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Supervised Training

Training images, scarce

Hard to generalize well o
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[ Deep Model ]

Heavy parameters for large capacity




Pre-training
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Adaptation

Training images, scarce
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Fast convergence, better performance Related data, unlabeled
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A Paradigm for Deep Learning Application



Pre-trained Models
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Adaptation: Foundation Problems

Training Strategies

« smaller Ir of task-specific head. [Yosinski et al, 2014]

Optimization
 |r decay helps transfer. [You et al, 2019]
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Overcome Catastrophic Forgetting

Regularization Tuning Loss Function: ming Y24 L(hg (x;), y;) + /1 Q(6):

Regularization term

. pre-trained pre-trained
pre-trained models pre-trained models backbone head
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Overcome Catastrophic Forgetting

Domain Adaptive Tuniﬂg Init P Pre-trained T Final
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Overcome Negative Transfer
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Overcome Negative Transfer

« Enhance Safe Transfer Feature Space

y Cross-
o BSS /00- tumng Detrimental th>m |:> %—} entzopy
component W G
” x 3
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errp(g) < errp(f) + 0

« Choose Pre-trained Models Penalize smallest singular values : ~ Luss(F) =1 o2,
i=1

 LEEP LogME

Xinyang Chen, Sinan Wang, Bo Fu, , Jianmin Wang, Mingsheng Long . Catastrophic Forgetting Meets Negative Transfer: Batch Spectral Shrinkage for Safe
Transfer Learning, NeurlPS 2019 11



Overcome Negative Transfer
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Transferability (LogME)

Kaichao You, Yong Liu, Jianmin Wang, Mingsheng Long . LogME: Practical Assessment of Pre-trained Models for Transfer Learning, ICML 2021 12



Adaptive Transfer of Model Hubs

Catastrophic Forgetting LWF EWC ULMFIT DELTA DAPT
Negative Transfer Taskonomy BSS LEEP Z00-Tuning, B-Tuning Hub-Pathway
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Pre-trained Model Hub

Various Models and Platforms

O PyTorch

~ . Hugging Face

% TensorFlow

Plenty of Transferable Knowledge

IMAGENET SUP.

MOCO PT. .
MASKRCNN PT. Rfe sNe t) Same architectue
DEEPLAB PT. . .

KEYPOINT PT. Pre-trained dlfferently

N Pytorch Image Models

Avoid Heavy Pre-training

M batch=1024 |

I batch=2048 :
I — batch=4096
| batch=6144

T T
0 epochs

« Adapt one model
- Which one is the best?

« Adapt multiple models

- How to aggregate transferable knowledge?

14



Transferability Assessment

Estimate adaption performance of PTM on given dataset without finetuning.

LogME Approach

Fixed PTM (as feature extractor).

P(y | F) : Graphical modeling
between extracted features and GT

label.

Parameterize P (y | F) by prior a, .

Maximize evidence P (y | F,a, B ).

Extracted feature * MacKay algorithm with guarantee!

Kaichao You, Yong Liu, Jianmin Wang, Mingsheng Long . LogME: Practical Assessment of Pre-trained Models for Transfer Learning, ICML 2021
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Effectiveness of LogM

General and Accurate

Vision tasks

e Inception v1 WV ResNet 34 <« ResNet 101 ’ Wide ResNet 50 @ DenseNet 169 O MobileNet v2

Regression task
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, * o C |l = —— o oo - * -om Pre-trained Network p
Sl . e ‘ Accuracy (%) LogME MSE LogME
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= o ‘ , MoCo V2 84.16 0.94 0047 164
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Effectiveness of LogM

Computation Efficient

Algorithm 2 Evidence Maximization by MacKay’s Algorithm

: Input: Extracted features F' € R™P and corresponding labels y € R”
: Output: Logarithm of Maximum Evidence (LogME)

: Note: F has been pre-decomposed into F' = ULV T

: Initialize a =1, =1

: while «, 8 not converge do

Compute y = Zi';l %%%7, A = diag{(a + Bo?)}

Nl g w o =

Naive: A= al +AFTF,m=BA"'FTy|

9:  Update o + Tm,ﬁ «—
10: end while
11: Compute and return £

I\Fm yH2

_1 . .
= . L(a, B) using Equation 2

O(nCD? + CD?)
Biguadrate complexity

MacKay algorithm with theoretical guaranteel!

Algorithm 2 Evidence Maximization by MacKay’s Algorithm

: Input: Extracted features F € R™P and corresponding labels y € R"
: Output: Logarithm of Maximum Evidence (LogME)

: Note: F has been pre-decomposed into F = USVT

: Initialize a =1, =1

: while «, § not converge do

2
Compute y = Y2 #}o?’ A = diag{(a + Bo?)}

o T A W N =

| 8:  Optimized by You et al. (2021): m = B(V(A~(VT(FTy)))) |
9:  Update a + me,B —
10: end while

11: Compute and return £ = > (a B) using Equation 2

Ty
[1Fm—yll3

O(nD? +nCD + CD? + D3)
Cubic complexity

Algorithm 3 Evidence Maximization by Optimized Fixed Point Iteration

QNS A W

10:
11:

12:

: Input: Extracted features F € R™*P and corresponding labels y € R™
: Output: Logarithm of Maximum Evidence (LogME)
: Require: Truncated SVD of F: F = UTETV,T7 with U, € R™" %, € R™", V. € RP>".
: Compute the first 7 entries of z = Ul'y
: Compute the sum of remaining entries A =Y ;22 =31 72— Y1, 2
: Initialize a =1,6=1,t = % =1
: while ¢ not converge do
T, o -
Compute m'm =3;_; Tt T = > el [|[Fm -yl = (1+<72/t)‘ +A
1 _n—y 4 _a
Update a ¢ 74—, 8 + HFm—yH%’t = g
end while
Compute m = V, X'z, where X}, = t+g‘2(1 <i<r).

Compute and return £ = 1 £(a, ) using Equation 2

O(nD? +nCD)

Cubic complexity with fewer terms

wall-clock time

memory footprint

Computer Vision

fine-tune (upper bound)  161000s
extract feature (lower bound) 37s

fine-tune (upper bound)
extract feature (lower bound) 43 MB

6.3 GB

Natural Language Processing

extract feature (lower bound) 1130s

LogME 1136s | LogME
Mbenefit — — — = = 7 T T 78817 benefit

o B eV _ _BXE
| benefit 37007 | benefit 1201
fine-tune (upper bound)  100200s | fine-tune (upper bound) 88 GB

extract feature (lower bound) 1.2 GB

1.2 GB

73
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Tuning

Why adapt multiple models”?

PTM Hub

Target Data

PTMs
Ranking

Transfer Rank

Pre-trained Models @

603\‘\(\9

‘ 1 | @ | P
\a\N \ [ CPT- 2} I ePTo b
. SMALL MEDIUM LARGE LARGE
Oa’\\(\g 345M Parameters b g

117M Parameters 762M Parameters 1,542M Parameters

S
Best ranked models (e.g. DenseNet-201)

tend to be large and expensive to deploy.

Transfer from multiple pre-trained

models can be more beneficial.

Multiple PTMs Tuning

Given a desired target architecture
in industrial requirement.

@ PTM Params
Target PTM @ Tuned Params

18



Ranking and Tuning

Paradigm

Ranking Selection Tuning L4 Ranking
/STEP 1 /STEP 2 /STEP 3
« LEEP, NCE, LogME...
PTM Hub Transfer Rank
- '
== - Selection
Target Data o _
« TJop-K: Heuristic but Effective
ankin B-Tuning \
faniche ” g « Tuning
Multiple PTMs Tuning « Architecture heterogeneity
Top 1 « Dimensionality of features
ernsaraus - @ PTM Params
R TargetPTM | @ Tuned Params * Always challenging part...

19



B-Tuning

Consider simple Knowledge Distillation (KD):

n K
1 1
Lxp = EEE;M)k(xi) — Wi (x5

=1

* Needs additional learnable projection W, for each teacher model.
« J[reats all teacher models as equal:
* No adaptive mechanism to transfer only useful knowledge.

Kaichao You, Yong Liu, Jianmin Wang, Michael | Jordan, Mingsheng Long
JMLR 2022

. Ranking and Tuning Pre-trained Models: A New Paradigm of Exploiting Model Hubs,

20



B-Tuning

PTMs (fixed)  Input features

X Training data Labels y
i :-p(y'lf,F,
P e e A Ey
1 g f1
I . :
| : :
| .
Input IL__:(,b _______ *FK-—--"-: mg —~—»
I " <fK>
( :}— I
I
I
I
I

Training features

y) ~ N(me,fTA_lf +ﬁ*—1)

Weighted Avg

Weighted average: y' = Y8 _1 T, Vi
? by LogME score: T, = exp(Ly/t)

K
>, exp(£;/0)
E tati
xpectaton

C | K 2

Target model |

I e > a F---< - F | =3

»( V¢ ) Predicted distributi L — T _ T
L Tredieied GEbuon LBayeSLan T[kfk mk,c ft mt,c

£

1
C

S|

» Project teacher features into a common output space by LogME.

=)
Il
[y
a
Il
— A
=
Il
- A
N

I/t| >( Ltask )

Intuition: encourage the target model to

» Transfer them to target model with weighting from their LogME score.  behave like the best top-K teachers.

Kaichao You, Yong Liu, Jianmin Wang, Michael | Jordan, Mingsheng Long

JMLR 2022

. Ranking and Tuning Pre-trained Models: A New Paradigm of Exploiting Model Hubs,
21



Experiments

Reduced burden of Selection and Adaptation.
« Exhaustively fine-tune 10 times: 84.41% accuracy.
« Rank by LogME and fine-tune once: 84.29% accuracy.

84.41

Accuracy / %

ImageNet Sup. 0.947 v

MaskRCNN PT. 0.936 v v v

MoCo PT. 0.934 v v v v v v

KeyPoint PT. 0.914 v v v v v v
DeepLab PT. 0.913 v v v v v v

PTM name LogME




Experiments

Fully utilization of transferable knowledge in Model Hub.

Aircraft

85.9

2R 85.5 1 —o— *\85.‘2
~ i !

Single Model Fine-tune

Number of Teachers (K)

Birdsnap
73.0

< 68.00 - Single Model Fine-tune

Number of Teachers (K)

e Just fine-tune the
most popular
model Is sub-
optimal.

* The ranking anad
B-Tuning
paradigm brings
3%~5%
accuracy gain.

23



Adaption from Model Zoo

Considering models with same architecture but different knowledge.

-

w |

Source Model 1.“

~

>

>

» 10 tune or

Nnot to tune

24



/00-Tuning

Adaptively aggregate source model parameters to derive target model.

4 )
/
/
Wi
Wi
w; ym
Vi
Source Model 1

Yang Shu, Zhi Kou, Zhangjie Cao, Jianmin Wang, Mingsheng Long

Train Loss / Prediction

A
¥ .
wi w! WL | by Adaptive 1 LF g
| Aggregation
) A
------------------------------- )
"""""""""""""""""" \ P A
[ [ l 1 _ ap ve I Vi
Wi Wi Win 3 ] Aggregation 1w
! A
_______________________________ T )
"""""""""""""""" \ o A
w; w; wh | Fof Adwive L LT g
. ggregation
_______________________________ ' A
Data Path —> ‘ , |
. Train Data / Test Data
Parameter Aggregation ---»

. Z00-Tuning: Adaptive Transfer from A Zoo of Models, ICML 2021

[OpOW 19316
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Adaptive Aggregation

Pooling
: l
¥ Wi
Conv 1x1 :

) v

w!
[
RelLU i, l '
¢ ; 0,‘..‘. Tl | l
E ‘..‘. ~ v Wm
l
Tl

Conv 1x1 s

2 : \:® '
: 1 I
Sigmoid A N ~
n"‘. R "y ’ I ~ Tl
— > Aq : R o
— ! . ! : -
Data Path 3 ! Al ! /,#@'
> I L ' P
1 |
————— > . : > Al
Param Aggregation ="~ > s >é( ____________
————— > \/
h!-1 > W — h




Adaptive Aggregation

Channel alignment

» Channels in different pre-trained
models may have different
semantic meanings.

Wi:Tﬁ*Wi

Transformed parameter

27



Adaptive Aggregation

4 ) Data-dependent gating
w!
1 Wi * Each datum of each task has a
e T! | different aggregation.
—_—
Data Path 5 :
_— :
————— > : :
Param Aggregation =~~~ " > L S D —— _: m m
b g A Y W =Y "alW! =" ALY (T« W)
k / 1=1 1=1
Target parameter Gating value

28



Experiments

« Adaptive transfer from multiple models — Better accuracy.

« Adaptive aggregation of model parameters — More efficient than ensemble.

GENERAL FINE-GRAINED SPECIALIZED TRAIN INFERENCE

O o —~ ~ ) r -

A 2 2 1 21& 2 £1 g
MODEL ~ O o o Q = 3 ) o z I © <

= 8 = & 2 = = < o & I - | &

O O < O Z A 0 < S £ 0] &
IMAGENET SUP. 81.18 81.97 84.63 89.38 73.69 74.57 98.43 | 83.41 4.12 23.71M ; 4.12 | 23.71M
MOCO PT. 75.31 75.66 83.44 85.38 70.98 75.06 98.82 ] 80.66 ] 4.12 23.71M 4.12 | 23.71M
MASKRCNN PT. 79.12 81.64 84.76 &87.12 73.01 74.73 98.6501 82.72 ¢ 4.12 23.71M l 4.12 I 23.71M
DEEPLAB PT. 78.76 80.70 84.97 88.03 73.09 74.34 9854 ] 82.63 | 4.12 23.71M | 4.12 23.71M
KEYPOINT PT. 76.38 76.53 84.43 86.52 7T71.35 7458 98.34 y 81.16 % 4.12 23.71M I 4.12 I 23.71M
ENSEMBLE 82.26 82.81 87.02 91.06 73.46 76.01 98.88 ] 84.50 ] 20.60 118.55M | 20.60I 118.55M
DISTILL 82.32 82.44 85.00 89.47 73.97 74.57 98.95| 83.82 ¥ 24.72 142.28M { 4.12 [ 23.71M
KNOWLEDGE FLow | 81.56 81.91 85.27 89.22 73.37 75.55 97.99 [ 83.55 ] 28.83 169.11MI 4.12 | 23.71M
LITE Z00O-TUNING 83.39 83.50 85.51 89.73 7T75.12 75.22 99.12I 84.51 4.53 130.43M; 412 1 23.71Mm
Z00-TUNING 83.77 84.91 86.54 90.76 75.39 75.64 99.12 | 85.16 | 4.53 130.43M = 4.18 | 122.54M

F




500

400 1

100 ~

Applied to

3L tasks

« Reinforcement Learning: Atari Games.

» Pre-trained Models: Models trained from other games.

= From scratch

Fine-tune from Seaquest

Fine-tune from Riverraid
== Knowledge Flow

Zoo-Tuning

40000 60000 80000 100000

Interaction Steps

0 20000

From scratch
Fine-tune from Seaquest
Fine-tune from Riverraid
Knowledge Flow
Zoo-Tuning

40000 60000 80000 100000

Interaction Steps

20000

400

100

= From scratch

Fine-tune from Seaquest

Fine-tune from Riverraid
= Knowledge Flow

Zoo-Tuning

40000 60000 80000 100000

Interaction Steps

20000
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Towards A More General Framework

« Parameter aggregation: efficient and adaptive.

* Not general enough for diverse models or even heterogeneous architectures.

Wi

Source Model 1.“
1\

\

———————————————————————————————

Wy w; W,

w! w! Wy,

w;} w} wl
Data Path —>

Parameter Aggregation ---»

“

Train Loss / Prediction

L

"y A
! :
N Adaptl\{e sl we
I Aggregation
! A
t
! , A
N Adaptl\{e Ll W
I Aggregation
' A
T ee e
| ) A
N Adaptlv.e I N 1
I Aggregation
! 1

[OPOW 193.1e]

Train Data / Test Data .



Hulb-Pathway Framework
Design data-dependent pathways throughout the Model Hub.

’ Output ,

A ] Pathway Aggregate [ A

O] I\/IodeiIHub
(o (o J(es J(e ) (o J(e ) J(Cos )

Topk \ /\ \ //‘ Topk

é{’OOQ} """""" 1008 0] (@00@) (@000

Pathway Route
Input

Yang Shu, Zhangjie Cao, Ziyang Zhang, Jianmin Wang, Mingsheng Long . Hub-Pathway: Transfer Learning from A Hub for Pre-trained Models, Preprint 2022
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Hulb-Pathway Framework

* Input level: route different data to different models.
« Qutput level: aggregate transferred knowledge to make predictions.
« Pathway flow: control training and inference costs with Top-K activation.

’ Output ,

: . A ‘ J Pathway ,;A\ggregate - A J
——— FYerorel P Yo @) ) — |
- 9 CA J Model Hub //9 e _

[ 0, ][ 0, ][ 03 ][ 04 ] [ 0, ][ 0, ][ 03 ][ 04 ]
Topk i \ Topk
@000} —+{@0O0) 0000000 0]

5 Pathwaiy Route 5
¢ 6 )
Input 33




Exploration and Exploitation

, Output ,

[ A ] Pathway ,;A\ggregate [ A ]
A A
O .
(o, (e, ) (o, ) (o ) (o J(Cos ) oy (o]
Topk \ } i Topk

é{’OOQ} """""" 10000 @0C0@k {@000)]

Pathway Route
Input

« How to explore better pathway configurations?
« How to fully exploit and transfer knowledge in pre-trained models?

34



Enhance Exploration

* Direct training may activate only one or a few models — hub collapse.

Output ,

Pathway Aggregate [ A

e (5 )5 o

Topk I Topk

@000} {0080 = . (8006} {0006
TESTR| A=
N\ /

G(x) = Softmax (G (x) + € - Softplus(G,(x))), e ~ N(0,1)

* A noisy pathway generator to add randomness. -




Enhance Exploration

* Direct training may activate only one or a few models — hub collapse.

Output ,

Pathway Aggregate [ A

ooooﬂ ----------- {®0@0)

| i \\\\ P ?
{C ﬁ ﬁ S

\
»Cexplore = —H (]E(x7y)NDG(X)) H(Z) = — ZZ 2 " log(zz)
* Inspired from RL: maximum-entropy regularization to encourage exploration. -




Enhance Exploitation

« Additional tuning with specific data to enhance knowledge transfer.

Output ,

Pathway Aggregate [ A

:-[_@1 JLe @3_]_[_@4_T:::T_@1

TOpK == e VR Ny S

(®0e0) {8060) iy
I

Input

v v

»Cexploit — z:;rilﬁ’(x,y)ND]I (G(X)Z > O) 4 (@’& (X)7 Y)
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Experiments

» Data dependent pathways — General for heterogenous models.

General Fine-Grained Specialized
CIFAR COCO Aircraft Cars Indoors DMLab EuroSAT

MaskRCNN 79.12  81.64 84.76  87.12  73.01 74.73 98.65 82.72
MobileNetV3  83.14  83.28 80.26  86.37  75.09 70.09 98.95 82.45

Model

EffNet-B3 87.28 86.97 83.99 8934 78.16 72.69 99.13 85.37
Swin-T 84.37 84.12 80.82  89.10 73.39 72.22 98.69 83.24
ConvNeXt-T 86.96  87.15 8423  90.67 81.66 73.80 98.65 86.16
Ensemble 87.72  88.04 87.11 92.68  82.79 74.86 99.23 87.49
Distill 87.33 88.09 8526 9139 81.51 74.75 99.24 86.80

| Hub-Pathway  89.01  89.14 88.12 9293 84.40 74.80 99.26 88.24 |

» Control the costs with top-k activation— More efficient than ensemble.

Model Acc (%) Params (M) FLOPs (G) Train (iters/s) Inference (samples/s)
ImageNet 83.41 23.71 4.11 10.87 484.92
Ensemble 84.50 118.55 20.55 2.30 08.64

Hub-Pathway  85.63 128.43 9.11 4.68 240.48




Adaptive Transfer with Generated Pathways

0.0

Keypoint

0.0,

MoCo

DeepLab MaskRCNN ImageNet

"“Keypoint

MoCo

DeepLab MaskRCNN ImageNet

0.3

0.2

0.1

0.3

0.2

0.1

0.0

Keypoint

0.0

MoCo

DeepLab MaskRCNN ImageNet

"“Keypoint

MoCo

DeepLab MaskRCNN ImageNet

0.1

0.0

0'cKeypoint MoCo DeepLab MaskRCNN ImageNetMo'C’Keypoint MoCo DeepLab MaskRCNN ImageNet

Keypoint

o]

MoCo DeepLab MaskRCNN ImageNet

"“Keypoint

MoCo DeepLab MaskRCNN ImageNet
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