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Background

Existing SKD approaches often rely on fixed or heuristically defined weights to 

prioritize features during knowledge transfer. 

remain static weights real-time gradient analysis 
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Exploratory Experiments

Efficiency and Memory Consumption :

[1] Kai Xu, Lichun Wang, Shuang Li, Jianjia Xin, and Baocai Yin. Self-distillation with augmentation in feature space. IEEE Transactions on Circuits and Systems for Video Technology, 2024. 

[2] Chuanguang Yang, Zhulin An, Helong Zhou, and Qian Zhang. Mixskd: Self-knowledge distillation from mixup for image recognition. In European Conference on Computer Vision, pages 534–551. Springer, 2022. 0

• SDPGO achieves an average inference acceleration optimization of 23.46% on Shuffle-V2 and 

Mobile-V2 backbone.

• SDPGO delivers significant memory compression, achieving approximately 3 × reduction compared 

to the state-of-the-art FASD[1] method and 5 × reduction compared to MixSKD[2] on VGG-8.
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Why can our SDPGO method win?

Observation：

• SDPGO, generates customized soft labels for each image during training, including the target class and 

the top two non-target classes. 

• By using the gradient-based dynamic weight assignment , higher weights are assigned to classes 

similar to the target, enhancing the overall learning process.

Visualization：

• the target and top-2 non-target class values of our customized soft labels
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Why can our SDPGO method win?

Sequential Iterative Learning Module

• Our work uses historical information from the 

last batch to efficiently generate soft targets 

as more instant smoothed labels for 

regularization. 

The optimization goal of DNN：

• we partition each mini-batch into two 

sequential segments: half aligned with the 

prior iteration and half with the next iteration. 

Difference： 

• the teacher model dynamically evolves during training, with the t-th iteration predictions used as 

the teacher’s knowledge without incurringany loss. 
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Why can our SDPGO method win?

Proximally Weight Assignment Module

• Feature importance is evaluated via gradient magnitudes

• Refine the raw gradient-derived weights via a proximal 

operator to enforce sparsity and stability

• Use an adaptive threshold controlling feature sparsity 

using only moving averages

• Compute the mean absolute value of the gradient for 

each weight parameter. Then, we apply z-score 

normalization to these values

• incorporates a dynamic weight α that balances the task 

and distillation losses.
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Core Idea of SDPGO

SDPGO uses sequential iterative learning and gradient-based feature 

weighting to generate soft labels.
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Experiments

CIFAR Classification Result
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Experiments

ImageNet Classification Result & Fine-grained Classification Result
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Experiments

ImageNet Classification Result & Fine-grained Classification Result
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Efficiency and expenditure

Robustness Analysis  & Training time 
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Summary

• Proposed a self-distillation framework based on gradient-driven feature 

importance evaluation.

• No teacher model or auxiliary architecture required.

• Achieves consistent improvements across CIFAR, ImageNet, and fine-grained 

benchmarks. 

• Faster inference and lower memory consumption, suitable for deployment.
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