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Introduction

Transfer learning uses knowledge learned in the source domain 

to assist training in the target domain.

Instance-transfer To re-weight some labeled data in the source domain 

for use in the target domain.

Feature-representation-transfer Find a “good” feature representation that reduces 

difference between the source and the target domains 

and the error of classification and regression models.

Negative transfer happens when the source domain data and task 

contribute to the reduced performance of learning in the target domain.



Domain Adversarial Neural Network

𝑥𝑠, 𝑦𝑠 ~𝑆

𝑥𝑙 , 𝑦𝑙 ~𝑇𝐿

𝑥𝑢, 𝑦𝑢 ~𝑇𝑈

Source domain Target domain



Domain Adversarial Neural Network

𝑭 𝑪 𝑫

Feature extractor 

map both the source and 

target input to the same 

feature space

Classifier

trained on both source and 

target data

Discriminator

distinguish 𝑃(𝐹(𝑋𝑆)) and

𝑃(𝐹(𝑋𝑇))
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Domain Adversarial Neural Network

For any 𝑥𝑠 ∈ 𝑋𝑆, there exists a 𝑥𝑡 ∈ 𝑋𝑇 such that

𝑃𝑆 𝑌 𝑥𝑠 = 𝑃𝑇 𝑌 𝑥𝑡 = 𝑃 𝑌 𝐹(𝑥𝑠) =𝑃 𝑌 𝐹(𝑥𝑡) .

Potential assumption

Not always be satisfied.



Discriminator Gate

Standard supervised learning objective



Discriminator Gate

(Stop gradient) 
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𝜖 = 0.7, 𝐿% = 10%



Conclusion

• Divergence between the joint distributions is the root to 

negative transfer.

• Negative transfer largely depends on the size of the 

labeled target data.
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Linear Model Parameter Transfer

Assume that same kind of linear models learned from related tasks have 

a set of base models which can be used to represent these models.
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Active Learning For Transfer

Assume that we have already well learnt from source and target domain, 

then what we lack is something unique from the target domain.

First, we train a base model 𝑾 on 𝑻𝑳 without transfer, which may not 

generalize well because of insufficient labeled data. 

Then we train a transfer model 𝑾𝑻 by any transfer method which we would 

like to use.

We tend to select instances with big difference between the two predictions 

to be queried.



Active Learning For Transfer

Reasons

• If the transfer make a positive impact on the prediction, which 

means that this kind of instances are not well learnt from the 

labeled data, we should query this instance to improve the 

prediction.

• If the transfer make a negative impact on the prediction, which 

means that the performance of prediction on this kind of 

instances is hindered by transfer, we should query this instance 

to add more supervised information of this kind to fix error.

If we directly choose the instance with biggest prediction difference, the 

noise or outlier is very possible to be queried.



Active Learning For Transfer

where 𝑑𝑖 = 𝑝𝑢
𝑖 − 𝑝𝑢

𝑖∗, 𝛼𝑖 means if or not query 

instance 𝑖 and 𝑏 is the batch-size of active learning.
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