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Audio Input:

Dense Tasks:
e
| ASR: Can you help me transcribe the audio into text?

| Qutput: that is a good idea

| ST: Translate the audio clip into German.
: Output: das ist eine gute Idee

[ ER: Can you describe the emotional condition of the speaker

in the provided audio clip?

=
| SV: Is there only one speaker in the audio clip?
: Output: yes
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Speech Foundation Model/SpeechLM become larger and
larger.

Previous methods for optimizing large language model (LLM)
inference, cannot universally applicable across all
speech/audio-related tasks.

We want to build...

- Afastinference method design for audio/speech
modality in MLLMs

- Adaptively speed up all audio/speech related tasks
- Could apply to all Speech LMs
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Previous efficient inference works for LLM/MLLM
- Text:
- H20 (Zhang, et al; 2023)
- StreamingLLM (Xiao, et al; 2024)
- etc.
- Visual:
- FastV (Chen, et al; 2024)



+¥ FastAdaSP - Motivation

. Watanabe’
CMU [V AV

e However in Audio/Speech LM..

Audio Input:

Dense Tasks:

=
| ST: Translate the audio clip into German. |
: Output: das ist eine gute Idee :

[ ER: Can you describe the emotional condition of the speaker |

in the provided audio clip? I
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4% FastAdaSP - Method
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Dense Strategy - Scheduler

Layer 32

Layer 31

Layer 3
Layer 2

Layer1
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We designed an operation scheduler
that smoothly merges tokens layer by
layer to prevent aggressive token
dropping in SpeechLM.
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Dense Strategy - Scheduler

| ASR (WER% ) | ST (BLEU 1)
Full Token Baseline | 225 | 21.56
FLOPs Reduce | 10% 20% 30% 40% 50% | 10% 20% 30% 40% 50%
Weighted Merge 225 244 325 1051 93.14 | 2094 20.03 1841 1445 8.74

Weighted Merge + Constant Schedule | 2.27 249 248 296 4.73 | 2147 20.72 19.81 18.54 17.45 |

Weighted Merge + Decay Schedule | 2.27 2.57 2.74 353 6.09 | 20.92 2059 19.66 18.06 16.40

Table 8: The effectiveness of scheduler on WavLLLM Dense tasks (ASR and ST)
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Sparse Strategy - Layer Selection

We use [Transfer Entropy to guide layer selection for token reduction;

Layer 32 TE defined as:
r3
e |H (® (Fina ; Weinat ) — H (Fiinat | ® (Fi; W5))|
Which:
Layer 3 ®(-;-) is the token reduction operation
Layer2 F is the embedding output
Layer1

H() is the entropy calculation
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Sparse Strategy - Layer Selection

FLOPs Reduce TE TERank 10% 20% 30% 40% 50%

Layer 2 2.20 -+ 54.78 5430 54.06 5291 52.10
Layer 9 2.17 3 55.51 5430 53.61 5330 51.50
Layer 12 2.29 5 5475 5396 5344 52.72 4835
Layer 15 211 2 5398 54.06 53.02 50.57 -

Layer 3 (Selected) | 2.06 1 55.17 55.05 54.40 53.86 52.14

Table 6: Layer Selection Experiments: Comparison
on the performance between different layers on Qwen-
Audio ER task (Full token baseline accuracy: 54.80%)
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$Y FastAdaSP - Exps(QwenAudio)

| ASR (WER% ) | ST (BLEU 1)
Full Token Baseline | 2.21 | 41.46
FLOPs Reduce | 10% 20% 30% 40%  50% | 10% 20% 30% 40% 50%
Random Merge 243 339 821 2753 169.96 | 40.63 3935 37.01 3239 243
Random Evict 570 2142 61.04 18459 342.88 | 38.39 2822 1498 6.29 2

A-ToMe (Lietal., 2023) | 220 3.26 1391 71.56 27349 | 4124 3987 36.52 2535 8.64
FastV (Chenet al., 2024) | 12.54 5440 11042 179.58 258.78 | 41.12 40.31 38.45 3474 27.14

FastAdaSP-Dense 219 223 251 437 1524 | 4141 4105 4051 39.02 3579
FastAdaSP-Dense | ), 551 230 357 1601 | 4147 4130 40.83 3981 37.04
Constant Schedule

Table 9: Comparison between FastAdaSP with other token reduction methods on Qwen-Audio dense tasks

\ ER (ACC% 1) | AC (CIDEr 1 | SPICE 1 | SPIDEr 1)
Full Token Baseline 54.80 0.4510.1310.29
FLOPs Reduce | 10% 20% 30% 40% 50% | 10% 20% 30% 40% 50%
Random Merge 51.80 48.00 4380 39.20 3230 | 04410.131029 04310.1310.28 04110.1310.27 04110121026 0.3810.1210.25
Random Evict 52.80 4820 4200 34.61 23.14|04310.131028 04210.1310.27 03810121025 03110101020 0.1210.0710.14

A-ToMe (Lietal., 2023) | 5491 54.70 5420 53.90 51.60 | 0.4410.1310.29 04410.1310.29 04310.1310.28 04110.1310.27 0.3910.1210.28

33.80 5350 52,10 50 04510131020 04410131028 04310131028
FastAdaSP-Sparse ‘ 5517 55.05 5440 5386 5214 0.4510.1310.29 04410131029 04510.1310.29 0.4410.1310.28 0.4310.1310.28

Table 10: Comparison between FastAdaSP with other token reduction methods on Qwen-Audio sparse task
10
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Beam Size | Audio Length (s) | Token Reduce % FLOPs Reduction % 1T Real Time Factor | Pre-filling Latency (s) | Decoding Latency (s) | Throughput (token/s) 1

1 120 Full Token 0.00 0.054 0.79 5.75 12.86

50 48.62 0.044 0.77 4.57 13.57 (1.05x)
5 120 Full Token 0.00 0.137 3.11 13.32 5.48

50 48.40 0.092 3.09 8.01 8.87 (1.61x)
1 240 Full Token 0.00 0.044 1.70 8.90 8.09

50 49.21 0.036 1.59 7.02 9.69 (1.20x)
5 240 Full Token 0.00 0.126 6.72 23.55 3.10

50 49.21 0.077 6.48 11.89 5.72 (1.84x)

Table 12: Long Sequence Computational cost experiments on A100. Long sequence audio samples (120s and

240s) input on WavLLM using one A100 80GB GPU

11
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Q&A

Links:

- https://fastadasp.qithub.io/
- https://github.com/yichen14/FastAdaSP
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