include information about the background noises.
> Acoustic BEATS is trained to extract high-level non-speech audio semantics information using iterative self-supervised learning.

Speech LLM with multi-encoders
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Insight 1: A single audio encoder cannot sufficiently capture all the features demanded by multiple downstream tasks. s
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* Distinct feature requirements of different audio downstream tasks are manifested across different layers.

The weights of different on the different downstream tasks of the SUPERB bench
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Fig. 2. Weight analysis on the SUPERB Benchmark. Layer 0 corresponds to the input of the first Transformer layer. The y-axis represents different tasks, while
the x-axis represents different layers.

Chen S, Wang C, Chen Z, et al. Wavim: Large-scale self-supervised pre-training for full stack speech processing[J]. IEEE Journal of Selected Topics in Signal Processing, 2022, 16(6): 1505-1518.
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Insight 2: Features extracted from different layers of the audio encoder contribute with varying importance to different tasks.

Chen S, Wang C, Chen Z, et al. Wavim: Large-scale self-supervised pre-training for full stack speech processing[J]. IEEE Journal of Selected Topics in Signal Processing, 2022, 16(6): 1505-1518.
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* Insight 1: A single audio encoder cannot sufficiently capture all the features demanded by multiple
downstream tasks.

> It is necessary to fuse multiple encoders to capture more comprehensive audio information

* Insight 2: Features extracted from different layers of the audio encoder contribute with varying importance
to different tasks.

> Need a more effective method to exploit the information from different layers of multiple encoders.
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* We propose.

> a novel multi-encoder SpeechLLM, which effectively leverages features from every layer of each encoder.
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Method - Overview NNES 2 HUAWEI

* We propose.

> an adapter layer for multi-feature fusion, similar to a Mixture-of-Experts (MoE) architecture.

H, lllle .‘




Method - Overview NNES 2 HUAWEI
* We propose.

> a prompt-aware routing mechanism to assign distinct weights to each encoder and its layers.
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Method - Detail

* Prompt Aware Routing

s
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> Task-specific information in speech processing tasks is typically embedded in prompts

2.Encode the input prompt using LL.Ms, obtain its last
hidden states, and map it into a routing weight.
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Method - Overview

e Multi-layer Fusion

> The use of fusion weight matrices highlights multi-level feature fusion

2. These K fused hidden states are then concatenated

s
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Expert i with the last hidden state of each encoder.
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1. In each expert, We use K sets of distinct fusion parameters to integrate the hidden states from all layers Sy

of all encoders (excluding the last hidden state of each encoder), and yielding K fused hidden states.
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Experimental Setups NNES 2 HUAWEI

* We conduct experiments with three encoders on three different ASR sl ey |
downstream taSkS 2. Listen to the following audio and
’ create a corresponding text transcript.
<IAUDIOI>
Speaker 1. How many speakers’ contributions
EnCOderS Number are in this recording? <|IAUDIOI>
Verification 2. What is the number of speakers in
Whisper WavLM Wav2Vec2 this spoken content? <|AUDIOI>
AC 1. Listen to this audio and provide a
detailed description. <|AUDIOI>
|. . . . .l | | . . . . . 2. Analyze the recording and summa-
rize its contents. <IAUDIOI>
We use PaM, an adapter similar to MoE |. . .l Table 4: Examples of prompts for different tasks.
architecture, to conduct experiments on v
three tasks. LLM
# Data Source Task  Hours Sample
Librispeech-clean-100
TaSkS (Panayotov et al., 2015) ASR 100h 28539
. AMI (Kraaij et al., 2005)  ASR 100h 108502
ASR SNV AudioCaps !
Common Voice V4 (Part) SNV ~150n 137041
Generate the Predict the Generating a natural (Ardila et al., 2019)
. . Audio Capti
corresponding speaker number for language description (Kim et al.. 2019) AC - 100h 39126
transcription the whole recording for a given audio clip 4

Table 5: The whole training dataset.
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* Single-encoder Baselines, Multi-encoder Baselines and PaM

Model LibriSpeech AMI SNV AudioCaps AudioCaps QA AVG Rank]
WER(clean)] WER(other)| WER] Acct METEOR? METEORT
Single-encoder Baselines
- Whisper (Radford et al., 2022) 9.61 16.73 16.27 18.80% 32.96 15.04 5.67
- WavLM (Chen et al., 2022) 5.59 10.57 18.97 41.40% 27.14 12.77 5.50
- Wav2Vec2 (Baevski et al., 2020) 4.30 09.46 26.69 39.00% 23.81 11.20 5.33
Multi-encoder Baselines
- WavLLM (Hu et al., 2024) 495 (- 0.65) 09.19 (+0.27) 15.29 (+0.98) 39.20% (- 2.20) 34.93 (+1.97) 16.35(+1.31) 2.67
- SALMONN (Tang et al., 2024)  5.04 (- 0.74)  09.70 (- 0.24) 19.04 (- 2.77) 49.40% (+8.00) 34.86 (+1.90) 15.97 (+0.93) 3.50
- Average 476 (- 0.46) 1043 (-097) 17.20(-0.93) 45.50% (+4.10) 33.22 (+0.26) 15.53 (+0.49) 3.67
PaM (Ours) 3.65 (+0.65) 07.07 (+2.39) 12.79(+3.48) 42.80% (+1.40) 35.47 (+2.51) 15.70 (+0.66) 1.67
WavLLM SALMONN Average PaM
Qformer Concat
Concat Average

Concat MoE



Results NNES 2 HUAWEN

—— SINCE 1g7s =——

e What PaM Focuses On?

> We plot the weights assigned by PaM to different layers across various tasks, averaging the weights over every four
adjacent layers.
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0.34 - e e * ASR-clean: Deep layers + Wav2Vec2
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* More encoders or better encoders?

> Using an encoder that performs well on a specific task significantly improves the speech LLM’s performance on that
task.

> Employing more encoders enhances the performance of the speech LLM on all downstream tasks.

The average (AVG) rank reflects the overall performance across multitasks.

Encoders LibriSpeech AMI SNV AudioCaps AudioCaps QA AVG Rank
WER(clean)] = WER(other)]  WER] Acc? METEORT METEORT
Whisper+X 4.42 8.92 13.96 43.70% 3541 16.11 4.5
WavLM+X 4.07 197 18.47 47.47% 32.48 15.01 5.5
Wav2Vec2+X 3.42 7.20 18.18 45.13% 32.33 15.02 4.3
HuBERT+X 3.87 8.21 19.49 36.90% 31.82 15.08 6.8
Whisper+X+Y 4.22 8.11 13.79 49.77 % 35.37 16.31 3.0
WavLM+X+Y 3.72 7.99 16.35 38.73% 34.23 15.82 4.0
Wav2Vec2+X+Y 3.77 6.90 16.90 42.63% 34.23 15.82 3.8

HuBERT+X+Y 4.03 7.96 17.13 44.17% 34.18 16.13 4.0
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* More encoders or better encoders?
> Single better encoder does not yield significant improvements.
> All encoders are improved, the overall performance increases.

> Employing larger and stronger LLMs does not result in substantial gains.

Models LibriSpeech AMI SNV AudioCaps AudioCaps QA
WER(clean)] WER(other)| WERJ AccT METEORT METEORT

Base PaM 3.65 07.07 12.79 42.8% 35.47 15.70
PaM with Larger Encoders

- ® Whisper-Medium 3.93 07.93 12.43 47.5% 35.61 15.58

- @ WavLM-Large 3.75 06.43 12.10 45.6% 35.95 16.71

- @ Wav2Vec2-Large 3.74 06.49 15.06 47.6% 35.50 16.74

-D+@+O 3.58 05.93 11.51 56.9% 36.94 16.50
PaM with different LLMs

- Qwen2.5-7B 3.68 08.36 15.26 43.7% 35.46 15.71

- LLaMA3.2-3B 4.98 11.57 15.57 50.5% 35.83 16.34

- LLaMA3.1-8B 4.85 08.87 15.01 50.8% 35.81 15.82
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e Parameter Efficiency

> PaM outperforms baseline methods on most tasks under a similar parameter scale.
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Figure 4: Performance comparison of a smaller PaM
(29M parameters) with Concatenation (37M parameters)
and Average (24M parameters).
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* PaM and Concatenation Adapter with larger LLM

Models LibriSpeech AMI SNV AudioCaps AudioCaps QA
WER(clean)] WER (other). WER] AccT METEORT METEORT

Qwen2.5-7B

- WavLLM 5.13 10.81 13.66 51.1% 36.27 16.55

- PaM 3.68 8.36 15.26 43.7% 35.46 15.71
LLaMA3.1-8B

- WavLLM 6.38 14.08 13.95 03.1% 34.91 14.76

- PaM 4.85 8.87 15.01 50.8% 35.81 15.82

Table 10: Results based on our PaM adapter and WavLLM with larger LLM.
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 Ablation study of PaM with different routing methods.

LibriSpeech AMI SNV AudioCaps AudioCaps QA

Models AVG Rank|
WER(clean)| WER(other)] WER| Acct METEOR?T METEORT

MoE (audio-based) 4.12 8.32 11.21  26.00% 35.66 15.61 3.17

PaM (with one expert) 4.27 10.04 13.77  45.80% 35.76 16.47 2.83

PaM (without shared) 4.31 7.89 13.43  45.20% 35.27 16.35 3.33

PaM (without task label) 3.97 7.97 13.14  43.50% 35.54 15.42 3.17

PaM (ours) 3.65 7.07 1279  42.80% 3547 15.70 2.50

Table 11: Ablation results on our routing method and the result based on the audio-based routing method

 Evaluating the AC task with more metrics.

Models AudioCaps AudioCaps QA

METEORT  FENSET  sBERT{ CIDErt  SPICET  METEORT  FENSE?  sBERTT  CIDErt  SPICEf

Single-encoder Baselines

- Whisper 32.96 0.108 0.596 0.431 0.158 15.04 0.105 0.402 0.205 0.083

- WavLM 27.14 0.106 0.500 0.290 0.122 12.77 0.104 0.337 0.127 0.049

- Wav2Vec2 23.81 0.096 0.414 0.205 0.095 11.20 0.092 0.282 0.073 0.038
Multi-encoder Baselines

- WavLLM 34.93 0.109 0.640 0.569 0.175 16.35 0.108 0.448 0.303 0.109

- SALMONN 34.86 0.109 0.631 0.542 0.158 15.97 0.108 0.432 0.254 0.093

- Average 33.22 0.108 0.615 0.471 0.166 15.53 0.108 0.425 0.229 0.093
PaM 3547 0.111 0.644 0.581 0.183 15.70 0.108 0.428 0.267 0.087

Table 7: More results based on various metrics on the AC task. The sSBERT represents Sentence-BERT.
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Multi-encoder Baselines
- WavLLM (Hu et al., 2024) 495(-0.63)  09.19 (+0.27) 1529 (+0.98) 39.20% (- 2.20) 34.93 (+1.97) 16.35 (+1.31) 2.67
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