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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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Pre-training and Adaptation

Inductive Learning
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A Paradigm for Deep Learning Application




Transterabillity in the Lifecycle
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Pre-Training
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Supervised Pre-training
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* Big Transfer (BiT) (Kolesnikov et al., 2020) emphasizes that training on larger

datasets is vital for better transferabillity.
« Domain Adaptive Transfer (DAT) (Ngiam et al., 2018) uses importance weighting

to carefully choose the pre-training data that are most relevant to the target task.



Meta-Learning

training set test set
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Causal Learning

__causal mechanisms Invariant Risk Minimization (IRM)
: |
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: O\» variable | h:Z—Y
(D - O 7 o
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» Causal learning seeks a model with causal mechanisms, and if the environment

or distribution changes, only part of the causal mechanisms will be affected.
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Generative Learning

perturbation
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Contrastive Learning

query query
encoder decode
view |

view 2
key key k '
encoder decoder

- = stop gradient

S|m|Iar|ty &
dissimilarity
A
[
/7 = \\
memory | . |
bank sampling —>\ k /I

~N -

(2) InstDisc

moving
average

&

encoder

momentum
encoder

(b) MoCo

-k
min — log [e(xp(q +/7)
¥ =0 exp(q - k;/7)
Supervised pre-training gains high-level semantic

knowledge, while contrastive and generative pre-
training gains mid-level & low-level representations

predictor p
\\q’/I @ encoder \ CI | encoder

redictor

77N
<—(e ‘
\_//

similarity & similarity & similarit
dissimilarity dissimilarity A 4
4 |
| |
/7 = \\ /7 \\ /7 = \\
! | | |
\\k’/ encoder \\k’/ encoder \ A
(c) SimCLR (d) SimSiam




Remarks on Pre-training

Method Moda.li.tyl Tas.k. 9 D.ata 3 Lajbel 4
Scalability Scalability Efficiency Efficiency
Standard Pre-Training * % % * % * % % *
Meta-Learning * % K * * *
Causal Learning * % * * *
Generative Learning * % * % % * % % * % X
Contrastive Learning * * % % * % % * % X

1 Whether models can be pre-trained on various modalities, such as text, graph.

2 Whether pre-trained models can be easily transferred to many downstream tasks.

3 1. . ..
Whether stronger transferability can be yielded from large-scale pre-training.

4 Whether pre-training relies on manual data labeling.



Foundation Model
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[Data Universal]

|_earn from various modalities

[Task Universal]
Adapt to a wide range of

downstream tasks

Bommasani et al. On the Opportunities and Risks of Foundation Models. Arxiv 2021.



General Relation Modeling in Transformers

Relatlon among lmage Patches

Image =>

Language => Relation among Words
[SOS] Flowformer is a task-universal linear Transformer. [EOS]

Time => Relation among Time Points

Series

Agent Relation among Agent-Environment Interactions
- Trajectory

° MR



Quadratic Comp\exity in Self-Attention

N

‘ RN '
*\ . . W Eiﬂiilllxl% s E w g

Pair-wise Relation Modeling: ~ Attention(Q, K, V) = softmax( )V
V dk:
ﬂ' Long Sequence
Model Efficiency
General Relation Quadratic Big Model © Task & Data
Modeling Complexity Universal



Quadratic Complexity in Self-Attention

0 (n2d)
Can we remove Softmax function?

(QKT)V = Q(K'V) = 0(n%*d) — 0(nd?)



Recap: Softmax function

Softmax function is proposed as a differentiable generalization of the
“‘winner-take-all” picking maximum operation.

Competition
Mechanism

—>

The key to avoid
trivial attention

Bridle et al. Training stochastic model recognition algorithms as networks can lead to maximum mutual
information estimation of parameters. NeurlPS 1989.



Recap: Softmax function

Softmax function is proposed as a differentiable generalization of the
“‘winner-take-all” picking maximum operation.

P (Q)(P(K)'V) T
n <:::> Softmax ( ) | %

Competition Mechanism

Bridle et al. Training stochastic model recognition algorithms as networks can lead to maximum mutual
information estimation of parameters. NeurlPS 1989.



Flow Network Theory

E_[Conservatlon Property]: The incoming flow capacity of l

! each node is equal to the outgoing flow. |

——————————————————————————————————————



Attention: A Flow Network View

Results
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Haixu Wu, Jialong Wu, Jiehui Xu, Jianmin Wang, Mingsheng Long . Flowformer: Linearizing Transformers with Conservation Flows. ICML, 2022,



Attention: A Flow Network View

Information flow Information flow
> >
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Haixu Wu, Jialong Wu, Jiehui Xu, Jianmin Wang, Mingsheng Long . Flowformer: Linearizing Transformers with Conservation Flows. ICML, 2022,



Flow-Attention
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Flow-Attention
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Flow-Attention
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Flow-Attention
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Flow-Attention
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Flow-Attention
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Linear
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Flowformer:
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—fficiency and Universality
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[Efficiency]: All the calculations are in linear complexity.

[Universality]: The whole design is based on flow network without specific inductive biases.



Flowformer Experiments

lmage

BENCHMARKS TASK VERSION | LENGTH
LRA (20200) SEQUENCE | NORMAL | 1000~4000
WIKITEXT (2017) | LANGUAGE | CAUSAL 512
IMAGENET (2009) VISION NORMAL | 49~3136
UEA (2018) TIME SERIES | NORMAL | 29~1751
D4RL (2020) OFFLINE RL | CAUSAL 60

Extensive tasks (covering 5 mainstream tasks)

Normal and causal versions

Agent Various sequence lengths (29-4000)

= Trajectory

Extensive baselines (20+)




Flowformer Experiments

|
. I Vanilla
Task Metrics | Flowformer Performer Reformer
I | Transformer
|
Long S Modelin I
ong Sequence MoBeINg  avg Acc %)+ | 56.48 | 51.41 50.67 OOM
(LRA) : I
Vision R ization I
'SIon Recognizat Top-1Acc (%) 1 | 80.6 | 78 79.6 78.7
(ImageNet-1K) | I
|
Language Modeling , |
Perplexit | 308 375 33.6 33.0
(WikiText-103) plexity | : |
o SR I l
ime series classification
Avg Acc (%) 1 | 73.0 I 715 71.9 71.9
(UEA) : I
Offline RL Avg Reward I
ne gReward T 1 5 c | 20 | 638476 639429 722+26
(D4RL) Avg Deviation | 1 I

Strong performance on all five mainstream tasks within the linear complexity.



Flowformer

Long Sequence
Model Efficiency

General Relation Quadratic Big Model © Task & Data
Modeling Complexity Universal
Flowformer

Linear complexity w.r.t. sequence length
Based on flow network & without specific inductive biases

Strong performance in Long Sequence, CV, NLP, Time Series, RL

Haixu Wu, Jialong Wu, Jiehui Xu, Jianmin Wang, Mingsheng Long . Flowformer: Linearizing Transformers with Conservation Flows. ICML, 2022,



Task Adaptation
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Foundation Problems

Training Strategies

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

Optimization
 |r decay helps transfer. [You et al, 2019]
DatasetA [ Dg@gﬁ? ________ [FF@@f&___
D P VL T )
Task ( Catastrophic §
Adaptation L Forgetting §
Lifecycle of Deep Model
Upstream Task Downstream Task
4 )
Negative Lack of 5 - \\\
Transter Transferable N \
Knowledge \_ Spoon Fork )
Catastrophic Forgetting LWF EWC ULMFIT DELTA DAPT
Negative Transfer Taskonomy BSS LEEP Z00-Tuning, B-Tuning Hub—Pathvgay
5

2016 2017 2018 2019 2020 2021 2022



Catastrophic Forgetting

Regularization Tuning Loss Function: min 22, L(he (x;), y:) + 4 - Q(6)
Regularization term
. pre-trained pre-trained
pre-trained models pre-trained models backbone head

/’\\ /’\\ —\ —\
-l (X ERREE »i b-» 'Z ,_> _ﬂz

/’\\ /f\\

| ..o —l —> l p—> —»l

target

fine-tuned models fine-tuned models backbone head
(a) EWC (b) DELTA (c) LWF
Catastrophic Forgetting LWF EWC ULMFIT DELTA DAPT
Negative Transfer Taskonomy BSS LEEP Z00-Tuning, B-Tuning Hub-Pathway

2016 2017 2018 2019 2020 2021 2022



Catastrophic Forgetting

Domain Adaptive Tuniﬂg Init Pre-trained Final
Model pre-train Model Model

. fine-tune
 ULMFIT
« DAPT
e SIATL To bridge dataset shift
G
| |
/ |
Init P [Pre-trained : T [ Adaptive |1 T [ Final ]
Model . Model I' dapti Pre-trained I Model
pre-train ia t::p:]t;ve :ﬁne-tune
I _____________ :
Adaptive Stage
Catastrophic Forgetting LWF EWC ULMFIT DELTA DAPT
Negative Transfer Taskonomy BSS LEEP Z00-Tuning, B-Tuning Hub-Pathway
37
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Negative Transter

transfer T aggressive

performance  positive
transfer

_ conservative

) 4 ) -
\ _______ task
‘ < ‘ relatedness
Cat Y, \_  Spoon Fork ) negative
Task relatedness transfer
é 51 R
" £ V“ ‘
@ .AL; "‘- .
\_  Fox Wolf
| |
(a) Feature Transfer (b) Fine-Tuning (c) Side-Tuning (d) Adapter Tuning
Catastrophic Forgetting LWF EWC ULMFiIT DELTA DAPT
Negative Transfer Taskonomy BSS LEEP Z00-Tuning, B-Tuning Hub-Pathway
@ ® ® @ ® ® | ——
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Negative Transter

« Enhance Safe Transfer Feature Space
y Cross-
. BSS, Zoo_tuning Detrimental F mt>m|:>§—} entzopy
componerlw_t f@ G

Dg log, 1y
n

dl & EWE>—>

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

 LEEP LogME

errp(g) < errp(f) + 0 \/

Xinyang Chen, Sinan Wang, Bo Fu, , Jianmin Wang, Mingsheng Long . Catastrophic Forgetting Meets Negative Transfer: Batch Spectral Shrinkage for Safe
Transfer Learning, NeurlPS 2019 39



Negative Transfer

————— 1
Model ZooI
O‘Q _)I —
... : O .
1 20 ->| Transferability @ ®-
ga O“O 0 »: Assessment o~O ®-
Target Data ! ¢ .
O Potentially Best Model
s |—>_)| —
I N@ @-1
1 1
_ 9
Transferable knowledge pool
A ResNet-50 @ DenseNet-201
<4 > <« ResNet-101 & Inception vl
P ResNet-152 # Incetpion v3
, A [l DenseNet-121 QO MobileNet v2
° Choose Pre_tralned Models @ DenseNet-169 % NASNet-A Mobile
MSE
*
 LEEP LogME . .m
®
®
o +

Transferability (LogME)
Kaichao You, Yong Liu, Jianmin Wang, Mingsheng Long . LogME: Practical Assessment of Pre-trained Models for Transfer Learning, ICML 2021 40



Pre-trained Model Hub

Various Models and Platforms

O PyTorch

~ . Hugging Face

ResNet ‘+ TensorFlow

5 et b e et e e e e e b e e e e e e L

Plenty of Transferable Knowledge

IMAGENET SUP.

MR ONN P Rfe sNe t) Same architecture
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 T T
0 epochs 100

« Adapt one model
- Which one is the best?

e Adapt multiple models
- How to aggregate transferable knowledge?

41



Transterability Assessment by LogME

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

42



Effectiveness of LogM

General and Accurate

Vision tasks Regression task

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

8 Incetpion v3 A ResNet 50 P ResNet 152 B DenseNet 121 @ DenseNet 201 % NASNet A Mobile A ResNet-50 @ DenseNet-201
—_— = dp <« ResNet-101 & Inception v1
Aircraft (0.59) _ Birdsnap (0.66)  Caltech (0.66) Cars (0.69) WI:IFARN (0.82) | cipamion (0.77)  DTD (0.50)  Pets (0.61) SUN (0.71) : e o121 8 e
: T T T - — *T o : » o -’ A @ DenseNet-169 s NASNet-A Mobile
ol L
= . ' . n
o0 « | ¢
S . ‘ = *
PY |
.
®
/ o +
High correlation between LogME and finetuned performance. Transferability (LogME)
NLP tasks Unsupervised PTMs
MNLI (0.66) QQP (0.73) Foxti ooy | SST-2 (0.68) CoLA (1.00) MRPC (0.53) RTE (1.00) et TSorites
, * o C |l = —— o oo - * -om * Pre-trained Network p
=, . et s I B Accuracy (%) LogME MSE LogME
-~ . 0.49) A . 05 0.40) . ) - 0.715:
gp-ue " ) o MoCo V1 81.68 093 0069 152
3 o B I ) MoCo V2 84.16 094 0047 164
. ® T G o 'm W w0 w " >x' %N £ B - w’ % W . Eg . EJ EQ e xzr' 3 i ™ MoCo 800 86.99 0.95 0.050 1.58

- e e e e e e s e s e ey

@® RoBERTa &% RoBERTa-D . uncased BERT-D V¥V cased BERT-D ® ALBERT-vl % ALBERT-v2 A ELECTRA-base Bl ELECTRA-small I Tw: 1.0 Tw: 1.0 l



Theoretical Guarantee of LogME

« MacKay algorithm (1992) is a heuristic method for solving the evidence
maximization procedure of empirical Bayesian learning (Bishop, 1995).

* We provide the theoretical guarantee for MacKay algorithm.

Algorithm 4 One iteration of evidence maximization in Algorithm 2.

1: Input: «, B; Output: o/, 8 for the next iteration.
2
2: Compute A = al + SFTF,m=BA1FTy,~= Zle _bai

oz—l—ﬁa?
3: Return o/ = —2 = D20
wtm P = TFm—yl

Theorem 1 Algorithm 4 induces a scalar function (Equation 3) with ¢t = § and ¢’ = %—:

s
n D i1 ((+02)2

V= f(t) = 1] o) (3)
n—=2 iz ﬁ

o4z
2=t Gy
Theorem 2 If r < n and Zlgi,jgn(zf — 2:]2)(012 — 032-) > 0, then f(¢) has a fixed point and

thus MacKay’s algorithm will converge.




Efficiency of LogME

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 %3;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 improved complexity.

Algorithm 2 Evidence Maximization by MacKay’s Algorithm

o T A W N =

: 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?)}

Optimized by You et al. (2021): m = B(V(A-L(VT(FTy)))) |

10:
11:

I e B
Update a + me,B < [[Fmm s
end while

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

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

Algorithm 3 Evidence Maximization by Optimized Fixed Point Iteration

: 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 r ol r ot 2 r A
Compute m'm = 3i_y s, ¥ = Yic gop 1Fm =yl = Xicy g +4
9 Update o ¢+ 1,8+
10: end while
11: Compute m = V, X'z, where X}, =

QNS A W

n—y t= a
TPy’ = 5

t+02(1<z<r)

12: Compute and return £ = %L(a, B) 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) 6.3 GB
extract feature (lower bound) 43 MB

| LogME _ _ _ _ _ _ _ 43 |LogME 98 MB
|be153ﬁl________3700_’r beneﬁt_ _______L2OT|

Natural Language Processing

fine-tune (upper bound)  100200s
extract feature (lower bound) 1130s

LogME 1136s
Mbenefit — — — ~ — — T T T88%

fine-tune (upper bound) 88 GB
extract feature (lower bound) 1.2 GB

LogME 1.2 GB
Tbenefit — — T T T T T T Tl
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Tuning

Why adapt multiple models”?

PTM Hub

Target Data

PTMs
Ranking

Transfer Rank

Sco

\
W9 o

re-trained Models

W

@ GPT-2
CPT-2 - EPT-2 EXTRA
‘ SMALL \ MEDIUM LARGE e

117M Parametet 34 762M Parameters 1,542M Parameters

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

tend to be large and expensive to deploy.

Transfer from multiple pre-trained

Target PTM

Multiple PTMs Tuning

@ PTM Params
@ Tuned Params

models can be more beneficial.

Given a desired target architecture
in industrial requirement.
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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
urnsaraus - @ PTM Params
R TargetPTM | @ Tuned Params * Always challenging part...
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B-Tuning

Consider simple Knowledge Distillation (KD):

n

K
1 1
Lxp = EEE;M)I((%’) — Wiede(x)15

=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.

» Violates the “Many could be better than all” theorem (Zhou et al.
2002).

Kaichao You, Yong Liu, Jianmin Wang, Michael | Jordan, Mingsheng Long . Ranking and Tuning Pre-trained Models: A New Paradigm of Exploiting Model Hubs,
48
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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,
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Effectiveness of B-Tuning

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




Effectiveness of B-Tuning

Fully utilization of transferable knowledge in Model Hub.

Aircraft

85.9

XX 85.5 1 —e— *\85.'2
~

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.
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Homogeneous Model Zoo

Considering models with same architecture but different knowledge.

-

w |

Source Model 1.“

~

>

>

» 10 tune or

Nnot to tune
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/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
¥ : Wi
Conv 1x1 :
v v W,
RelLU i, | :
7 T] . l Channel alignment
~C V W,
Conv 1x1 S T T
v i ' wrl Ml l
Sigmoid | %(? R T W, =T, «W;
.........................;:I'.‘....... '.‘0// ! b T
1 - m
’ =R Sl Data-dependent
— | A Ay - ata-dependen
Data Path > ! S Al ! /ﬁ@' | , P
— | i | L. | gating
U — : A .
aram Aggregauon _ > L e )é( ____________ l —, o
..... > v W =>"aW!




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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Heterogeneous Model Hub
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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Hub-Pathway

* 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 Aggregate A

- 19090 I\/Iode:l Hub :;QOQ:‘ ****************************************
Lo ][ 0, J[ o5 JL s ] | Lo, JLe, J[e; ][ 0, |

1 Pathwaiy Route s
6 ] )
Input 58




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

0.0

Keypoint MoCo

0.0,

DeepLab MaskRCNN ImageNet

"“Keypoint MoCo

DeepLab MaskRCNN ImageNet

0.3

0.2

0.1

0.0

0.0

"“Keypoint MoCo DeepLab MaskRCNN ImageNet
Keypoint MoCo DeepLab MaskRCNN ImageNet
"“Keypoint MoCo DeepLab MaskRCNN ImageNet

0.0

0.4

0.0

0.0

Keypoint MoCo DeepLab MaskRCNN ImageNet
Keypoint MoCo DeepLab MaskRCNN ImageNet
Keypoint MoCo DeepLab MaskRCNN ImageNet
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Remarks on Task Adaptation

Adaptation Data Parameter  Modality Task
Accuracy®! Efficiency® Efficiency® Scalability? Scalability®

Feature Transfer * * % * %k * %k % % %
Vanilla Fine-tuning % Kk * * % %k * %k
Domain Adaptive Tuning * %k * % * * % % %k
Regularization Tuning * % % * % * % % % *
Residual Tuning * % * % * % * % * %
Parameter Difference Tuning * % * % * % Y %k * Kk
Metric Learning * * %k % %k * % * *
Prompt Learning * % * %k * %k * *

1 Accuracy when there are large-scale labeled data in downstream tasks.

2 Accuracy when there are only small-scale labeled data in downstream tasks.

3 Whether parameters can be controlled when the number of downstream tasks increases.

4 Whether pre-trained model can be adapted to various modalities, such as text, graph.

5> Whether pre-trained model can be adapted to different downstream tasks, such as detection.



Domain Adaptation

AdaBN TransNorm
Statistics JDOT Deep JDOT
Matching
DAN Deep Coral JAN CAN RSP
FCN-wild AdaptSeg ADVENT
Domain
Adversarial DA-Faster SWDA D-adapt
Learning
DANN DSN ADDA CDAN BSP
Hypothesis Q\S ¢ Q\b. Q\’\ ¢ Q\Q;. Q\q ¢ @9 ¢ Q,1,\ *
i YV Y YV Y Y Y Y

f\dver.sarlal MCD SWD

earning

CoGAN PixelDA DD RegDA
Domain
Translation CycleGAN MDD
DTN CyCADA

Semi Self-Ensemble MMT
Supervised

Learning CBST MCC



Domain Adaptation

Source
Domain

LID. ~P

Y
-

Training p»
Data

P+ Q

Representor — Learner

w
Training Error

ep(h)

* How to measure the discrepancy between P and Q7

y = h(x)

« Can we control target error €, (h)?

Target
Domain

LILD. ~Q

Y
-

Testing A
Data Q

L YDTD
w
Test Error
€0 (h)
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HAH-Divergence

« HAH-Divergence
d3caze(P,Q) = sup |eq(h,h") —ep(h,h")|

hh'eH
low high S um over all pairs
N uprem P
o D s a
h
N Y L0,
H / H
h* < —

Ben-David et al. A Theory of Learning from Different Domains. Machine Learning 2010. 64



HAH-Divergence

« HAH-Divergence

d3caze(P,Q) = sup |eq(h,h") —ep(h,h")|

h,h'eH

» Theorem (Generalization Bound with HAH-Divergence)

* Denote by d the VC-dimension of hypothesis space H and ideal joint error

€igeal = €p(h™) + €o(h"). We have
EQ(h) <ep(h) + d}[A%(ﬁ: Q) + €idear + 0

Ben-David et al. A Theory of Learning from Different Domains. Machine Learning 2010.

\

d logn

n

_|_

d logm

\

m
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Domain Adversarial Learning

* Learning representation ¢ to minimize dyaz (0 (P), ¢(Q)):

in {Eey)~pL(R($()),Y) + max(EpL(D(¢()), D) + EoL(D($ (), 0))]

g '
Supervised Learning on source Minimize Upper bound of d¢ a4

50, Closs L,
[| [| E> Eclass label y

E> Q) domain label d

% r
Y Y,

feature extractor G (+; ) ﬂ
&, «

oL,
E> 00y

forwar dprop  backprop (and produced derivatives

Ganin et al. Domain Adversarial Training of Neural Networks. JMLR 2016.



Domain Adversarial Learning

 Learning representation ¢ to minimize dyvp (P (P), ¢(Q)):
min {Exy)-pL(R(6(0)),y) + Amax [[Ep[¢(x*)] - Eq[¢x]|| ]

é.h
~ g 7N g d

Supervised Learning on source  Minimize Upper bound of dg44

B
ol (0] |[O O] |O E 8
O frozen O frozen O O 2‘:6 O source
Or>|er>| s > o "
O ° ° ° ° it
o| |9 |9 O| |O =
O O| (O S
8 input E convl L cony - L convd L cony fe8 \'so

Long et al. Learning Transferable Features with Deep Adaptation Networks. ICML 2015.
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Theory vs. Practice

 Binary Classification vs. Multiclass Classification
 Discrete Classifier vs. Classifier with Scoring Function

 HAH Is excessively large that is hard to estimate and optimize
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Disparity

 Disparity Discrepancy
dp3c(P,Q) = sup

Supremum over all pairs

Discrepancy

A

(e(h, 1) — ep(h, "))

Supremum over single space

4 ) 4 )

oh

A

HAH-Divergence

H H

Disparity Discrepancy

Yuchen Zhang & Mingsheng Long et al. Bridging Theory and Algorithm for Domain Adaptation. ICML 2019.




Disparity Discrepancy

 Disparity Discrepancy

dngc(P,Q) = sup (eq(h, k") = ep(h, 1))
h'eH

» Theorem (Generalization Bound with Disparity Discrepancy)

« Forany 6 > 0 and binary classifier h € H, with probability 1 — 346, we have
eo(h) < ep(M) + dpc(P, Q) + €igear + 2Rp p(H)

log% log%
2 HAH) + 2 A 2
+2R,, p( ) + 2R o (HAK) + \Zn +V >

Yuchen Zhang & Mingsheng Long et al. Bridging Theory and Algorithm for Domain Adaptation. ICML 2019.



A

Margin Disparity Discrepancy _\_,

 Margin Disparity Discrepancy 0 p1
d(p)(P 0) = Sup( (P)(fr - P, f)) Margin Loss
f'eF
Supremum over all pairs Supremum over single space
4 ) 4 ) 4 ) 4 )
oh
A > A
\ J \ J \_ J \ J
H H H H
HAH-Divergence Disparity Discrepancy

Yuchen Zhang & Mingsheng Long et al. Bridging Theory and Algorithm for Domain Adaptation. ICML 2019.



A

Margin Disparity Discrepancy _L

« Margin Disparity Discrepancy 0 P 1
de7(P,Q) = Sup( O 1) — L (" f)) Margin Loss

f'eF

» Theorem (Generalization Bound with Margin Disparity Discrepancy)

* Forany 6 > 0 and scoring classifier f € F, with probability 1 — 346, we have
2

. 2k
EQ(f) < E(p)(f) + d(P) (P, Q) + €ideal + Tﬂ%n,p(ﬂl}")

F R () + 290, o (5 F) + 2 log%+ o8

Yuchen Zhang & Mingsheng Long et al. Bridging Theory and Algorithm for Domain Adaptation. ICML 2019.



Hypothesis Adversarial Learning

» Margin Disparity Discrepancy

min max €

wf S

Maximize discrepancy on target Mi

O

freeze
generator classifier

(a) MCD (Step B)

nimize discrepancy on target

AN
At
95

N -

"
2y

\\ ’/
freeze
generator classifier

(2) MCD (Step C)

PO +(¢ .-G n)

-

\_

— gradient reverse layer - — % stop gradient

classifier

generator adversarial
classifier

(c) MDD / DD

~

Yuchen Zhang & Mingsheng Long et al. Bridging Theory and Algorithm for Domain Adaptation. ICML 2019.
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Theory vs. Practice

Harder transfer

R

Fasier transfer

Simulation Real

« A common observation is that difficulty of transfer is asymmetric.
 Previous bounds will remain unchanged after switching P and Q.

* Previous discrepancies are supremum over the whole hypothesis space.
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Localized Disparity Discrepancy

. i ] , Pre-train on source
» Margin Disparity Discrepancy

dh,}[r (P' Q) — Sup

(eo(h 1) = p(h, 1))
h'eH,-={heH|EpL(h(x),y)<r}

Supremum over localized space Supremum over localized space

“““““

A

-
.....

°h

Localized HAH-Divergence

H

A

4 ) a8 ) 4 ) 4 )

-----

'''''

Yuchen Zhang & Mingsheng Long et al. Localized Discrepancies for Domain Adaptation. arXiv 2021.

Localized Disparity Discrepancy

©)
¢
)

>k

14§° =

L/

Foundation
Model



Localized Disparity Discrepancy

Pre-train on source \Qr/

* Localized Disparity Discrepancy Foundation

Model
dnge, (P, Q) = sup (e(hh") — €p(h, 1))
h'eH,-={heH|EpL(h(x),y)<r}

» Theorem (Generalization Bound with Localized Disparity Discrepancy)

 Forany 6 > 0 and binary classifier h € H, with probability 1 — §, we have

dlogn_l_dlogm)
n m

EQ(h) <ep(f)+ dh,}[r(P: O) + €idear + O (

0 (ep(h) + r)d logn . (ep(h) + dpsc (P, Q) +7)d logm
\ n V m

Yuchen Zhang & Mingsheng Long et al. Localized Discrepancies for Domain Adaptation. arXiv 2021.
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Remarks on Domain Adaptation

Adaptation Data Modality Task Theory
Accuracy? Efficiency? Scalability® Scalability* Guarantee®
Statistics Matching * * % K * % K * % * % K
Domain Adversarial Learning * % * % * % % * % * % %
Hypothesis Adversarial Learning * % % * %k * % K * % * % %
Domain Translation * % * * % %k *
Semi-Supervised Learning * % * % * % * *

1 Accuracy when there are large-scale data in source and target domains.

2 Accuracy when there are only small-scale data in source and target domains.

3 Whether the model can be adapted to various modalities, such as text, time series.

4 Whether the model can be adapted to different tasks, such as regression, detection.

® Whether the generalization error of target domain can be theoretically bounded in adaptation.



Transfer Learning Library

H thuml/ Transfer-Learning-Library ( Public

Transfer Learning Library for Domain Adaptation, Task Adaptation, and Domain Generalization

9 .
¢ transfer.thuml.al

B8 MIT license

Examples Benchmarks Tutorials
i ? Docs O Training codes O Various setups O More data formats
2k stars ? 394 forks O Hyperparameters O Reproducible O More model backbones
B O... o..
Adaptation || Module Backbone || Dataset Utils
O DAN O Discriminator O ResNet o Office—31
Core O DANN O GradRevLayer || O VGG O Office-Home
O MDD O Kernel O Inception O VisDA-2017
O CDAN o... o... O DomainNet
o... o....
Platform =i P ......
TorchVision bocbook

https://github.com/thuml/Transfer-Learning-Library



Task Etc.
Model Hub
Learning (] )
Setup Dk .
Alignment Translation | |Self-Training | |Regularization| | Reweighting
Core

©
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Thank You!

Mingsheng Long Jianmin Wang Michael I. Jordan
(HERRR) (EER) (AZ/R - BRX - It
Tsinghua University Tsinghua University UC Berkeley
mingsheng®@tsinghua.edu.cn Jimwang®tsinghua.edu.cn Jjordan@cs.berkeley.edu

Kaichao You Junguang Jiang Ximei Wang Xinyang Chen  Yang Shu
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