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Introduction

Objective: jointly determine how many features to acquire at each step (group size), when to stop, 
and class label of each instance — minimizing total expected acquisition + misclassification cost

Related Work

SeqFDM: instance–wise acquisition of dynamically–sized feature groups with DP–optimal stopping

Results

This material is based upon work supported by the National Science Foundation under Grants ECCS–1737443 & CNS–1942330. 2026 European Signal Processing Conference (EUSIPCO)
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Group-Based 
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Same subset for all instances – ignores instance 
variability

Tailored per instance; requires all features upfront

Exploits feature dependencies — groups are static 
and instance–agnostic

Sequential acquisition, one feature at a time; no 
adaptive grouping
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Adaptive 

Static Feature Selection is insufficient

Sequential + Instant-wise Acquisition

Problem Description

Assumptions:

• Expected total cost (acquisition + misclassification):

Choose {𝜹𝒒}𝒒=𝟏
𝑸

, Q, YQ (group sizes, stopping stage, label) that minimize J

1. fixed global acquisition order 
2. class–conditional feature independence 
3. max group size δ

V2

H1 = { V1 , V2 , V3} H2 = { V4  , V5} H3 = { V6  , V7}

Group into super-features

V4 V5 V6V3V1 V7

V2 V3V1 V4 V5 V6 V7Features
V = (V₁, …, VU)ᵀ

Label
C ∈ {C₁, …, CM}

Instance t ∈ T 
( V, C )

Feature Cost 
dᵤ > 0

Misclassification Penalty
Nₖₗ ≥ 0

Feature acquisition cost Expected Misclassification cost

Solution

• Belief over classes after q super–features, updated by Bayes’ rule:

Optimum Classification

Optimum Stopping via DP

cost of stopping  g(ζq)

• Expected continuation cost for acquiring z ∈ {1, …, δ} more features:

• Next group size minimizes continuation cost:

• Stopping rule:

cost of continuing  Ã𝒒
𝒁 (ζq)vs.

Posterior Update

Proposed Approach: SeqFDM

Training (offline)

Testing (online)

Fig: SeqFDM test-stage operation: stop-vs-acquire decisions at each step

Posterior Simplex 
Discretize with precision 𝜂→

candidate beliefs {𝜁𝑞}

Offline Optimization
Estimate Likelihoods

Solve DP + Classification

Policy Table 
𝜁𝑞→ Stop/ Next Group 

with group Size 𝛿𝑞+1

Step 1  – Subset Acquired
H1= { V1 , V2 , V3 , V4 }

Step 2  – Subset Acquired
H2  = { V5  , V6}

Classify

V2V1 V3 V4 V5 V6 ……. VU

H1
H2

Fig: Feature ordering strategies

Results

Fig: Effect of feature cost du

Tab: SeqFDM vs. ETANA: accuracy, #features, inference time

Tab: Heterogeneous feature costs (Disease Prediction)

Accuracy 
Gain

Feature 
Saving

Speedup

+4 %
Leukemia
Prostate

↓ +50 %
Leukemia

~50 %
Faster 

Inference
+9 %

Spambase

↓23%
Prostate

Heterogeneous Feature Cost
98.3% Accuracy

27.7x Cost reduction Compared to gI and GLasso

vs. gI
↑ Accuracy 33%

↓ Features 99.9% fewer

vs. Glasso
↑ Accuracy 11%

↓ Features  <0.5% used

Conclusions

Cost-aware, adaptive group acquisition

Comparable accuracy, fewer acquired features

Faster inference than prior methods

Relax maximum 
group size 
constraint

Alternative 
feature ordering 

scheme

Heterogenous 
cost structures

Takeaways Future Work

Fig: Instance-wise feature group acquisition, SeqFDM vs. gI on Diabetes, two examples

9 public datasets (MLL, Dexter, Leukemia, Prostate, Lung2, Madelon, Spambase, Eye, Diabetes) 
·5–fold CV · metrics: accuracy, avg. #features, inference time · baselines: ETANA, gI, GLasso · 
Max–Variance ordering, δ = 3, 4 bins, 0.1 group discount

https://imagine9lab.github.io/
https://imagine9lab.github.io/
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