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I Introduction

It is expensive to collect a sufficient amount of labeled samples for DNN.

« Transfer Learning: transfer knowledge from a known source task to a new
target task.

* Pre-training with fine-tune:
 First train a source DNN with a large dataset
« Then use the learned weights as an initialization to train a target DNN

* Fine-tune has problems:
« Source and target tasks are semantically distant
 Cannot be used when network architectures for the source and
target tasks largely differ



I Related Work

 Learning without forgetting (LwF)
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I Motivation

v Transfer knowledge between heterogeneous source and target

tasks/architectures
x Have no mechanism to identify which source information to transfer,

between which layers of the networks

« Some source information is more important than others, while some
are irrelevant or even harmful depending on the task difference.

« Under heterogeneous network architectures, it is not
straightforward to associate a layer from the source network with
one from the target network.

» Learn meta-networks that generate the weights for each feature
(what) and between each pair of source and target layers (where),
jointly with the target network.
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I Tllustration
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I Weighted Feature Matching

« {x}and {y} are images and their class labels

* Let S™(x) be intermediate feature maps of the m™ layer of the pre-
trained source network S

* Let Ty (x) be intermediate feature maps of the n™ layer of the target
network

« The goal is to train another target network Ty with parameter 6
utilizing the knowledge of S

« Minimize the following ¢, objective to transfer the knowledge from

S™(x) to Ty (x)
|re(T5' (x)) — S™(2)]l3 a a
where 1y is a linear transformation parameterized by 6 @ @ i

such as a pointwise convolution.



I What to transfer

« weighted feature matching loss

layer index
T, Ty 7. 71 1 T, Tl T T
Lo (O]z, w™™) = WZUJC | Z(?‘e(Te (%))e,ij — S (ﬂ?)m‘;j)g
c 1,79
channel feature map
S urn =1

wm™n = [w™"] = f;n’n(sm_(x))

softmax



I Where to transfer

szﬁmww: ¢) = y: )\m’ﬂﬁgf (9|r w™ ™)
(m,n)eC

where C be a set of candidate pairs

T Gy decide the amount of transfer between the mt and nt™
ayers of source and target models



I Loss Function

fftotal(g‘ir: Y. @) = f’org(mxz y) + .-Bﬁwfm(mxa )

where L, is the original loss (e.g., cross entropy)
and B is a hyper-parameter.



I What and Where to Transfer
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I Training Meta-Networks and Target Model

6: Target model parameters
¢: Meta network parameters

Algorithm 1 Learning of ¢ with meta-parameters o

Input: Dataset Dyyain = { (25, y;) }. learning rate o
repeat
Sample a batch B C Diyain With |B| = B
Update ¢ to minimize % Z(I?y)eﬁ ,Ctgtal(ﬁ\x. Y., o)
Initialize 6y < ¢
fort =0to7 — 1 do

61 is learned only using the knowledge
of the source model.

Ht—l—l — 0 — (TV@% Z(-T-fy)EB .wam(é}t“r. (;))

end for
HT—l—l — HT - nvﬁﬁ Z(I,y)EB Eorg(HT ‘*F- U)

Update ¢ using Vqé% Z(m__y)eﬂ Lorg(OT+1|7.7)
until done
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I Datasets and Network

____ Imagescale | Souce | Target

CIFAR-10,
39%32 TinyImageNet CIFAR-100,
(32-layer ResNet) STL-10
(9-layer VGG)
Caltech-UCSD,
Bird 200,
204%224 ImageNet MIT Indoor Scene Recognition,
(34-layer ResNet) Stanford 40 Actions,

Stanford Dogs
(18-layer ResNet)

Meta-network:

* 1-layer fully-connected networks for each pair

 Input: average pooled features of the m™ layer of the source network
« Output: w,"" and ™"



I Compared schemes

 Learning without forgetting (LwF)

. Attention transfer (AT) matching attention maps or feature

maps between source and target layers

« Unweighted feature matching (FM)

X\
AN
~\=

(a) Single (b) One-to-one (c) All-to-all (d) Learned matching

Figure 3. (a)-(c) Matching configurations C between ResNet32 (left) and VGGY (right). (d) The amount A™ ™ of transfer between layers
after learning. Line widths indicates the transfer amount. We omit the lines when A""™ is less than 0.1.



I Evaluation on Various Target Tasks

Table 1. Classification accuracy (%) of transfer learning from TinyImageNet (32 x 32) or ImageNet (224 x 224) to CIFAR-100, STL-10,
Caltech-UCSD Bird 200 (CUB200), MIT Indoor Scene Recognition (MIT67), Stanford 40 Actions (Stanford40) and Stanford Dogs
datasets. For TinyImageNet, ResNet32 and VGGY are used as a source and target model, respectively, and ResNet34 and ResNetI§ are
used for ImageNet.

Source task TinyImageNet ImageNet

Target task CIFAR-100  STL-10  CUB200 MIT67  Stanford40  Stanford Dogs

Scratch 67.69+022 65.18+001 42.15+075 48911053  36.93+068 58.08+0.26

LwF 69.23+0.09 68.64+0s8  45.52+066 53.73x214  39.73+163 66.33+04s5

AT (one-to-one) 67.54+040  T4.19+022 57.74+117 59.18x157  59.291091 69.70+0.0s

LwWF+AT (one-to-one) 68.75+0.09 75.06+057 58.90+132 61.42+168  60.20+1.34 72.67 +0.26

FM (single) 69.40+0.67 75.00+034  47.60x031  55.15+093  42.93+1.4s 66.05+0.76

FM (one-to-one) 69.97 +0.24 76.38+118  48.93+040 54.88+124 44.50+0.96 67.25+0s8

L2T-w (single) 70.27 +0.09 T74.35+092  51.95+083 60.41+037  46.25+3.66 69.16+0.70

L2T-w (one-to-one) 70.02+019 76.42+052  56.61+020 59.78+190 48.19+1.42 069.84 +1.45

L2T-ww (all-to-all) 70.96+0.61 78.31+021 65.05+119 64.85+275  63.08+0.ss 78.08 +0.96




Experiments on Limited-Data Regimes
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Figure 5. Transfer from TinyImageNet to CIFAR-10 with varying
numbers of training samples per class in CIFAR-10. z-axis i1s
plotted 1n logarithmic scale.



I Experiments on Multi-Source Transfer

Table 2. Classification accuracy (%) of VGGY9 on STL-10 transterred from multiple source models. The first source model is ResNet32
trained on TinyImageNet. The additional source model is one of three: ResNet20 trained on TinylmageNet, another ResNet32 trained
on TinyImageNet, and ResNet32 trained on CIFAR-10. We report the performance of the target model transferred from a single source
model and two source models.

First source TinylmageNet (ResNet32)
Second source None TinyImageNet (ResNet20) TinyImageNet (ResNet32) CIFAR-10 (ResNet32)

Scratch 65.18+0.91 65.18+0.91 65.18+0.01 65.18+091
LwF 68.64 1058 68.56+2.24 68.05+212 69.51 +063
AT T4.194022 73.24+012 73.78+1.16 73.99+0.51
LwEF+AT 75.06+057 T4.72+0.46 1477 +0.30 74.41+151
FM (single) 75.00+0.34 75.83+0.56 75.99+0.11 74.60+073
FM (one-to-one) 76.38+1.18 T7.45+0.48 77.69+0.79 77.15+041
L2T-ww (all-to-all) 78.31+0.21 79.35+0.41 79.80+0.52 80.52+0.20




I Visualization

More activated Less activated More activated
Image pixels in L2T-w  pixels in L2T-w

Less activated

pixzels in L2T-w  pixels in L2T-w

pixels are more or less
activated in the saliency

map of L2T-w compared to
FM

(a) CUB200 {(b) Stanford Dogs

Figure 6. More (the second column} and less (the third column) activated pixels in the saliency maps of L2T-w compared to unweighted
feature matching (FM) on images of (a) CUB200 and (b) Stanford Dogs datasets. When computing saliency maps, we use normalized

gradients. One can observe that the higher activated pixels induced by L2T-w tend to correspond to where task-specific objects are, while
less activated location spread over entire location.
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