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Background

Existing SKD approaches often rely on fixed or heuristically defined weights to
prioritize features during knowledge transfer.
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Exploratory Experiments

Efficiency and Memory Consumption :

« 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 x reduction compared
to the state-of-the-art FASD!'l method and 5 x reduction compared to MixSKD!2! on VGG-8.
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[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

San Diego @ NIPS’25 Tongtong Su (sutt@nbjl.nankai.edu.cn) 3



\} TIANIN MORMAL UNIVERSITY
-~

) *..; T -}}% ‘ ‘
D) < it 5%

Why can our SDPGO method win?

Visualization:

* the target and top-2 non-target class values of our customized soft labels

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.
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Pomeranian:0.839 bullet train:0.717 common 1guana:0.994 Clumber:0.851 megalith:0.926 garden spider:0.847/ bagel:0.969
Shetland sheepdog:0.049 Jean:0.019 African chameleon:0.002 English setter:0.067 stone wall:0.049 barn spider:0.139 pretzel:0.007
Persian cat:0.040 Streetcar:0.010 green lizard:0.002 Brittany spaniel:0.046 castle:0.009 spider web:0.006 bakery:0.004
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Why can our SDPGO method win?

Sequential Iterative Learning Module

The optimization goal of DNN: T,t
- g P;
* we partition each mini-batch into two Bt . { (Xt yt ) }ﬂ
T » ) ) — _
sequential segments: half aligned with the ¢ ¢ 1=1 N p;{’wt 1

prior iteration and half with the next iteration.

« Our work uses historical information from the |
last batch to efficiently generate soft targets Lo = —T° Z — - Z pT'f_l log li”:

as more instant smoothed labels for =

regularization.

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

the teacher’s knowledge without incurringany loss.

San Diego @ NIPS’25 Tongtong Su (sutt@nbjl.nankai.edu.cn) S}



Why can our SDPGO method win?

T

L - - » Prd
/ \ ; :

D) %47 %%
S TIANJIN NORMAL UNIVERSITY

Proximally Weight Assignment Module
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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 a that balances the task

and distillation losses.
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Core Ildea of SDPGO
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SDPGO uses sequential iterative learning and gradient-based feature
weighting to generate soft labels.
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Experiments

CIFAR Classification Result

Table 1: Top-1 accuracy (%) of various SKD methods across widely used networks on CIFAR-10
(C10) and CIFAR-100 (C100). The best results are highlighted in bold, while the second-best results
are underlined. We use A to show its performance gain.

Dataset Methods Vgg-16 R-32 R-110 WRN-20-8 DNet-40-12 SN-V2 MN-V2
Baseline 9397 9346 94.79 94.53 9291 92.70 93.31

BYOT [57 94.03 93.57 9486 94.14 93.01 92.99 93.73
EFWSNet (61 93.85 9397 9492 94.68 93.39 93.23 93.88

PS-KD [20 9410 94.04 94091 95.01 93.23 93.45 94.02

C10 FRSKD [18] 9438 9478 95.23 95.27 94.21 94.17 94.76
DLB [35] 9462 94.15 95.15 95.54 93.43 95.10 94.46

MSKD [50 0382 9559 9593 93.93 94.25 95.29 9491

FASD (47 94.2] 9545 95.66 94.52 94.39 95.34 94.86

SDPGO 9590 96.44 95.98 95.70 95.60 95.73 95.43

A .93 2.98 1.19 1.17 2.69 3.03 2.12

Baseline 73.63 71.74  76.36 77.58 71.69 71.82 68.08

BYOT [57 1379 7239 TI.TS 77.68 77.04 72.97 68.72
EFWSNet [61] 71392 7354 75381 78.02 76.95 72.87 69.45

PS-KD [20 74.05 1251 1115 78.74 12.52 74.55 69.74

C100 FRSKD [18] 76.72 75.34  79.15 78.95 17:12 1923 70.25
DLB [35] 76.12  74.07 78.18 719.21] 1252 75.51 69.47

MSKD [50 76.57 75.12  78.86 78.07 76.85 76.52 71.66

FASD [47 19.92 7542 78.52 78.62 77.24 76.76 L7

SDPGO 76.85  75.57 79.31 79.36 78.04 77.29 72.25

A 322 3.83 1.95 1.78 6.35 5.47 4.17
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ImageNet Classification Result & Fine-grained Classification Result

Table 3: Top-1 accuracy (%) of various self-
knowledge distillation methods across widely
used networks on CUB200 and Cars196 dataset.

Table 2: Top-1 and Top-5 accuracy (%) of our
SDPGO method. ResNet-18 is used as classifier
network on the ImageNet dataset.
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ResNet-18 , CUB200 Cars196

Methods Top-1  Top-5 Gain(T) Rea Top-1 Top-5 | Top-1 Top-5
ResNet-18 6075 8907 s ResNet-18 69.66 91.66 | 71.82 91.04
FitNet [1] 7161 9051 1 36 +BYOT [57] | 73.38 91.18 | 79.35 94.70
Review [4] 70.81 89 08 1 06 + DLB [35] 76.10 93.37 | 78.28 93.13
CAT-KD [11] | 71.22 90.26 1.47 + MSKD [50] | 71.11  91.37 | 82.94 95.83
CRD [41] 71.17  90.13 | 42 + SDPGO 78.06 94.77 | 84.17 96.44
SSKD 146 71.62  90.67 1 87 ResNet-50 7436 9252 | 76.44 92.26
DCCD '@J 71.95 90.88 29 + BYOT [57] 77.76 9422 | 80.17 94.78
BYOT [57] 69.84 89.62 | 0.09 +DLB [35] | 80.69 95.62 | 82.94 95.83
EFWSNet @] 7236 91.74 7 61 + MSKD [50] | 7596 93.03 | 77.90 93.55
PS-KD [20 7159  90.85 | 84 + SDPGO 81.69 9588 | 89.20 98.16
FRSKD [18] 70.17 90.52 0.42 MobNet-V2 73.09 9182 | 72.15 93.01
DLB [35] 70.12  90.27 0.37 +BYOT [57]) | 7425 9192 | 82.51 95.03
MSKD [50] 71.67 9120 | 1.92 + DLB [35] 78.08 94.32 | 81.72 92.93
FASD [47] 71.70  90.91 1.95 + MSKD [50] | 73.65 91.23 | 82.69 9441
SDPGO (Ours) | 72.47 92.56 279 + SDPGO 78.67 94.75 | 85.28 96.69
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ImageNet Classification Result & Fine-grained Classification Result

Table 4: The downstream tasks results with  Table 5: Results of training more models, includ-

SDPGO on the COCO-2017 dataset. ing ViT-liked models with SDPGO on ImageNet.
. ResNet-18 ResNet-50 Model Baseline | SDPGO (Ours)

Methods

* bbox segm | bbox segm ResNet-50 | 73.56 | 74.03 (+0.47)
baselme | 334 302 | 369 334 DeiT-Tiny 74.42 75.01 (+0.59)
MixSKD | 339 31.05 | 370 338 DeiT-small 80.55 80.89 (+0.34)
FASD 34.1 309 1 373 344 Swin-Tiny 81.18 81.95 (+0.77)
SDPGO 35.08 32.10 | 38.08 36.69 Swin-small R4 36 86.24 (+1.88)

Table 6: Overall Performance Comparison on Semantic Segmentation Tasks.

Model Method  ADE20K Cityscapes
Baseline 39.72 T74.85
MixSKD 42 .37 74.96
ResNet-50 | “pAsD 40.78 72.89
SDPGO 4275 75.01

Table 7: Performance comparison on Pascal VOC segmentation task.

Model Method mlOU Model Method mIOU
Baseline 79.07 Baseline 381.95

.. MixSKD 79.52 .. MixSKD 82.51
EfficientDet-d0 FASD R0 54 EfficientDet-d 1 FASD 23 43
SDPGO 80.67 SDPGO 33.97
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Efficiency and expenditure
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Robustness Analysis & Training time

Table &: Top-1 Acc (%) and Training time for each batch of data of competitive KD methods.

Method Baseline ReviewKkD CATKD BYoT P5-KD DLBE FASD  Owurs
Tramming Time 12 25 19 15 17
Top-1 Acc (%) 069.66 76.58 712.6 76.10 7543 T78.06 7543 T78.06
Table 9: Performance Comparison when a frac- Table 10: Performance Comparison between
tion of training data 15 noisy. SOTA S5KD and SDPGO when a fraction of data
present for training purpose.
n | BYOT PS-KD DLB FASD Our
0 | 7239 7251 7407 7542 7557 F | BYOT PS-KD DLB FASD  Ouwr
10| 6541 6275 6756 6425 7T1.56 25 | 4957 4875 S51.28 6034 6529
20 | 58.05 5756 6517 6051 6853 50 | 5825 56.23 5956 6862 7007
30 | 5325 5171 5445 5727  61.58 75 | 6343 6058 68.12 7047 T71.58
40 | 42.22 41.26 51.25 5539 5981 100 | 72.39 72 51 74.07 7542 7557
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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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