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Active Feature Acquisition

• At 𝑡 = 0, we start with an empty acquired set

• At every time step t, we choose the subset of unselected features, 

examine the values of missing entries 𝑆𝑡
(𝑖)

at the cost



Active Feature Acquisition

Define a Markov decision process (MDP) to solve (1) w.r.t. 𝜐

: encodes whether each feature is acquired at the end

𝒄 : costs vector for every feature

Alternating minimization: 

• Solving (1) with respect to 𝜃𝑘 given 𝜐𝑘−1 is trivial. The only challenge here is 
to find a way of efficiently handing missing features.

• Solving (1) with respect to 𝜐𝑘 given 𝜃𝑘−1 is not trivial



RL Constructions

state

action

reward negative acquisition cost



Feature-level Set Encoding for Joint Learning 

Feature-level Set Encoding

At every time t,

Set Encoding
i) MLP called reading block, which maps each set element 𝑥𝑖 to the real vector 𝑚𝑖

ii) a process block that processes 𝑚𝑖 repeatedly with LSTM and the attention mechanism to produce 
the final set embedding



Learning and inference

Each agent runs for n steps according to its policy based on current Q and 
gets the experience

After n steps running, Q and C are updated based on the running history.

Learning Q: double DQN

Learning C: 





Experiment

Simulated dataset: CUBE-𝝈



Experiment

PhysioNet challenge 2012 dataset: classification



Experiment

Medical check-up data



Conclusion 

• A cost-aware sequential feature selection can be used in situations where the features 
are not provided in full and each collection of features incurs variable cost, such as 
with medical examination. 

• To solve this problem, we formulated it into an optimization problem of 
simultaneously minimizing the prediction loss and the feature acquisition costs, and 
derived a joint learning framework for the classifier and the RL agent. 

• We validated our model on both synthetic and real medical datasets to confirm the 
superiority of proposed feature level set embedding under our joint learning 
framework.



Introduction

Most of active learning approach require task-specific design or are not efficient in 
the recent deep networks.

This paper aims to propose a novel active learning method that is simple but task-
agnostic, and performs well on deep networks.

If we can predict the loss of a data point, it becomes possible to select data points 
that are expected to have high losses, i.e. more informative to the current model. 

We attach a “loss prediction module” to a deep network and learn the module to 
predict the loss of an input data point.



Proposed Method



Loss Prediction Module

“Learning this two-story module requires much less memory 
and computation than the target model. We have tried to make 
this module deeper and wider, but the performance does not 
change much.”



Learning Loss

Classification 

Loss prediction



Learning Loss
MSE is not a suitable choice for this problem since the scale of the real loss l changes 
(decreases in overall) as learning of the target model progresses. 

when 𝑙𝑖 > 𝑙𝑗, this function states that no loss is 

given to the module only if መ𝑙𝑖 is larger than መ𝑙𝑗 + 𝜉, 

but otherwise a loss is given to the module to force 

it to increase መ𝑙𝑖 and decrease መ𝑙𝑗.

• For mini-batch

• For every pair,

• Total loss for batch



Experiments

Baselines: 
• Random sampling
• Entropy-based sampling
• Core-set sampling

Tasks:
• image classification as a classification task
• object detection as a hybrid task of classification and regression
• human pose estimation as a typical regression problem



Image Classification

Dataset: CIFAR-10

Target model: ResNet-18



Object Detection

Dataset: PASCAL VOC 2007+2012

Target model: SSD



Human Pose Estimation

Dataset: MPII dataset

Target model: Stacked Hourglass Networks



Loss Prediction



Limitation

• the uncertainty score provided by this method has been effective, the diversity or 
density of data was not considered

• the loss prediction accuracy was relatively low in complex tasks such as object 
detection and human pose estimation


