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Introduction

• Learning models work well on the specific tasks, 
but have to be discarded once the target task 
changes.

• Model reuse tries to reduce the learning 
resources for a new target task with the 
exploitation of pre-trained models.

• Previous model reuse studies usually assume 
that the labeled data for the target task are 
passively collected.

• Active Model Reuse (AcMR) construct 
queries through pre-trained models to facilitate 
the active learner when labeled examples are 
insufficient.

• Different from Active Learning.



Notation 



Deficiencies of Baseline Approaches

This prediction may be risky since we can not get 
accurate prior weights especially when there are 
very few labeled examples in target tasks.

Strategies:

• Rather than fully trusting pre-trained models, we 
consider trusting the pre-trained models partially 
and leverage pre-trained models to filter out not 
very necessary queries generated by direct 
active learning to facilitate an effective active 
learner. 

• Moreover, once the label capacity is enhanced, we 
continually update the confident weights of 
pre-trained models to improve their confidence 
for target task.



Actively Reuse Pre-trained Models 

Label  the instance 𝐱𝑡 by the pre-trained models with probability 1 − 𝜃(𝐱𝑡)

• Predicted probability of pre-trained model 𝑓𝑗 for instance 𝐱𝑡

• Consistency of pre-trained model and active learner

• Query necessity

• Randomly generate a real number R within 0 to 1, and then the decision function is defined as

0 1



Sampling Error 错误地相信了pre-trained models

Let 𝜀𝑝 and 𝜀𝑎 denote the expected error of the pre-trained models 

and the active learner 𝑓ℒ respectively, and let 𝛿 = 𝜀𝑝 + 𝜀𝑎.



Querying Rate 

• The more accurate the pre-trained 
models and active learner become, the 
less necessarily will we query the experts 
to label the instance. 

• Reduce 𝜀𝑝 to improve performance in the 

whole learning process.



Update Weights for Pre-Trained Models

At time m, the target task receives a training instance 𝐱𝑡(𝑚), the pre-trained models 

make a prediction and suffer a loss after 𝐲𝑡(𝑚) is revealed.



AcMR





Experiments

Baselines:

1) An actively transfer learning method AcTraK with QBC and random sample selection 
criteria

2) Safer: safely exploits pre-trained models
3) Logistic Regression with QBC and random
4) AcMR with QBC and random

Compare these methods in different number of samples labeled by experts (30, 60, 90).

Three tasks:
1) Text Classification
2) Sentiment Analysis Task
3) Spam Detection Task



Text Classification

Dataset: 20 Newsgroups

6 text classification tasks
• comp vs. talk
• comp vs. sci
• comp vs. rec
• rec vs. talk
• rec vs. sci
• sci vs. talk



Sentiment Analysis

Product reviews from Amazon dataset containing reviews from 4 domains: Book, DVD, 
Electronics and Kitchen.
Consider each domain as a binary classification task: reviews with rating > 3 are labeled 
positive(+), those with rating < 3 are labeled negative(-).



Spam Detection

Dataset: ECML PAKDD Discovery challenge



Conclusion

• Reusable model design becomes a desire for the rapid expansion of machine learning 
applications. However, previous model reuse studies assume that the target task receives 
labeled data passively. This leads to a slow performance improvement to the target task. 

• In this paper, we study a kind of new model reuse problem, where the goal is that the model 
performance for the target task can be quickly improved. 

• We propose the ACMR method which constructs queries through pre-trained models when 
labeled examples are insufficient for the target task, and leverages pre-trained models to filter 
out not very necessary queries so that considerable queries could be saved compared with 
direct active learning.


