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Overview

• Knowledge distillation transfers knowledge from large teacher model to compact student.

• However, a too large performance gap between teacher and student hampers training.

Motivation:

Idea & Method:

Results

❖ We introduce a dynamic teacher model trained alonaside the student to maintain a reasonable 

performance gap.

❖ Parameter sharing between student and teacher for direct knowledge inheritance

❖ Bidirectional mappings:

• Consistently outperforms existing distillation methods (+1.58%)

• Generalizes well to training from scratch (+1.80%) and fine-tuning (+0.89%)

Inverse Reparameterization (IR): Student → Teacher expansion

Channel-Branch Reparameterization (CBR): Teacher → Student extraction



3

Fig. Overview of the proposed Gap Preserving Distillation (GPD) method.

Method Overview

Dynamic teacher

Preserves appropriate performance gap during 

training

Bidirectional Mappings

• Inverse Reparameterization (IR):

Expands student to create dynamic teacher

without sacrificing accuracy

• Channel-Branch Reparameteriztion(CBR):

Extracts effective student from dynamic teacher

Parameter Sharing

• Enables more direct knowledge inheritance
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Fig. Illustration of channel-level inverse reparameterization with an expansion ratio of 𝑟.

Build Dynamic Teacher via Inverse Reparameterization

➢ Channel-level:

• Replicate weights and applies scaling to compensate for the increased number of channels

• Introduces noise for breaking symmetry between replications

IR expands the student model along two dimensions while preserving accuracy

Scaling： Adding noise:

Fig. Illustration of branch-level inverse reparameterization.

➢ Branch-level:

• Transforms single conv layer into multi-branch structure

• Zeros-out additional branches initially to preserve original output
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Parameter Sharing via Channel-Branch Reparameterization

Fig. Illustration of the forward process for the student and dynamic teacher models.

Student and dynamic teacher share parameters for direct knowledge inheritance

• Student conducts online reparameterization

• teacher performs direct forward pass
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Parameter Sharing via Channel-Branch Reparameterization

➢ Channel-Level Reparameterization

Extract a channel-wise slice from 𝐖𝑚
𝑙 and 

apply a scaling operation

➢ Branch-Level Reparameterization

a) Reparameterize each branch:

b) Sum up all branches:

Fig. Illustration of the forward process for the student and dynamic teacher models.
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Parameter Sharing via Channel-Branch Reparameterization

➢ Channel-Level Reparameterization

Extract a channel-wise slice from 𝐖𝑚
𝑙 and 

apply a scaling operation

➢ Branch-Level Reparameterization

a) Reparameterize each branch:

b) Sum up all branches:

Fig. Illustration of the forward process for the student and dynamic teacher models.
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Training Objective

Fig. Overview of the proposed Gap Preserving Distillation (GPD) method.

➢ Total loss combines standard KD loss with GPD-specific loss:

➢ GPD loss enables three-way knowledge transfer:

1. Train dynamic teacher

with cross-entropy

2. Dynamic teacher guides

student

3. Static teacher guides

dynamic teacher

1

2

3
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GPD consistently improves performance across different architectures

Distillation with Static Teacher
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Train from scratch

Train from Scratch / Fine-Tuning 

Model fine-tuning

Even without using a pre-trained static teacher, GPD still generalizes well to various training scenarios
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Thanks for your attention！


