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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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• Limitations of previous methods
• Require the same architecture between a source and target models (e.g., fine-tuning)
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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 

[2])
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Attention transfer/Jacobian matching
[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. 



Learning What/Where to Transfer
• Propose meta-networks 𝑓 and 𝑔
• Learn the learning rules to transfer the source knowledge
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Learning 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

3

Previous methods Learning What and Where to Transfer (L2T-ww)



L2T-ww: Learning What to Transfer
• Transfer by making target features similar to those of source [3]
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Feature 
Matching 

Transformation for channel 
dimension matching (e.g., 1x1 conv)

[3] Romero, A., Ballas, N., Kahou, S. E., Chassang, A., Gatta, C., and Bengio, Y. Fitnets: Hints for thin deep nets. In ICLR, 2015. 



L2T-ww: Learning What to Transfer
• Learn what to transfer
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L2T-ww: Learning What to Transfer
• Learn what to transfer
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Choose important channels
for learning a target task



L2T-ww: Learning Where to Transfer
• Learn where to transfer

• Meta-networks choose important matching pairs to transfer
• Given all possible candidate matching pairs 𝒞
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L2T-ww: Learning Where to Transfer
• Learn where to transfer

7

Lwfm(✓|x,�) =
X

(m,n)2C

�m,nLm,n
wfm (✓|x,wm,n)

<latexit sha1_base64="vCrLMCcInMnLaMtxwVMTL+Nvmzg="></latexit>



L2T-ww: Learning Where to Transfer
• Learn where to transfer

• Choose pairs of feature-matched layers among all the possible pairs
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L2T-ww: Training Meta-Networks 8

• Total loss for target model:
• A popular bilevel scheme [4,5] for training meta-parameters 𝜙:

Ltotal(✓|x, y,�) = Lorg(✓|x, y) + �Lwfm(✓|x,�)
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[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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• Total loss for target model:
• A popular bilevel scheme [4,5] for training meta-parameters 𝜙:
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2. Evaluation: 
Lmeta(�) = Lorg(✓T+1|xval, yval)

<latexit sha1_base64="hxGtdkpqWADqsb6oTYJYzi8cZkY="></latexit>

Ltotal(✓|x, y,�) = Lorg(✓|x, y) + �Lwfm(✓|x,�)
<latexit sha1_base64="WtNJ/Z5PgEnVWi9Guy7jysdH7YA="></latexit>

✓t+1 = ✓t � ↵r✓Ltotal(✓t|xt, yt,�)
<latexit sha1_base64="nOA0h1c01qF2VrXUE17nE+uAsYc="></latexit>

[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. 



L2T-ww: Training Meta-Networks 8

• Total loss for target model:
• A popular bilevel scheme [4,5] for training meta-parameters 𝜙:

1. Training simulation: for 𝑡 = 1,… , 𝑇,

2. Evaluation: 

3. Update 𝜙 based on                         using second-order gradients
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L2T-ww: Training Meta-Networks 8

• Total loss for target model:
• A popular bilevel scheme [4,5] for training meta-parameters 𝜙:

• The transfer loss             acts as a regularization
• A large number of steps 𝑇 is required to obtain meaningful gradients
• But it is time-consuming

1. Training simulation: for 𝑡 = 1,… , 𝑇,

2. Evaluation: 

3. Update 𝜙 based on                         using second-order gradients
Lmeta(�) = Lorg(✓T+1|xval, yval)
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• Total loss for target model:
• The proposed bilevel scheme for training meta-parameters 𝜙:
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• Total loss for target model:
• The proposed bilevel scheme for training meta-parameters 𝜙:

1. Knowledge transfer: for 𝑡 = 1,… , 𝑇,
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• Total loss for target model:
• The proposed bilevel scheme for training meta-parameters 𝜙:

1. Knowledge transfer: for 𝑡 = 1,… , 𝑇,

2. One-step adaption: 

Ltotal(✓|x, y,�) = Lorg(✓|x, y) + �Lwfm(✓|x,�)
<latexit sha1_base64="WtNJ/Z5PgEnVWi9Guy7jysdH7YA="></latexit>

✓t+1 = ✓t � ↵r✓Lwfm(✓t|x,�)
<latexit sha1_base64="10awWVMlxi4PK8ototjnx3oaAT4="></latexit>

✓T+2 = ✓T+1 � ↵r✓Lorg(✓T+1|x, y)
<latexit sha1_base64="8vWYW0uwoE5ZLUcQBH11ct0xRL0="></latexit>



9
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L2T-ww: Training Meta-Networks 9

• Total loss for target model:
• The proposed bilevel scheme for training meta-parameters 𝜙:

• Ours is effective for learning 𝜙 with a small number of steps 𝑇
• Ours learns 𝜃 and 𝜙 jointly without separate meta-learning phase

1. Knowledge transfer: for 𝑡 = 1,… , 𝑇,

2. One-step adaption: 
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• Learning what and where to transfer gives consistent improvements
• Suggested method works well in various tasks and architectures

Experiments 10

[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] 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

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

on what to transfer

Experiments 10

[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] 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. 

Maximum +15%
relative improvements

Maximum +25%
relative improvements



• Multi-source experiments

Experiments 11

[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] 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. 



• Multi-source experiments
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• Multi-source experiments

Experiments 11

: Different architectures, initialization 
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• Multi-source experiments

Experiments 11

: Different architectures, initialization and datasets

[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] 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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• Multi-source experiments

• Limited data-regime experiments
• Smaller the volume of the target dataset 
à More relative gain of ours
• Ours efficiently boosts up the performance of a target model

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