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Supervised Training
Training images, scarce

Deep Model

Dog Cat Cat

Heavy parameters for large capacity

Hard to generalize well
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Pre-training

Related images, labeled

Related data, unlabeled

Pre-trained Model (PTM)

`

Dog

Fox

Cat Cat

Lynx

About Cat 
Description

…

Wolf Owl

Obtains transferable knowledge

Supervised pre-training

Unsupervised pre-training

Training images, scarce

Contrastive
Learning
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Adaptation

Related images, labeled

Adapted Model

`

Dog

Fox

Cat Cat

Lynx

About Cat 
Description

…

Contrastive
Learning

Wolf Owl

Fast convergence, better performance 

Finetuning

Training images, scarce

Related data, unlabeled

Pre-trained Model (PTM)
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Pre-training and Adaption

Pre-training → Adaption

A Paradigm for Deep Learning Application

Pre-Trained 
ModelLabeled / 

Unlabeled

Pre-Training

Upstream Task

Adapted 
Model

Adaptation

Downstream Task

Target Domain

Source Domain

Upstream
Data

Downstream
Data
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Pre-trained Models

GPT: Large-scale Corpus Pre-training BiT: General Visual Representation Learning

CLIP: Contrastive Language-Image Pre-TrainingMAE: Masked AutoEncoder as Self-supervised Learner

NLP CV

CV All In One

GPT
2018

GPT-2, BERT
2019

GPT-3, BiT, MoCo
2020

MAE, CLIP
2021

Heavier pre-training,
better performance!
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Adaptation: Foundation Problems

Task
Adaption

Catastrophic
Forgetting

Negative 
Transfer

Spoon ForkDog Cat

Lack of

Transferable 
knowledge

Upstream Task Downstream Task

Training Strategies

• smaller lr of task-specific head. [Yosinski et al, 2014]
• lr decay helps transfer. [You et al, 2019]

Dataset A Dataset ADataset B

Lifecycle of Deep Model

Ac
cu

ra
cy

Optimization

LWF

2016

EWC

2017

ULMFiT
Taskonomy

2018

DELTA
BSS

2019

DAPT
LEEP

2020
Zoo-Tuning, B-Tuning

2021

Catastrophic Forgetting
Negative Transfer Hub-Pathway

2022
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Overcome Catastrophic Forgetting
Loss Function: min! ∑"#$% 𝐿 ℎ! 𝑥" , 𝑦" + 𝜆 ⋅ Ω 𝜃

Regularization term
Regularization Tuning

LWF

2016

EWC

2017

ULMFiT
Taskonomy

2018

DELTA
BSS

2019

DAPT
LEEP

2020
Zoo-Tuning, B-Tuning

2021

Catastrophic Forgetting
Negative Transfer Hub-Pathway

2022

backbone
target
head

pre-trained
head

noise

pre-trained
backbone

initialize
L2 L2

…

…

pre-trained models

fine-tuned models

… L2

…

…

pre-trained models

fine-tuned models

…L2

(c) LWF(a) EWC (b) DELTA

&

&= ℎ=

ℎ #$

$

#$=

$=

%!&'

%>+!"+??)=# )=@

)# )@

!

)=# )=@

)# )@

"=# "=@A#

"=# "=@A#

!

,!

!

8



Domain Adaptive Tuning

Overcome Catastrophic Forgetting

• ULMFiT
• DAPT
• SiATL

Adaptive Stage

To bridge dataset shift

LWF

2016

EWC

2017

ULMFiT
Taskonomy

2018

DELTA
BSS

2019

DAPT
LEEP

2020
Zoo-Tuning, B-Tuning

2021

Catastrophic Forgetting
Negative Transfer Hub-Pathway

2022
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Overcome Negative Transfer

Spoon ForkDog Cat

Fox LynxWolf Owl

Task relatedness

LWF

2016

EWC

2017

ULMFiT
Taskonomy

2018

DELTA
BSS

2019

DAPT
LEEP

2020
Zoo-Tuning, B-Tuning

2021

Catastrophic Forgetting
Negative Transfer Hub-Pathway

2022
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Overcome Negative Transfer

• Enhance Safe Transfer

• BSS, Zoo-tuning

• Choose Pre-trained Models

• LEEP, LogME

Feature Space

Detrimental
component

Penalize smallest singular values :

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

err!(𝑔) ≤ err "!
#(𝑓) + 𝑂

𝑝$ log% 𝑟$
𝑛
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Transferable knowledge pool

Transferability (LogME)

MSE

Overcome Negative Transfer

• Enhance Safe Transfer

• BSS, Zoo-tuning

• Choose Pre-trained Models

• LEEP, 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

LWF

2016

EWC

2017

ULMFiT
Taskonomy

2018

DELTA
BSS

2019

DAPT
LEEP

2020
Zoo-Tuning, B-Tuning

2021

Catastrophic Forgetting
Negative Transfer Hub-Pathway

2022



• Adapt one model
- Which one is the best?

• Adapt multiple models 
- How to aggregate transferable knowledge? 

Various Models and Platforms

Plenty of Transferable Knowledge

Avoid Heavy Pre-training
Accuracy (MoCo V3)

Pre-trained Model Hub

Same architectue
Pre-trained differently
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Transferability Assessment

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

Estimate adaption performance of PTM on given dataset without finetuning. 

LogME Approach
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w ⇠ N (0,↵�1I)

Extracted feature

GT label

• Fixed PTM (as feature extractor).

• 𝑃 𝑦 𝐹 : Graphical modeling
between extracted features and GT 
label.

• Parameterize 𝑃 𝑦 𝐹 by prior 𝛼, 𝛽.
• Maximize evidence 𝑃 𝑦 𝐹, 𝛼, 𝛽 .

• MacKay algorithm with guarantee!
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Effectiveness of LogME

Vision tasks

NLP tasks

High correlation between LogME and finetuned performance.

General and Accurate

Transferability (LogME)

M
SE

Regression task

Unsupervised PTMs
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Effectiveness of LogME
Computation Efficient --- MacKay algorithm with theoretical guarantee!

Biquadrate complexity Cubic complexity Cubic complexity with fewer terms

17



Tuning Pre-trained Models

Best ranked models (e.g. DenseNet-201)
tend to be large and expensive to deploy.

Given a desired target architecture
in industrial requirement.

Transfer from multiple pre-trained
models can be more beneficial.

Why adapt multiple models? Scali
ng law I

Scali
ng law II

18



Ranking and Tuning Paradigm
Ranking
/STEP 1

Selection
/STEP 2

Tuning
/STEP 3

• Ranking
• LEEP, NCE, LogME…

• Selection
• Top-K: Heuristic but Effective

• Tuning
• Architecture heterogeneity
• Dimensionality of features

• Always challenging part…
19



B-Tuning

Kaichao You, Yong Liu, Jianmin Wang, Michael I Jordan, Mingsheng Long✉. Ranking and Tuning Pre-trained Models: A New Paradigm of Exploiting Model Hubs,
JMLR 2022

Consider simple Knowledge Distillation (KD):

𝐿$% =
1
𝑛
+
&'(

)
1
𝐾
+
*'(

+

ϕ* 𝑥& −𝑊*ϕ, 𝑥& -
-

• Needs additional learnable projection 𝑊* for each teacher model.
• Treats all teacher models as equal:

• No adaptive mechanism to transfer only useful knowledge.
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B-Tuning
Posterior predictive distributions 𝑝 𝑦"# 𝑓" , 𝐹" , 𝑦 from LogME

Weighted average: 0𝑦& = ∑'()* π'𝑦'&

by LogME score: π' =
+,- ℒ!/0

∑"#$
% +,- ℒ"/0

• Project teacher features into a common output space by LogME.
• Transfer them to target model with weighting from their LogME score.

Intuition: encourage the target model to

behave like the best top-K teachers.

Kaichao You, Yong Liu, Jianmin Wang, Michael I Jordan, Mingsheng Long✉. Ranking and Tuning Pre-trained Models: A New Paradigm of Exploiting Model Hubs,
JMLR 2022 21
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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.

22



Experiments

• Just fine-tune the
most popular
model is sub-
optimal.

• The ranking and
B-Tuning
paradigm brings
3%~5%
accuracy gain.

Fully utilization of transferable knowledge in Model Hub.

23



Adaption from Model Zoo

𝐖+
+

𝐖+
3

𝐖+
4

Source Model 1
⋯

m
i
⋯

⋯

⋯

?To tune or 
not to tune

Considering models with same architecture but different knowledge.
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Zoo-Tuning
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Yang Shu, Zhi Kou, Zhangjie Cao, Jianmin Wang, Mingsheng Long✉. Zoo-Tuning: Adaptive Transfer from A Zoo of Models, ICML 2021

Adaptively aggregate source model parameters to derive target model.

25



Adaptive Aggregation
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Adaptive Aggregation

Channel alignment 

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

Zoo-Tuning: Adaptive Transfer from a Zoo of Models
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Figure 1. The framework of our proposed method. We derive the target model cW by aggregating the parameters of the source models Wi

in each layer, controlled by the learnable adaptive aggregation modules based on the input data. During training, the adaptive modules
are trained, and the source parameters are tuned to transfer to the target task. After training, the tuned source models are aggregated
depending on each query data for inference.

get task D = {(x, y)}. In transfer learning from a zoo of

models, we consider a more complicated situation where we
have a zoo of pretrained models M = {M1,M2, · · · ,Mm}.
This problem is challenging in two ways: (1) The diverse
pretrained models hold different relationships to the target
tasks, which needs transferring knowledge from different
pretrained models to different extents; (2) Different mod-
els are pretrained on various data and thus store different
knowledge, which may be complementary to each other to
solve the downstream tasks. How to aggregate knowledge
from various pretrained models is an essential but difficult
problem for model zoo transfer learning.

In this paper, we consider the situation that different mod-
els in the zoo have the same architecture but are trained
with different data, tasks, or pretraining algorithms. This
assumption of the same architecture is reasonable and has
its value in practice since architectures such as ResNet (He
et al., 2016) can be widely used in various datasets and
tasks, and diverse pretrained models of these architectures
with rich source knowledge are provided for use. It is eas-
ier and more reliable to apply these models with the same
simple and familiar architectures, especially on new prob-
lems. Besides, The same architecture enables more effective
layer-wise knowledge transfer, which is hard to realize on
different architectures. A more relaxed situation where mod-
els have arbitrary architectures would be interesting and
challenging to explore for future work.

3.2. Zoo-Tuning

We address the problem of transfer learning from a zoo
of models by Zoo-Tuning. The framework is shown in
Figure 1. Zoo-Tuning enables knowledge transfer from

multiple models by adaptively aggregating source model
parameters in each layer, based on the input data, to form the
target model. The adaptive aggregation consists of channel
alignment and gating modules to control the extent of each
model in transfer learning. As the adaptive aggregation
mechanism is lightweight and the target data pass through
the derived target model instead of all source models, the
proposed approach only introduces similar inference time
to a single model, which is computationally efficient. We
further propose a lite version of Zoo-Tuning to reduce the
storage cost.

Channel Alignment. Different models are separately
trained on diverse datasets or tasks, so even parameters
at the same channel of the same layer in different pretrained
models may indicate different semantic meanings. The mis-
aligned channels cause difficulty in aggregating parameters
of different pretrained models. To address the problem,
we adopt a channel alignment module that transforms and
aligns channels of different pretrained models. We consider
parameters Wl

i of a convolutional layer in any source model
Mi with the size Cout ⇥ Cin ⇥ K ⇥ K, where Cout is the
number of output channels, Cin indicates input channels,
and K is the kernel size of the convolutional layer. We
adopt a lightweight convolutional layer Tl

i with 1⇥1 kernel
of size Cout ⇥ Cout ⇥ 1⇥ 1 as the channel alignment mod-
ule. Specifically, the channels in the source convolutional
parameters Wl

i are reorganized by the channel alignment
layer to result in the transformed parameters fWl

i as follows:

fWl
i = Tl

i ⇤Wl
i, (1)

where we also use Tl
i to denote the parameters of the align-

ment module. We show an implementation of the channel
alignment module for source parameters of convolutional
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Adaptive Aggregation

Data-dependent gating

• Each datum of each task has a 
different aggregation.
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(a) Adaptive Aggregation (AdaAgg) Layer

Conv Layer 1×1

BatchNorm

Conv Layer 3×3

BatchNorm

Conv Layer 1×1

BatchNorm

relu
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relu

ℱ " + "

AdaAgg Layer 1×1

BatchNorm

AdaAgg Layer 3×3

BatchNorm

AdaAgg Layer 1×1

BatchNorm

relu

relu

relu

ℱ " + "

(b) Integrating AdaAgg Layers in a Residual Block

Figure 2. (a) Illustration of the Adaptively Aggregation Layer. The target input ĥl�1 goes through the gating networks Al
i to compute

gating values. The source parameters Wl
i are first aligned by Tl

i and then aggregated with these gating values to form the target parameters
cWl. The input ĥl�1 is finally forwarded through the layer parameterized by cWl. (b) We can change the layers of the network backbone
into AdaAgg layers to aggregate models in the zoo. Here is an example where the backbone is composed of residual blocks.

layers here. The idea is easy to extend to other kinds of
layers, such as fully connected layers, by employing a linear
alignment layer. We initialize the channel alignment layer
as an identical mapping, which gives the target model a
smooth warm-up from the pretrained weights.

Adaptive Aggregation. With channel-aligned source pa-
rameters, we develop an adaptive aggregation (AdaAgg)
layer to dynamically aggregate source model parameters.
We have two key insights in the design of the AdaAgg layer:
(1) Each data point of each downstream task should have
a different aggregation since each data point holds specific
relationships with source tasks; (2) The aggregation should
be computationally efficient for a large number of source
models. We integrate these two key insights into the design
of the AdaAgg layer. As shown in Figure 2(a), considering
the l-th layer of the network, the AdaAgg layer is equipped
with a gating network Al

i for each source model Mi, which
controls the mixing of its corresponding parameters Wl

i.
The gating network Al

i takes the feature of the previous
layer in the target model ĥl�1 as the input and outputs the
gating value ali. The aligned source parameters fWl

i are
aggregated with the gating values to derive the parameters
of the target model in this layer cWl as follows:

cWl =
mX

i=1

alifWl
i =

mX

i=1

Al
i(ĥ

l�1)
�
Tl

i ⇤Wl
i

�
, (2)

We consider lightweight gating networks to reduce the com-
putation and storage cost of the gating network. For exam-
ple, for a convolutional layer, the gating network consists
of a global average pooling layer, 2 convolutional layers
with 1⇥ 1 kernel, and a sigmoid activation function. Such
design brings little additional computational cost of the gat-

ing network compared to processing data with the original
convolution operation, even with a large-scale model zoo.

We can easily change the backbone layers of source models
into AdaAgg layers to aggregate source models’ parameters
in each layer. In Figure 2(b), we give an example of the
residual block. With the target model parameters, the target
data are passed through the target model for training and in-
ference. We can solve the optimization problem of adapting
the model zoo to the target task as follows:

min
⇥

E(x,y)⇠DL
⇣
fL(·; cWL) � · · · � f1(x; cW1), y

⌘
, (3)

where D = {(x, y)} is the target dataset, L is the total
number of layers, f l is the operation of the l-th layer pa-
rameterized by cWl and L is the loss for the target task.
⇥ = (Wi,Ai,Ti) includes source models parameters Wl

i,
channel alignment parameters Tl

i, and gating network pa-
rameters Al

i in all AdaAgg layers. All of these parameters
are adaptively trained or tuned to fit for the target task.

3.3. Lite Zoo-Tuning

The adaptive aggregation introduced above is computation-
ally efficient both during training and inference but still
requires all the source parameters at the inference stage, as
the gating values can be computed only when the target data
is presented at inference time. As shown in Figure 3, to
further save the storage for applying Zoo-Tuning to devices
with limited resource, we relax the dependency of the gating
values on each individual target sample to the dependency
on the entire dataset, resulting in a unified gating value for
all data during inference. During training, for a layer l of a
source model i, we firstly compute gating values for each

Target parameter Gating value
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Experiments
• Adaptive transfer from multiple models → Better accuracy.

• Adaptive aggregation of model parameters → More efficient than ensemble.

Zoo-Tuning: Adaptive Transfer from a Zoo of Models

Table 1. Comparison of top-1 accuracy(%) and complexity on the classification benchmarks including General benchmark, Fine-grained
benchmark, and Specialized benchmark.
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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 98.65 82.72 4.12 23.71M 4.12 23.71M
DEEPLAB PT. 78.76 80.70 84.97 88.03 73.09 74.34 98.54 82.63 4.12 23.71M 4.12 23.71M
KEYPOINT PT. 76.38 76.53 84.43 86.52 71.35 74.58 98.34 81.16 4.12 23.71M 4.12 23.71M

ENSEMBLE 82.26 82.81 87.02 91.06 73.46 76.01 98.88 84.50 20.60 118.55M 20.60 118.55M
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 28.83 169.11M 4.12 23.71M

LITE ZOO-TUNING 83.39 83.50 85.51 89.73 75.12 75.22 99.12 84.51 4.53 130.43M 4.12 23.71M
ZOO-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

Results. We report the top-1 accuracy on the test data of
each task and the complexity of each method. For our
method, we report Zoo-Tuning and lite Zoo-Tuning. For the
single-model transfer method, we compare with fine-tuning
from every single pretrained model. For methods using all
pretrained models, we compare with three methods: using
the ensemble of fine-tuned source models for prediction,
distilling from the ensemble, and Knowledge Flow (Liu
et al., 2019), which is designed to transfer from multiple
models. From Table 1. We have the following observations:

On all the three benchmarks, Zoo-Tuning consistently out-
performs fine-tuning from each single pretrained model,
which indicates that Zoo-Tuning successfully aggregates
and utilizes the rich knowledge in the whole zoo of models.

Compared with the methods using all pretrained models,
Zoo-Tuning shows higher or comparable performance on
most of the tasks. Compared with the parameters in the
model zoo, the additional parameters in Zoo-Tuning is about
10%, which shows that the adaptive modules are lightweight.
With the adaptive parameter aggregation mechanism, Zoo-
Tuning is more computationally efficient. Note that the
ensemble predictions require fine-tuning all the candidate
pretrained models on the target task firstly. Even at inference
time, each query sample should go through all the fine-tuned
models to get the final prediction, causing high inference
cost. Distilling and knowledge flow show similar inference
costs as Zoo-Tuning, but Zoo-Tuning achieves higher per-
formance on almost all the tasks. The results demonstrate
that Zoo-Tuning is a both effective and efficient solution to
transfer learning from a zoo of models.

Lite Zoo-Tuning also outperforms compared methods on
average accuracy. We specially compare it with distilling
from the ensemble (Distill) since they are both efficient in

inference. Although the performance gain is not large, lite
Zoo-Tuning still outperforms Distill consistently on all tasks
and achieves greater advantages in the training cost. This is
because Distill still needs to forward data through all source
models, while lite Zoo-Tuning only needs to pass the data
through the aggregated model. Furthermore, Distill needs
to fine-tune all the pretrained models on the target data first
and then distill a target model from the ensemble outputs
of fine-tuned models, which requires a high training cost
linearly increasing with the number of source models. The
results match the goal of lite Zoo-Tuning to substantially
reduce the storage cost in inference while keeping relatively
high performance, which is more scalable when training
with a large number of source models.

Zoo-Tuning achieves higher accuracy than lite Zoo-
Tuning, which demonstrates that capturing fine-grained data-
dependent gating values would help to adapt the pretrained
models to the target task but with more cost of storage and
computation in inference. Lite Zoo-Tuning costs the same
GFLOPs and parameters as the single model in inference,
with slight performance drop than Zoo-Tuning, which serves
as a trade-off between performance and efficiency.

4.3. Transfer Learning in Facial Landmark Detection

Benchmarks. To explore the usage of Zoo-Tuning on more
diverse and complex downstream vision tasks, we use the
same model zoo as the image classification tasks in Sec-
tion 4.2 and consider transferring to three facial landmark
detection tasks, 300W (Sagonas et al., 2013), WFLW (Wu
et al., 2018), and COFW (Burgos-Artizzu et al., 2013).
The 300W is a combination of HELEN (Le et al., 2012),
LFPW (Belhumeur et al., 2013), AFW (Zhu & Ramanan,
2012), XM2VTS and IBUG datasets, where each face has
68 landmarks. We follow (Ren et al., 2016) and use the
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Applied to RL tasks
• Reinforcement Learning: Atari Games.

• Pre-trained Models: Models trained from other games.
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Towards A More General Framework
• Parameter aggregation: efficient and adaptive.
• Not general enough for diverse models or even heterogeneous architectures.
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Hub-Pathway Framework
Design data-dependent pathways throughout the Model Hub.
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Yang Shu, Zhangjie Cao, Ziyang Zhang, Jianmin Wang, Mingsheng Long✉. Hub-Pathway: Transfer Learning from A Hub for Pre-trained Models, Preprint 2022 32



Hub-Pathway Framework
• Input level: route different data to different models.
• Output level: aggregate transferred knowledge to make predictions.
• Pathway flow: control training and inference costs with Top-K activation.
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Exploration and Exploitation

• How to explore better pathway configurations?
• How to fully exploit and transfer knowledge in pre-trained models?
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Enhance Exploration
• Direct training may activate only one or a few models → hub collapse.
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• A noisy pathway generator to add randomness. 35



Enhance Exploration
• Direct training may activate only one or a few models → hub collapse.
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• Inspired from RL: maximum-entropy regularization to encourage exploration. 36



Enhance Exploitation
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• Additional tuning with specific data to enhance knowledge transfer.
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Experiments
• Data dependent pathways → General for heterogenous models.

• Control the costs with top-k activation→ More efficient than ensemble.
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Adaptive Transfer with Generated Pathways
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Thank You!

龙明盛刘雍游凯超 树扬

大数据系统软件国家工程研究中心

王建民
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