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Introduction

 Motivation 
Meta-learning algorithms for active learning are emerging as a promising paradigm 
for learning the best active learning strategy. However, current learning-based 
active learning approaches still require sufficient training data so as to generalize 
meta-learning models for active learning.

AAAI2015-Active learning by learning

NIPS2017-Learning active learning from data



Learning to Sample Framework

 Framework 
In a nutshell, the LTS framework consists of
two key components: a sampling model G and 
a boosting model F, which are learned 
iteratively, and their results can mutually 
strength each other in iterations

F aims to create a strong learner based on a set 
of weak learners

G is dynamically learned from the performance of the 
boosting model F during its iterative training process



Learning to Sample Framework

 Boosting Model

K where 𝑥𝑥𝑖𝑖 ∈ 𝑋𝑋 and 𝑦𝑦𝑖𝑖 ∈ 𝑅𝑅, 

A boosting model F trains a sequence of functions                         in an additive manner, 

where      is a function being added into F at the t-th iteration.



Learning to Sample Framework

 Boosting Model

After the t-th function 𝑓𝑓(𝑡𝑡) is learned, the boosting model F sends its feedback to the 

sampling model G via a softmax layer. Model G leverage hints from the prediction results of 

and actively select the most informative instances as new samples 𝑇𝑇(𝑡𝑡+1) for 

the next iteration.



Learning to Sample Framework

(1) samples that are likely to be mis-classified by the boosting model  uncertainty

(2) samples that have diverse features in the sample space  diversity

 Sampling Model

where                                                                and each v𝑖𝑖 is associated with an instance

The term 𝑔𝑔(𝑡𝑡)(𝑥𝑥𝑥𝑥) indicates the uncertainty score of an instance 𝑥𝑥𝑖𝑖 which is predicated by a 
regressor 𝑔𝑔(𝑡𝑡)

The regularization term Γ(𝑣𝑣) controls the distribution of selected instances in order to ensure 
their diversity in the sample space. 
𝛼𝛼 is a parameter used for balancing the impacts of uncertainty and diversity on samples



Sampling Strategies

 Uncertainty Sampling
Predict the uncertainty of instances by learning from the performance of the boosting

model, i.e. the training loss

a training set 𝐴𝐴(𝑡𝑡) for the sampling model G is constructed at the t-th iteration

is a weighted value for 𝑥𝑥𝑖𝑖 and is dynamically adjusted during the iterations.



Sampling Strategies

 How to decide dynamic weighted values for samples?
Give higher weighted values to samples that are uncertain in more iterations, rather than

samples that are uncertain in fewer iterations.

(1) Initialization: For each new sample 𝑥𝑥𝑖𝑖 at the t-th iteration, i.e. a sample in ∆(𝑡𝑡−1) :

(2) Adjustment: Then, the weighted value for each sample xi in 𝐴𝐴(𝑡𝑡) is re-calculated as:



Sampling Strategies

 Diversity Sampling
Suppose that unlabeled instances in 𝑋𝑋(𝑡𝑡) are partitioned into a set of groups              

alike in certain features. Then we define the regularization term Γ(𝑣𝑣) over 

using a 𝑙𝑙2,1 −norm function as:

where 𝑏𝑏 is the total number of groups associated with 𝑋𝑋𝑈𝑈
(𝑡𝑡), 𝑣𝑣 is partitioned into 

{𝑣𝑣1, . . . , 𝑣𝑣𝑏𝑏} where Σ𝑗𝑗=1𝑏𝑏 |𝑣𝑣𝑣𝑣 | = |𝑣𝑣|, 𝑣𝑣𝑗𝑗 ∈ 0, 1 𝑚𝑚,𝑚𝑚 = |𝑋𝑋𝑗𝑗
(𝑡𝑡)| and 𝑗𝑗 ∈ [1,𝑏𝑏].

||𝑣𝑣𝑗𝑗 ||2 is the 𝑙𝑙2,1−norm of vj that is a binary vector whose elements correspond to 

instances in group 𝑋𝑋𝑗𝑗
(𝑡𝑡)



Sampling Strategies

 How to partition a sample space into groups?
Partition a sample space based on available features of samples.

Given a sample space with 𝑑𝑑 features, a label budget 𝜁𝜁 and a number n of iterations, partition 

the sample space into 𝑘𝑘 groups where  and indicates the ceiling function.

 How to distribute label budget across iterations?
Distribute a label budget equally over all iterations, i.e., |∆(𝑡𝑡) | = 𝜁𝜁/𝑛𝑛 for any 𝑡𝑡 ∈ [1,𝑛𝑛]

An alternative is to distribute samples in an exponentially decreasing manner over 

iterations, i.e., |∆(𝑡𝑡)| = 𝜁𝜁/2𝑡𝑡



Learning To Sample (LTS)



Experiment

 Dataset

 Baseline
CART，Classification And Regression Tree

XG， eXtreme Gradient Boosting

XG+RS，applying XG on training sets built using the random sampling strategy

XG+US，applying XG on training sets built only using the uncertainty sampling strategy

XG+DS，refers to applying XG on training sets built only using the diversity sampling strategy

XG+LTS,  this paper



Experiment

 Performance under different label budgets



Experiment



Experiment

 Performance under different sampling distribution methods



Experiment

 Performance under different values of balancing parameter α



Experiment

 Comparison of label budgets under the same performance



工作汇报

 用强化学习的方法学习主动学习采样策略

将学习任务及基模型限定为图像分类（CIFAR-10）和深度残差网络（resnet）

结合之前meta learning方法，将设计的那些meta特征作为RL的state。按照下列右图，𝑠𝑠𝑡𝑡 为设计

一些有关当前数据集及模型自身的一些统计特征，𝑎𝑎𝑖𝑖为模型针对某一个未标记样本一些特征。



工作汇报

 遇到的问题

1.为了获取训练RL的数据，需要在每次query之后重新训练resnet获得reward，重新训练神经网络

代价较大耗时很长，即使是用预训练的模型固定除最后一层fc之外layer的参数，训练时间也很长

2.深度模型训练不稳定，实验训练时采用固定epoch的方法。对于epoch大小的选择，实验发现

batch-size、epoch大小都会影响模型的收敛。

3.对于深度模型，一个个查询，代价较大，query的形式最好为batch mode。采用batch mode的

形式，更新RL的时候就需要进行修改。



工作汇报

 拟定的解决方案

1.训练RL的时候，使用batch mode的方式进行query。此时，reward只能在整个batch查询完后

进行模型更新才能获得。目的是为了减少重新训练基模型的次数。

2.Reward的分配，都设置为相同的reward（均分）的；前期reward大，后期reward的小，

𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟/2𝑏𝑏
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