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Introduction
What is knowledge distillation

● Transfers knowledge from large to small model
● Model compression technique
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Student

Knowledge transfer
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● Enhances the performance of student 
● Requires training multiple teachers
● Computationally expensive
● Provides multiple diversity
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Motivation

● Requires training single teachers
● Computationally less expensive
● Lacks diversity

Diversity & complexity analysis

● Single teacher vs Multi-teacher
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TeKAP: Teacher Knowledge Augmentation

Example of shifted inter-class relationship Understanding knowledge
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Problem Statement
One-hot vs label smoothing vs logits

● One-hot: impossible, rigid, no inter class relationship, no diversity

● Label smoothing: no inter class relationship, no diversity

● Teacher logit: inter-class relationship but lacks perspectives or diversity
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TeKAP: Teacher Knowledge Augmentation

Example of shifted inter-class relationship 6

Towards TeKAP
What multi-teacher based KD does?

● Differences in predictions

● Differences in inter-class relationships i.e., probabilities

● Differences in feature-level knowledge

Generating multiple synthetic 
knowledge from one original 
teacher
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TeKAP: Teacher Knowledge Augmentation

TeKAP for (b) logit-level and (c) feature-level
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TeKAP: Teacher Knowledge Augmentation
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Proposed Method

Feature-Level Distortion Logit-Level Distortion

Total Feature-Level Loss

Total Logit-Level Loss

Total Distillation Loss

Here, α, β, and γ are the 
balancing weights
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TeKAP: Teacher Knowledge Augmentation
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Theoretical Justification

● Justification for Feature-level Perturbation 
○ As a form of regularization [2] 
○ Exposes student to a range of variations 
○ Forced to learn a robust inductive bias 
○ Mapping without being overconfident [3]
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● Justification for Logit-level Perturbation 
○ Noisy logits act as different perspectives 
○ Different sets of combinations [1] 
○ Generalize across multiple noisy versions
○ A broader range of decision boundaries
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Comparison with SOTA teaching assistant based approach

Comparison with KD on ImageNetEffect on adversarial robustness

Transferability to different datasetTeKAP on class imbalance dataset

TeKAP: Experimental Results
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Effect of TeKAP on diverse network at logit and feature levelComparison with SOTAs

TeKAP: Experimental Results
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✔

✔

✔

✔
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● Improved knowledge sources
● Enhances diversity
● Explains why knowledge distillation works and leveraged controlled randomness
● Generates multiple synthetic teacher knowledge perspectives,
● Single teacher, multiple perspectives

● Limitations & Future Works:
○ Does not optimize the noise
○ Remains train-free 
○ Plan to explore optimization-based techniques
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