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Transfer Learning

* DNNs require large labeled datasets to train

* Transfer learning is a popular method to mitigate the lack of samples
* Improve the performance of a model on a new task
* By utilizing the knowledge of pre-trained source models
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Transfer Learning

* DNNs require large labeled datasets to train

* Transfer learning is a popular method to mitigate the lack of samples

* Improve the performance of a model on a new task

* By utilizing the knowledge of pre-trained source models

* Limitations of previous methods
* Require the same architecture between a source and target models (e.g., fine-tuning)
* Require exhaustive hand-crafted tuning (e.g., attention transfer [1], Jacobian matching
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[1] Zagoruyko, S. and Komodakis, N. Paying more attention to attention: Improving the performance of convolutional neural networks via attention transfer. In ICLR 2017
[2] Srinivas, S. and Fleuret, F. Knowledge transfer with Jaco- bian matching. In Proceedings of the 35th International Conference on Machine Learning (ICML 2018), 2018.
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* Propose meta-networks f and g
* Learn the learning rules to transfer the source knowledge
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L earning What/Where to Transfer

* Propose meta-networks f and g : Learning what/where to transfer (L2T-ww)
* Learn the learning rules to transfer the source knowledge

Where to transfer
* A meta-network g decides useful pairs of source/target layers to transfer
What to transfer

* A meta-network f decides useful channels to transfer

Previous methods Learning What and Where to Transfer (L2T-ww)
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[ 2T-ww: Learning Whatto Transfer

* Transfer by making target features similar to those of source [3]
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[3] Romero, A., Ballas, N., Kahou, S. E., Chassang, A., Gatta, C., and Bengio, Y. Fitnets: Hints for thin deep nets. In /ICLR, 2015.
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* Learn what to transfer
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* Learn what to transfer
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[ 2T-ww: Learning Whatto Transfer

e Learn what to transfer

Sm(x) c RCXHXW

Feature maps of

1 Meta-network
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Matching (x }------

’I"Q(Tn(x)) c RC’XHXW I‘IL Tn(CB)

|
¥ - .- I H Feature maps of
nt"target layer

Lagn (O, w™") = 7 > ow Yy (rg(T3(x))esig — S™(X)esiy)




L 2T-ww: Learning Where to Transfer

* Learn where to transfer

* Meta-networks choose important matching pairs to transfer
* Given all possible candidate matching pairs C



L 2T-ww: Learning Where to Transfer

* L earn where to transfer
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L 2T-ww: Learning Where to Transfer

* L earn where to transfer

§
3,3
g bl
S(z) ?
r ——————————— =5 I o o e o e o o R o o - o e o e o S - - - - - - - - - - :
i 233
1 - i
Target 2] [ s 33 ___*@ff_""_"_”_g______i
Samples [ wim wfm ‘
i ()
et ittt e I ittty > Loss AggFegation
Ty(x)

Lasa(Olz,0) = Y A" Loy (B, w™")

(m,n)€eC

* Choose pairs of feature-matched layers among all the possible pairs



L 2T-ww: Training Meta-Networks

* Total loss for target model: Liota1 (0|2, y, ¢) = Lorg (0|7, y) + BLutn(0|x, P)
* A popular bilevel scheme [4,5] for training meta-parameters ¢:

[4] Colson, B., Marcotte, P., and Savard, G. An overview of bilevel optimization. Annals of operations research, 2007.
[5] Franceschi, L., Frasconi, P., Salzo, S., Grazzi, R., and Pontil, M. Bilevel programming for hyperparameter optimization and meta-learning. In ICML, 2018.
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L 2T-ww: Training Meta-Networks

* Total loss for target model: Liota1 (0|7, Y, @) = Lorg (0], y) +H BLutn(0], @)

* A popular bilevel scheme [4,5] for training meta-parameters ¢:

1. Training simulation: fort =1, ..., T,

9t—|—1 — (975 — O5v9»ctotal(9t|xta Yt ¢)
2. Evaluation:

Emeta(¢) — Lorg(eT—i—l ‘ajvala yval)
3. Update ¢ based on V4 Lueta(¢) using second-order gradients

* The transfer loss Ly acts as a regularization
* Alarge number of steps T is required to obtain meaningful gradients
* Butitistime-consuming

[4] Colson, B., Marcotte, P., and Savard, G. An overview of bilevel optimization. Annals of operations research, 2007.
[5] Franceschi, L., Frasconi, P., Salzo, S., Grazzi, R., and Pontil, M. Bilevel programming for hyperparameter optimization and meta-learning. In ICML, 2018.
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L 2T-ww: Training Meta-Networks

* Total loss for target model: Liota1 (0|2, y, ¢) = Lorg (0|7, y) + BLutn(0|x, P)
* The proposed bilevel scheme for training meta-parameters ¢:

1. Knowledge transfer:fort = 1, ..., T,
9t+1 = 0 — Oéveﬁwfm(eﬂil?, Qb)
2. One-step adaption:
Orio = 0741 — av9£org(9T—|—1’x7 y)
3. Evaluation:
Lueta(9) = Lorg(Or+2]2, ).

4. Update ¢ based onV , L,.ta(¢) Using second-order gradients

* Ours is effective for learning ¢ with a small number of steps T
* QOurs learns 8 and ¢ jointly without separate meta-learning phase



Experiments

* Learning what and where to transfer gives consistent improvements
* Suggested method works well in various tasks and architectures

Source task TinylmageNet ImageNet
Target task CIFAR-100  STL-10  CUB200 MIT67  Stanford40  Stanford Dogs
Scratch 67.69+022  65.18+091  42.15+075 48911053  36.93+06s8 58.08+026
LwF!6] 69.23+009  68.64+0ss 45.52+066 53.73+214  39.73+163 66.33+045
AT (one-to-one) 67.54+040 74191022 57.74+117  59.18+157  59.29+001 69.70+0.08
LwFIO+ AT (one-to-one)  68.75+000  75.06+057 58.90+13 61.42+168  60.20+1.34 72.67+026
FME! (single) 69.40+067  75.00+034 47.60+031 55.15+093  42.93+148 66.05+0.76
FMPB! (one-to-one) 69.97+024  76.38+118  48.93+040 54.88+124  44.50+0.96 67.25+0ss8
L2T-w (single) 70.27+009  74.35+092  51.95+083 60.41+037  46.25+366 69.16+070
L2T-w (one-to-one) 70.02+019  76.42+052  56.61+020 59.78+190 48.19+1.42 69.84 +145
L2T-ww (all-to-all) 70.96+:061 78311021 65.05+119 64.85:1275  63.08+0.88 78.08+0.96

[1] Zagoruyko, S. and Komodakis, N. Paying more attention to attention: Improving the performance of convolutional neural networks via attention transfer. In ICLR 2017
[3]1 Romero, A., Ballas, N., Kahou, S. E., Chassang, A., Gatta, C., and Bengio, Y. Fitnets: Hints for thin deep nets. In ICLR, 2015.
[6] Li, Z. and Hoiem, D. Learning without forgetting. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2018.
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* Learning what and where to transfer gives consistent improvements
* Suggested method works well in various tasks and architectures

Source task TinylmageNet ImageNet
Target task CIFAR-100  STL-10  CUB200 MIT67  Stanford40  Stanford Dogs
Scratch 67.69+022  65.18+091  42.15+075 48911053  36.93+06s8 58.08+026
LwFI®] 69.23+000  68.64+0s5s 45.52+066 53.731214  39.73+163 66.33+045
AT (one-to-one) 67.54+040 74191022 57.74+117  59.18+157  59.29+001 69.70+0.08
LwF 4+ AT (one-to-one)  68.75+000  75.06+057  58.90+13 61.42+168  60.20+1.34 72.67+026
FME! (single) 69.40+067  75.00+034 47.60+031 55.15+093  42.93+148 66.05+0.76
FMB! (one-to-one) 69.97+02¢  76.38+118  48.931040 54.88+124  44.50+0096 67.25+0ss8

L2T-w (single)
L2T-w (one-to-one)
L2T-ww (all-to-all)

70.2740.09

70.02+0.19
70.96-+0.61

74.35+092
76.42+052
78.31-+0.21

51.95+0.83
56.61-+0.20
65.05+1.19

60.41+037
59.78+1.90
64.85+2.75

46.25+3.66
48.19+1.42
63.08-+0.38

69.16+0.70
69.84 4145
78.08-+0.96

Maximum +15%
relative improvements

* Learning what to transfer (channel importance) improves all the baselines

[1] Zagoruyko, S. and Komodakis, N. Paying more attention to attention: Improving the performance of convolutional neural networks via attention transfer. In ICLR 2017
[3]1 Romero, A., Ballas, N., Kahou, S. E., Chassang, A., Gatta, C., and Bengio, Y. Fitnets: Hints for thin deep nets. In ICLR, 2015.
[6] Li, Z. and Hoiem, D. Learning without forgetting. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2018.
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* Learning what and where to transfer gives consistent improvements
* Suggested method works well in various tasks and architectures

Source task TinylmageNet ImageNet
Target task CIFAR-100  STL-10  CUB200 MIT67  Stanford40  Stanford Dogs
Scratch 67.69+022  65.18+091  42.15+075 48911053  36.93+06s8 58.08+026
LwFl¢! 69.23+000  68.64+0s5s 45.52+066 53.731214  39.73+163 66.33+045
AT (one-to-one) 67.54+040 74191022 57.74+117  59.18+157  59.29+001 69.70+0.08
LwF 4+ AT (one-to-one)  68.75+000  75.06+057  58.90+13 61.42+168  60.20+1.34 72.67+026
FME! (single) 69.40+067  75.00+034 47.60+031 55.15+093  42.93+148 66.05+0.76
FMB! (one-to-one) 69.97+02¢  76.38+118  48.931040 54.88+124  44.50+0096 67.25+0ss8
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70.2740.09
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70.96-+0.61

74.35+092
76.42+052
78.31-+0.21

51.95+0.83
56.61-+0.20
65.05+1.19

60.41+037
59.78+1.90
64.85+2.75

46.25+3.66
48.19+1.42
63.08-+0.38

69.16+0.70
69.84 4145
78.08-+0.96

Maximum +15%
relative improvements
Maximum +25%
relative improvements

* Learning what to transfer (channel importance) improves all the baselines
* Learning where to transfer (pair importance) gives more improvements

on what to transfer

[1] Zagoruyko, S. and Komodakis, N. Paying more attention to attention: Improving the performance of convolutional neural networks via attention transfer. In ICLR 2017

[3]1 Romero, A., Ballas, N., Kahou, S. E., Chassang, A., Gatta, C., and Bengio, Y. Fitnets: Hints for thin deep nets. In ICLR, 2015.
[6] Li, Z. and Hoiem, D. Learning without forgetting. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2018.



Experiments

* Multi-source experiments

First source TinylmageNet (ResNet32)

Second source None TinyImageNet (ResNet20) TinyImageNet (ResNet32) CIFAR-10 (ResNet32)
Scratch 65.18+091 65.18+0.91 65.18+0091 65.18+0091
LwFl6] 68.64+0.58 68.56+2.24 68.05+2.12 69.51+063

AT 74.19+022 73.24+0.12 73.78+1.16 73.99+051
LwF6l4 AT 75.06+057 74.72+0.46 74.777 +030 74.41 +151
FMP! (single) 75.00+034 75.83+0.56 75.99+0.11 74.60+0.73

FMP! (one-to-one)  76.38+1.13 77.45+0.48 77.69+079 77.15+041
L2T-ww (all-to-all)  78.31+0.21 79.35+0.41 79.80-+0.52 80.52+0.29

[1] Zagoruyko, S. and Komodakis, N. Paying more attention to attention: Improving the performance of convolutional neural networks via attention transfer. In ICLR 2017
[3]1 Romero, A., Ballas, N., Kahou, S. E., Chassang, A., Gatta, C., and Bengio, Y. Fitnets: Hints for thin deep nets. In ICLR, 2015.
[6] Li, Z. and Hoiem, D. Learning without forgetting. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2018.



Experiments

* Multi-source experiments: Different architectures

TinyImageNet (ResNet32)

First source

Second source None TinyImageNet (ResNet20) | TinyImageNet (ResNet32) CIFAR-10 (ResNet32)
Scratch 65.18+0.91 65.18+0.91 65.18+091 65.18+0091
LwFl6] 68.64+0.58 68.5642.24 68.05+2.12 69.51+063

AT 74.19+0.22 73.24+0.12 73.78+1.16 73.99+051
LwF6l4 AT 75.06+0.57 74.72+0.46 74.77+0.30 74.41+151
FMP! (single) 75.00+034 75.83+056 75.99+0.11 74.60+0.73

FMB! (one-to-one)  76.38+1.18 77.45+0.48 \ 77.69+0.79 77.15+041
L2T-ww (all-to-all)  78.31-021 79350041 ¢ 79.80+052 80.52+029

+2.45% relative
improvements

[1] Zagoruyko, S. and Komodakis, N. Paying more attention to attention: Improving the performance of convolutional neural networks via attention transfer. In ICLR 2017
[3]1 Romero, A., Ballas, N., Kahou, S. E., Chassang, A., Gatta, C., and Bengio, Y. Fitnets: Hints for thin deep nets. In ICLR, 2015.
[6] Li, Z. and Hoiem, D. Learning without forgetting. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2018.



Experiments

* Multi-source experiments: Different architectures, initialization

TinyImageNet (ResNet32)

First source

Second source None TinyImageNet (ResNet20) | | TinyImageNet (ResNet32)| CIFAR-10 (ResNet32)
Scratch 65.18+0091 65.18+0.91 65.18+0091 65.18+0091
LwFl6] 68.64+0.58 68.56+2.24 68.05+2.12 69.51+063

AT 74.19+022 73.24+0.12 73.78+1.16 73.99+051
LwF6l4 AT 75.06+0.57 74.72+046 74.77+030 74.41+151
FMP! (single) 75.00+034 75.83+056 75.99+0.11 74.60+0.73

FMB! (one-to-one)  76.38+1.18 77.45+048 '\ 77.69+0.79 '\ 77.15+041
L2T-ww (all-to-all)  78.31021 79.35504 ¢ 79.80+052 ¢ 80.52-029

+2.72% relative
improvements

+2.45% relative
improvements

[1] Zagoruyko, S. and Komodakis, N. Paying more attention to attention: Improving the performance of convolutional neural networks via attention transfer. In ICLR 2017
[3]1 Romero, A., Ballas, N., Kahou, S. E., Chassang, A., Gatta, C., and Bengio, Y. Fitnets: Hints for thin deep nets. In ICLR, 2015.
[6] Li, Z. and Hoiem, D. Learning without forgetting. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2018.



Experiments

* Multi-source experiments: Different architectures, initializationand datasets

First source

TinyImageNet (ResNet32)

Second source None TinyImageNet (ResNet20) | | TinyImageNet (ResNet32)|| CIFAR-10 (ResNet32)

Scratch 65.18+0091 65.18+0.91 65.18+0091 65.18+0091
LwFl6] 68.64+0.58 68.56+2.24 68.05+2.12 69.51+063
AT 74.19+022 73.24+0.12 73.78+1.16 73.99+051
LwF®l 4 AT 75.06+0.57 74.72+046 74.77+030 74.41+151
FMB! (single) 75.004+0.34 75.83+0.56 75.99+0.11 74.60+073

FMP! (one-to-one)  76.38+1.13 77.45+0.48 '\ 77.69+079 \ 77.15+041 DL
L2T-ww (all-to-all)  78.31+021 79.35504 ¢ 79.80- 052 ¢ 80.52-029

+2.45% relative
improvements

+4.37% relative
improvements

+2.72% relative
improvements

[1] Zagoruyko, S. and Komodakis, N. Paying more attention to attention: Improving the performance of convolutional neural networks via attention transfer. In ICLR 2017
[3]1 Romero, A., Ballas, N., Kahou, S. E., Chassang, A., Gatta, C., and Bengio, Y. Fitnets: Hints for thin deep nets. In ICLR, 2015.
[6] Li, Z. and Hoiem, D. Learning without forgetting. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2018.



Experiments

* Multi-source experiments: Different architectures, initializationand datasets

First source

TinyImageNet (ResNet32)

Second source None TinyImageNet (ResNet20) | | TinyImageNet (ResNet32)|| CIFAR-10 (ResNet32)
Scratch 65.18+091 65.18+0091 65.18+0091 65.18+0091
LwF!6] 68.64+0.58 68.56+224 68.05+2.12 69.51+063

AT 74.19+022 73.24+0.12 73.78+1.16 73.99+051
LwFl®l+ AT 75.06+0.57 74.72+046 74.77 030 74414151
FMB! (single) 75.00+0.34 75.83+0.56 75.99+0.11 74.60+0.73

FMB! (one-to-one)  76.38+1.18 77.45+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+0.29

90

* Limited data-regime experiments 5 1 R N~
* Smaller the volume of the target dataset M v
—> More relative gain of ours 3
* Ours efficiently boosts up the performance of a target model = - | —
[V NN AN . < S L} Scratch
S
[1] Zagoruyko, S. and Komodakis, N. Paying more attention to attention: Improving the performance of convolutional neural networks via 40 ' g thF;,/:VT
[3]1 Romero, A., Ballas, N., Kahou, S. E., Chassang, A., Gatta, C., and Bengio, Y. Fitnets: Hints for thin deep nets. In ICLR, 2015. 35 - - - séo 1000

[6] Li, Z. and Hoiem, D. Learning without forgetting. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2018.

Number of Training Samples per Class




Experiments

* Multi-source experiments: Different architectures, initializationand datasets

TinyImageNet (ResNet32)

First source

Second source None TinyImageNet (ResNet20) | | TinyImageNet (ResNet32)|| CIFAR-10 (ResNet32)
Scratch 65.18+091 65.18+0091 65.18+0091 65.18+0091
LwF!6] 68.64 +0.58 68.56+224 68.05+2.12 69.51+063

AT 74.19+022 73.24+0.12 73.78+1.16 73.99+051
LwFl®l+ATH 75.06+057 74.72+046 74.77 030 74414151
FMB! (single) 75.00+0.34 75.83+056 75.99+0.11 74.60+0.73

FMB! (one-to-one)  76.38+1.18 77.45+048 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+0.29

90

* Limited data-regime experiments

* Smaller the volume of the target dataset
—> More relative gain of ours

* Ours efficiently boosts up the performance of a target model

Accuracy (%)

.| ¥ Scratch
e LWF

AT

O LWF+AT
[1] Zagoruyko, S. and Komodakis, N. Paying more attention to attention: Improving the performance of convolutional neural networks via O L2T-ww
[3]1 Romero, A., Ballas, N., Kahou, S. E., Chassang, A., Gatta, C., and Bengio, Y. Fitnets: Hints for thin deep nets. In ICLR, 2015. 35 o o " s(im 1000

[6]1Li, Z. and Hoiem, D. Learning without forgetting. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2018. Number of Training Samples per Class



Conclusion

* Meta-learning based transfer method
* Selective transfer depending on a source and target task relation
* Effective training scheme that learns meta-networks and target model jointly
* Applicable between heterogeneous or/and multiple network architectures and tasks
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