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Motivation 
• Due to the high computational complexity and massive storage 

requirements, large-scale pre-trained models are difficult to deploy in 
real-world scenarios with limited resources. Existing knowledge 
distillation methods typically require the teacher and student models 
to operate within the same label space, which significantly limits their 
applicability in multi-task or cross-task settings. To address the 
challenge posed by inconsistent label spaces, this paper proposes a 
prototype-guided cross-task knowledge distillation (ProC-KD) 
approach. The goal is to transfer the intrinsic local-level features 
learned by the teacher model to various downstream tasks, thereby 
improving the generalization ability and practicality of the student 
model.  
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Main idea 
 A novel prototype-guided KD approach is proposed to migrate the 

intrinsic knowledge from a large-scale model to different small cross-
task models without fine-tuning on the downstream task and improve 
the student model generalization ability. 
 A prototype learning module is proposed to extract invariant object 

features from a large-scale teacher model. The learned prototypes 
capture generalized knowledge that is transferable across tasks with 
different label spaces. 
  A feature augmentation module is designed to enhance the student 

model by integrating the learned prototypes. This module selectively 
strengthens features relevant to the prototypes and suppresses 
irrelevant ones, improving the generalization performance of the 
student model in cross-task scenarios. 
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• Prototype learning module: extracts generalized, invariant object representations (prototypes) from the 
teacher’s hidden features. 

• Feature augmentation module: enhances the student’s features using the learned prototypes via 
attention mechanisms. 

Method 
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Method 

1. Prototype learning module:  2. Feature augmentation module:  
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Results 
1. Cross-task KD 
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Results 
2. Same-task KD 
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2. Same-task KD 
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2. Same-task KD 
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Conclusions 
To solve the issue of applying a large-scale model to different 
downstream tasks, a prototype-guided cross-task KD method ProC-
KD is proposed, wherein the label spaces of the teacher network 
and the student network are inconsistent. Specifically, the prototype-
based representation learning module is trained to capture the 
invariant intrinsic local-level representations of objects, leveraging 
the robust capability of the teacher network. Then, the learned 
prototypes are used to augment the student network features to 
improve the generalization ability of the student network. We 
conduct experiments on image classification and object detection 
tasks, and the quantitative and qualitative results demonstrate the 
effectiveness of our ProC-KD for cross-task KD. 
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