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Figure 1: Illustration of the growth trend in the field of LLLM-based autonomous agents.
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Table Comparison between SMSP with baselines for ViT.

Methods ~ Accuracy(%) FLOPs(T) Training Iterations

Pre-trained model Mask for New Target Task Final pruned model
9 e

AMP 89.83£0.46  81.50 1000
UVC 28]  81.32+40.87  26.73 100
PoWER [5] 78.61£1.32  20.86 100
SMSP(ours) 90.24+0.35  3.25 100

@ Retained nodes Pruned nodes
Calculate similarity and generate the mask for the new task

v" Automatic Mask Pruning (AMP): automatically
identify task-specific filters/nodes for different tasks in

,-’/ ) \‘\ Retained filters in layer-£ for new task
{Task N mask scores in layer-¢ 3 e

900 ®00® @@ o & the pre-trained model.
| Task 3 mask scores in layer-¢ o : == "“;i"g v apply the Log Expected Empirical Prediction (LEEP)
 9LLOCLLE® (T T T TV which is used to evaluate the transferability of
e iy W § e ornen o representations learned by the source task to the
@ o @ o @ OO0 OO0OSS
Ma;_sk e rTrEe T ST Te K ‘t - Add scores of similar tasks for new task target ‘task

(S G S - G v Scalable Mask Selection Pruning (SMSP) : fast-

LEEP score = 10.84 .17.52 18.93 15.05

adapt the pre-trained model to downstream tasks.

New task Find similar tasks

One-Shot Pruning for Fast-adapting Pre-trained Models on Devices, Haiyan Zhao and Guodong Long, arXiv:2307.04365v1
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Fig. 2: The overall framework of the proposed knowledge factorization. The factor
networks are trained to mimic the prediction of the teacher. The CKN learns to
maximize the mutual information between input and its features, whereas the
TSNs are dedicated to minimizing the task-wise mutual information.
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“Factorizing Knowledge in Neural Networks”,
Xingyi Yang, Jingwen Ye, Xinchao Wang, ECCV
2022.

‘Teacher MNemvork Multi-Talenred Tﬁmxl\!l'\\mk Aulti-Talented Teawa\!mwrk

»
i,
" Sinele Stademt Network " Mt Talented Student Network Mulpis Studens Herworis mith Inds
(a) STL25TL Knowledge Distillation (b) MTL2MTL Enowledge Distillation (c) Sub-Knowledge Distillation

Multi-Talented Teacher Network ——

|t e

" NE)
XRetrain & Finetund| C—J!C__JIC )

Fig. 1: Illustration of (top) 3 types of Knowledge Distillation and (bottom)
our proposed Knowledge Factorization. (a) Single-Task Learning to Single-Task
Learning (STL2STL) KD refers to distill a single-tasked student from a single-
tasked teacher, (b) Multi-Task Learning to Multi-Task Learning (MTL2MTL)
KD stands for distilling a multi-tasked student from a multi-tasked teacher and
(¢) Sub-Knowldege Distillation distill a subset of the teacher’s knowledge to its
student model.
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Figure 2. Diagram of the proposed generic-to-specific distillation (G2SD). [M] denotes mask token. In the generic distillation stage (left),
masked images are converted to patches and fed to both the teacher and student encoders for feature extraction. Feature predictions of the
student decoder are aligned with those of the teacher at both visible and predicted patches. In the specific distillation stage (right), student
models are trained to have consistent predictions with teacher models fine-tuned on the specific task.

"Generic-to-Specific Distillation of Masked Autoencoders”. Wei Huang, Zhiliang Peng, Li Dong, Furu Wei, &
Jianbin Jiao, Qixiang Ye. (2023). 15996-16005. 10.1109/CVPR52729.2023.01535
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GenDistiller: Distilling Pre-trained Language Models based on Generative Models, Y.Gao, Shilei Zhang,Zihao
Cui, Chao Deng, Junlan Feng*. Archive-2023
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Figure 2: Different attention mechanisms via different flatten manners. a) flatten to T' x H length for attention; b) flatten to H x T
length for attention; c) the approximation of b).
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Two-dimensional Attention Mechanism:

f € RT*BxD ‘ M € RHXTXBxD

Tis the frame numbers related with the utterance length,
B refers to the batch size, D denotes the feature
dimension, H refers the numbers of hidden layers to be
predicted plus the original feature. [HXT, B, D]

Distillation Loss

L9 = £ 1+ arl,

T
=y 7 % [ = |~ Atog e (eos (R, azﬂ))} ,
1
=1

(1)

GenDisiller: Distilling Pre-trained Language Models based on Generative Models, Y.Gao, Shilei Zhang,Zihao Cui,
Chao Deng, Junlan Feng*. Archive-2023
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= gradicnt of label generation network = gradient of multi-task network

Interface

Transcript— l o @—"’f{:}

v
Loss asr Loss slu SCOres SCOres Lmbuddmp |
Lu]rl-tnsk networ ! ‘I LU Label gendration nemar
ASR decoder SLU decoder Intent type ((Siocne ”]"“ vEl
{ Transformer) {Transformer) classifier n.iusmtm :LS

Utterance
encoder

Acoustic
encoder
(Conformer)

ll ' || | Manual transcript

Training

Evaluation Intent type Intent
[ classifier | iype

Acoustic
encoder
(Conformer)

Slot
type

Slot type
classifier

(Transformer) |hypothesis

Slot
value

Figure 1: The proposed MAXL based SLU model.

Intent Slot type Slot value |

ok

Table 1: The interfaces between the two networks and their at-

tributes.

Fixed Gradient

length flow
List X X
Sequence v X
NER tag v X
Softmax X v
Sum of softmax v v
Append intent and slot types v v

E#5h

China Mobile

Table 2: The performance comparison between the proposal

and baselines.

Baseline

End-to-end
Fine-tuned
Proposal(MAXL)
Proposal(First-order)
Mulu-task

CER
28.76
27.73
21.45
21.21
21.15
21.30

Fl-score
52.00
53.12
56.33
58.27
59.64
59.25

"Meta Auxiliary Learning for Low-resource Spoken Language Understanding”, Yingying Gao, Junlan Feng*, Chao

Deng,Shilei Zhang. Interspeech 2022
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ﬁF— ine-tune >'/->_<\' i Taskl Task2 TaakS i |
‘Aintiule e Input | ["NFA | [ NFA LI NFA | [ NFA | | NFA NFA | |Output
Tnput Architecture 'Module | | Module ~ Module | Module | Module Module
Parameterl /|
/" Frozen \ 2 A _/
> B S
\_Module / N
T f X Figure 2: The illustration of an adaptive training framework
Architecture (+ )}  Output : > &
DAt o/ based on NFA for cascaded multi-task training.
U
> Adapterl | » X )
\ / N/
- Architecture Table 2: The performance of full fine-tuning and the proposed
. Parameter3 | NFA
-><\dapter2 —» X b
4 i Adapt Train Selected NLU
Architecture Method Param. Param. CER
ol Full Fine-tuning 189.25M  189.25M  12.42%
B BA+fine-tuning NLU  14.15M  14.15M  14.13%
(b) Nas based Fine-tuning and Adapter (NFA) Module GA+fine-tuning NLU  14.17TM 14.17TM 18.56%
Figure 1: The architecture of NA and NFA module. Only the hBa 1 81.39% ?5iéx }gsjgo
green and orange boxes are updated during training, in which HRAAIIEICT COmED 81.39 6.4¢ 8L7%
+two stage 81.39M  16.48M  12.32%

the green parts denotes trainable network parameters and the
orange parts are architecture parameters.

"Cascaded Multi-task Adaptive Learning Based on Neural Architecture Search”, Yingying Gao, Shilei Zhang,Zihao Cui,
Chao Deng, Junlan Feng*. Interspeech 2023
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Figure 1: Overall workflow of DeRy. It partitions pre-trained models into equivalent sets of neural blocks and
then reassemble them for downstream transfer. Both steps are optimized through solving constrained programs.
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Stitch Multiple Big Models into one target model
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DeiT-S a) Network Compressmn (b) One-shot Neural Architecture Search (c) Stitchable Neural Networks
b Bk Head (One-to-One (One-0-Many (Many-o-Many)
Figure 1. Compared with previous scalable deep learning frameworks. (a) Network compression shrinks a large network into a small one by

techniques such as pruning, quantization and knowledge distillation, efc., which is a one-to-one mapping. (b) One-shot neural architecture
Slmsmng WJW@ m“m Stltchmg Sllcmng search first trains a supernet that supports diverse architectural settings and then specializes a subnet given the target resource constraint
Layar Layer LGTEI LB‘}E! Lﬂyer during deployment, which is a case of one-to-many. (c) Our proposed Stitchable Neural Network directly stitches the off-the-rack family

of pretrained models and quickly obtains new networks for efficient model design and deployment in a novel many-to-many paradigm.

I

Figure 3. Illustration of the proposed Stitchable Neural Network, where three pretrained variants of DeiTs are connected with simple
stitching layers (1 x 1 convolutions). We share the same stitching layer among neighboring blocks (e.g., 2 blocks with a stride of 2 in this
example) between two models. Apart from the basic anchor models, we obtain many sub-networks (stitches) by stitching the nearest pairs
of anchors in complexity, ¢.¢., DeiT-Ti and DeiT-S (the blue line), DeiT-S and DeiT-B (the green line). Best viewed in color.

“Stichable Neural Networks”, Zizheng Pan Jianfei
Cai Bohan Zhuang, Archive-2023
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Fuse Multiple Models into one target model
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Figure 2: The illustration of an adaptive training framework
based on NFA for cascaded multi-task training.
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(b) Nas based Fine-tuning and Adapter (NFA) Module

Figure 1: The architecture of NA and NFA module. Only the
green and orange boxes are updated during training, in which
the green parts denotes trainable network parameters and the

orange parts are architecture parameters.

"Cascaded Multi-task Adaptive Learning Based on Neural Architecture Search", Y.Gao, Shilei
Zhang,Zihao Cui, Chao Deng, Junlan Feng*. Interspeech 2023
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Figure 3: The searched architecture of the cascaded SE-ASR-
NLU framework based on (a) NA, (b) NA+fine-tuningNLU and
the proposed NFA, (c¢) NFA with and without parameter control
and (d) NFA with different adapters.

Table 2: The performance of full fine-tuning and the proposed
NFA

znbﬁ/]

Adapt Train Selected NLU
Method Param. Param. CER

Full Fine-tuning 189.256M  189.256M  12.42%
BA+fine-tuning NLU  14.15M 14.15M 14.13%
GA+fine-tuning NLU 14.17"M 14.17TM 18.56%

NFA 81.39M 65.11M 14.57%
+parameter control ~ 81.39M  16.48M  12.81%
+two stage 81.390M  16.48M  12.32%

Y. Qian, X. Gong, and H. Huang, “Layer-wise fast adaptation for
end-to-end multi-accent speech recognition,” IEEE/ACM Trans-
actions on Audio, Speech, and Language Processing, vol. 30, pp.
2842-2853, 2022.

R. Fan, Y. Zhu, J. Wang, and A. Alwan, “Towards better domain
adaptation for self-supervised models: A case study of child asr,”
IEEE Journal of Selected Topics in Signal Processing, vol. 16,
no. 6, pp. 1242-1252, 2022.

"Cascaded Multi-task Adaptive Learning Based on Neural
Architecture Search", Y.Gao, Shilei Zhang,Zihao Cui, Chao Deng,
Junlan Feng*. Interspeech 2023
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