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Problem Formulation

Feature-based Distillation

Response-based Distillation

𝐿 𝑥;𝑊 = 𝛼 ∗ Η 𝑦, 𝜎 𝑧𝑠; 𝑇 = 1 + 𝛽 ∗ Η 𝜎 𝑧𝑠; 𝑇 = 𝜏 , 𝜎 𝑧𝑠; 𝑇 = 𝜏

Task Loss Distillation Loss

Optimization:



Motivation

⚫ Knowledge Distillation (KD) compresses large models for semantic segmentation but overlooks domain 

generalization.

⚫ Vision Foundation Models (VFMs) are robust on unseen domains, but conventional KD fails to transfer 

this generalization.



Motivation

min
𝜃𝑠,𝜃ℎ

𝔼(𝑥𝑆,𝑦𝑆)~𝐷𝑆[ℒ(ℋ𝜃ℎ(ℱ𝜃𝑠 𝑥𝑆) , 𝑦𝑆) + ℱ𝜃𝑡 𝑥𝑆 − ℱ𝜃𝑠 𝑥𝑆 2

2
]

Task Learning Representation Learning

decoupling

Two-stage KD 

◆ Performing feature distillation

on source images.

◆ Freezing the encoder to train

the decoder with standard task

supervision.

Key Insights



Our approach
◆ Domain-general Distillation:

min
𝜃𝑠

𝔼𝑥𝑃 ~𝐷𝑃[ℒ𝑄𝑆𝐷(ℱ𝜃𝑡 𝑥𝑃 , ℱ𝜃𝑠 𝑥𝑃 )](1) Task-agnostic Distillation

(2) Domain-agnostic Distillation min
𝜃𝑠

𝔼𝑥S ~𝐷𝑆[ℒ𝑄𝑆𝐷(ℱ𝜃𝑡 𝑥𝑆 , ℱ𝜃𝑠 𝑥𝑆 )]

◆ Task Learning: min
𝜃ℎ

𝔼(𝑥S,𝑦𝑆) ~𝐷𝑆[ℒ(ℋ𝜃ℎ(ℱ𝜃𝑠 𝑥𝑆) , 𝑦𝑆)]



Experiment Results

Table 1. Performance comparison between proposed GKD and various KD methods

in the F2L setting. P-R: Potsdam-RGB, P-I: PotsdamIRRG, V-I: Vaihingen-IRRG.

Table 2. Performance comparison between proposed GKD

and various KD methods in the F2F setting.



Experiment Results

Table 3. Performance comparison under different labeled

data fractions.

Figure 1. Performance comparison on more source domains under Citys + BDD + Map

generalization setting.

Table 4. Ablation study on distillation strategies. Table 5. Ablation study for each component.
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Please feel free to contact me if you have any questions: youngerlv@stu.xidian.edu.cn
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