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Abstract

Self-knowledge distillation (SKD) enables single-model training by distilling
knowledge from the model’s own output, eliminating the need for a separate teacher
network required in conventional distillation methods. However, current SKD meth-
ods focus mainly on replicating common features in the student model, neglecting
the extraction of key features that significantly enhance student learning. Inspired
by this, we devise a self-knowledge distillation framework entitled Self-Distillation
training via Proximal Gradient Optimization or SDPGO, which utilizes gradient in-
formation to identify and assign greater weight to features that significantly impact
classification performance, enabling the network to learn the most relevant features
during training. Specifically, the proposed framework refines the gradient infor-
mation into a dynamically changing weighting factor to evaluate the distillation
knowledge via the dynamic weight adjustment scheme. Meanwhile, we devise the
sequential iterative learning module to dynamically optimize knowledge transfer
by leveraging historical predictions and real-time gradients, stabilizing training
through mini-batch-based KL divergence refinement while adaptively prioritizing
task-critical features for efficient self-distillation. Comprehensive experiments on
image classification, object detection, and semantic segmentation demonstrate that
our method consistently surpasses recent state-of-the-art knowledge distillation
techniques. Code is available at: https://github.com/nanxiaotong/SDGPO.

1 Introduction

In the past few years, deep neural networks (DNNs) have achieved great success in computer vision
tasks, including image classification [15, 45], object detection [22, 41], semantic segmentation
[11, 38] and others. Due to the over-parameterization and high computational complexity of DNNs,
deployment costs are increasingly significant. Knowledge distillation (KD) [14] addresses this by
transferring knowledge from a large teacher model to a lightweight student via soft target alignment,
uniquely enabling efficient compression and fast inference without structural modifications.

Despite its benefits, pre-training a high-capacity teacher network requires considerable computational
sources and run-in memory. Furthermore, the capacity gap issue [49, 65, 26]has persistently hindered
the development of knowledge distillation. In conventional offline KD, a one-way knowledge transfer
is applied through a two-stage training process to steer the learning of the student network [21, 43, 12].
In contrast, online KD operates without dependence on a pre-trained teacher, instead enabling an
ensemble of students to learn collaboratively in an end-to-end fashion [59, 28, 46, 52]. Consequently,
existing KD methods, whether online or offline, tend to be computationally expensive and time-
consuming, thereby hindering their deployment on resource-constrained end devices such as mobile
phones and digital cameras.
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Figure 1: Brief comparison of our SDPGO with data-augmentation and auxiliary-architecture methods.
SDPGO utilizes the gradients to identify and distill the most valuable and relevant knowledge.

To address these limitations, SKD [57] addresses these limitations by enabling self-distillation through
a single network that acts as both a teacher and a student. As depicted in Figure 1(a), a prevalent
framework in SKD employs auxiliary techniques to enhance the training signal. Augmentation
strategies [48, 18] enhance model consistency by enforcing prediction invariance across different
augmented views of the same input. Parallelly, historical predictions [36, 20] generated during earlier
training iterations act as dynamic soft labels to regularize current updates. Another line of work
introduces auxiliary network components [61, 54], where knowledge from deeper layers is distilled
into shallower ones via dedicated pathways in Figure 1(b). However, existing SKD approaches often
rely on �xed or heuristically de�ned weights to prioritize featuresduring knowledge transfer. These
weights remain static throughout the training process, thus failing to adapt to the evolving importance
of features as the model learns.

In this work, we are committed to continuously evaluate feature importance through gradient magni-
tudes within each mini-batch, enabling instantaneous prioritization of task-critical features. Unlike
static distillation methods, our method performs real-time re�nement of the knowledge, as illustrated
in Figure 1(c), enabling dynamic adaptation to evolving data distributions and training dynamics.
Speci�cally, our method leverages real-time gradient analysis to dynamically shift its attention.
During high-gradient phases, it ampli�es the distillation loss for features that drive immediate perfor-
mance gains. Conversely, in low-gradient phases, it recalibrates attention toward under-optimized
features to prevent premature convergence.

Motivated by our �ndings, we propose Self-Distillation training via Proximal Gradient Optimization
(SDPGO), a novel self-knowledge distillation framework that integrates sequential iterative learning
with gradient-driven feature analysis. Our method uses a proximal weight assignment module to
assess the importance of intermediate features via their gradient magnitudes from mini-batches. This
mechanism, rooted in proximal gradient theory, enables real-time prioritization of high-impact fea-
tures while adaptively suppressing less critical ones through sparsity-aware optimization. Meanwhile,
the framework leverages sequential iterative updates to re�ne knowledge across training steps. Each
iteration's KL divergence between current and previous predictions (from the latter half of mini-
batches) creates a feedback loop, allowing the model to incrementally correct errors and consolidate
accurate knowledge without additional computational overhead.

Contributions. This work overcomes existing SKD limitations in the utilization of dynamic critical
features during training. In doing so, we make the following contributions:

• Enables Real-Time Knowledge Re�nement. We propose a simple but ef�cient self-
knowledge distillation based on proximal gradient optimization scheme, named as SDPGO,
which leverages the gradients of each mini-batch to dynamically weigh the importance of
features (see Figure 2). Unlike static SKD methods, SDPGO re�nes knowledge transfer in
real time, eliminating reliance on external teachers and enabling the model to learn critical
features directly from its own training trajectory.

• Dynamic Gradient-Driven Weight Assignment: We introduce a dynamic weight assign-
ment scheme for self-distillation that dynamically evaluates the importance of extracted
features by leveraging gradient magnitudes within each mini-batch. This scheme prioritizes
features with larger gradients, thereby guiding the student model to focus on the most
impactful knowledge and adapt to ongoing training dynamics.
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Figure 2: An overview of our SDPGO framework, which uses sequential iterative learning and
gradient-based feature weighting to generate soft labels. This process calculates the KL divergence
between iterations and assigns weights to features according to their gradient contributions.

• Implementation and Evaluation: We conduct extensive experiments on image classi�ca-
tion, object detection, and semantic segmentation datasets based on different popular network
architectures, where the proposed SDPGO framework outperforms recent state-of-the-art
KD methods with a clear margin. In addition, ablation experiments further demonstrate the
effectiveness of our method.

2 Related Works

KD compresses neural networks by transferring knowledge from a high-capacity teacher to a
lightweight student, enabling ef�cient deployment of the compact model. KD leverages the teacher
model's knowledge by utilizing 1) class predictions as soft labels [60, 7], 2) correlations between
multiple samples [33, 42, 3], or 3) feature maps containing spatial information from intermediate lay-
ers [4, 2, 10]. Under the guidance of a teacher model, the student model trained in an of�ine learning
way is typically effective. However, the entire training process is time-consuming and complex, as it
requires retaining a large amount of persistent data to train a strong teacher model. In contrast, online
KD [27, 52, 34, 39] eliminates the need for larger teacher models, instead training a group of student
networks by learning from each other's predictions. However,there are two key limitations: (1)
online KD depends on using an ensemble teacher to improve the student model's performance, and
(2) selecting the optimal student model requires considerable computational resources for training.

Compared with the conventional KD, SKD [55, 58, 19] uses the student network itself as a teacher to
guide its learning process, which utilizes the information within the student model. In recent years, a
series of SKD methods have been continuously proposed. BYOT [58] attaches auxiliary classi�ers
to each stage, using the �nal classi�er's output as teacher knowledge to train them. FRSKD [18]
employs an auxiliary self-teacher network with bidirectional paths to transfer re�ned features and
soft labels to the classi�er. However, these methods rely on auxiliary models, which complicates
training by increasing memory and time costs. Meanwhile, data augmentation was used for SKD.
For example, MiSKD [51] combines SKD with image mixture to distill features and distributions
between original/mixed images via a self-teacher network, enhancing self-boosting. Meanwhile, SKD
uses historical information as a virtual teacher, treating predictions from previous model versions as
regularization targets. These methods takes the predictions output for knowledge transfer from its
last generation [9], last mini-generation [50, 36] or last epoch [20].

Recently, some researchers [25, 63] begin to employ gradients to assess the importance of feature
maps. These methods assigns static or prede�ned weights to features impacting task loss, primarily
emphasizing knowledge transfer from teacher to student. Unlike previous approaches, we design a
proximal gradient optimization mechanism that dynamically re�nes gradient-derived weights during
training. This adaptively prioritizes features most relevant to task loss, optimizing representation
learning in an end-to-end manner.
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3 Proposed Approach: SDPGO

Notations. We denote a set of labeled dataset asD = f (x i ; yi )g
N
i =1 , whereN is the dataset's size.

xk
i denotes thei-th sample and it belongs to categoryk. We sample a batch samples to feed into target

neural networkf (�) to optimize the cross-entropy loss function. Then, we obtain the logit vector
zi , and then yields the prediction probabilitiesp i (k) = f (xk

i =� ) by a softmax function. Hence, the
temperature parameter� is introduced to control the importance of thei -th soft target as follows:

p i (k) =
exp(zi =� )

P K
j =1 exp(zj =� )

; (1)

where thezi is the predicted value of classi from fully connected layer, and� denotes a temperature
parameter. A softmax function with� transforms an original vector into a probability vector.

3.1 Sequential Iterative Learning Module

We employ the sequential iterative learning module to measure the consistency of two adjacent
batches. This module uses backup information from the last mini-batch to generate soft targets. We
partition each mini-batch into two sequential segments: half aligned with the prior iteration and half
with the next iteration. This strategy enables real-time distillation of dynamically updated soft targets
generated from preceding training steps.

The student model acts as its own teacher by reorganizing sequential sampling. Each mini-batch is
divided into halves aligned with the previous and upcoming iteration respectively. The model applies
KL divergence between classi�er outputs from different iterations to align predictions, while utilizing
historical outputs for enhanced regularization. We denote the current batch ofn samples in thet th

iteration asBt = f (x t
i ; yt

i )g
n
i =1 . Afterwards, they are fed into convolutional layers to obtain their

representation vectors as prediction distributionsp �;t
i . Our work uses historical information from

the last batch to ef�ciently generate soft targets as more instant smoothed labels for regularization.
we substitute thep �;t � 1

i by the soften labelsp �;t � 1
i generated by the identical network att � 1-th

iteration. The main difference from conventional KD is that the teacher model dynamically evolves
during training, with thet-th iteration predictions used as the teacher's knowledge without incurring
any loss. Consequently, the student is trained with the consistency regularization loss as follows:

L SIL = � � 2 1
n

nX

i =1

�
nX

i =1

p �;t � 1
i log

p �;t � 1
i

p �;t
i

| {z }
D KL

: (2)

wherep �
i is the soften prediction, parameterized by temperature� from the student itself. Then, the

total loss combines KL divergence with hard-label cross-entropy, enabling end-to-end optimization
of the single network:

L CE =
1
N

NX

i =1

H (y i ; pi ) ; (3)

whereH is the cross-entropy loss between the ground-truth labelyi and the predictionpi .

3.2 Proximally Weight Assignment Module

We propose a gradient-driven dynamic weighting scheme to enhance knowledge distillation, where
feature importance is evaluated via gradient magnitudes. High-gradient features receive ampli�ed
attention to prioritize impactful knowledge, while low-gradient features trigger adaptive recalibration
toward under-optimized parameters. To obtain the importance of the feature, we de�ne the gradients
of thek-th feature map in layerl as:

wl
k =

1
W

WX

i =1

HX

j =1

�
�
�
�
�
@LT ask

@Fli;j;k

�
�
�
�
�

(4)
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whereF l
i;j;k is thek-th feature representations of thel-th layer, andi; j are two location vectors. Next,

we calculate the gradient of the lossL ask with respect to the featureF . The raw gradient-derived
weightswl

k (Eq. 4) is re�ned via a proximal operator to enforce sparsity and stability:

ŵl
k = Prox �

�
wl

k

�
=

�
wl

k � � if wl
k > �

0 otherwise
(5)

where� is an adaptive threshold controlling feature sparsity using only moving averages, thus the
corresponding loss can be:� t = �� t � 1 + (1 � � ) � jw j1

K . � t is dynamic threshold at stept, � is the
momentum factor.jwj1 is L1-norm of gradient wights in current batch.K is the numbers of features
in batch. This step suppresses less impactful features while retaining those with signi�cant gradients,
aligning with the proximal gradient principle of separating critical and non-critical components. Next,
we compute the mean absolute value of the gradient for each weight parameter. Then, we apply
Z-score normalization to these values, given by:

M l = Z-score

 �
�
�
�
�

MX

k=1

ŵl
k

�
�
�
�
�

!

(6)

whereM l is a spatial feature map(R H � W ) derived from channel-summed activations with position-
wise Z-score normalization, whereH andW represent height and width, respectively.l indicates
an intermediate layer.L is the total number of intermediate layers considered for distillation.
Dimensionality reduction occurs through spatial averaging after normalization. We assign weights
to features according to their impact on overall loss. This process effectively highlights the most
in�uential features, ensuring that the model focuses on the aspects of the data that contribute the
most to its performance. The method incorporates a dynamic weight,� , that balances the task and
distillation losses. This scalar parameter is integrated into the �nal loss function to modulate the
in�uence of each component. Therefore,� in all network layers is computed as follows:

� =
1
L

LX

l =1

0

@ 1
HW

HX

i =1

WX

j =1

M l [i; j ]

1

A (7)

In previous SKD methods, the student remains unchanged because the overall task loss is usually set
to a �xed value during training. However, SDPGO go a step further by leveraging the gradients of
feature maps at immediate layers and transforming them into a dynamic hyperparameter. Similar to
learning rate scheduling, this hyperparameter controls the degree to which the model captures valuable
information about each feature's contribution. This approach allows the model to dynamically adjust
its focus on features as their importance changes during training. The goal of our SDPGO method is
to utilize gradient information via assigning greater weights to critical features.

3.3 Overall for SKD

With the sequential iterative learning module and the gradient information extraction module, we
calculate the corresponding loss and propose SDPGO as shown in Fig. 2. We train all models with
the total loss for SKD as follows:

L Total = L Task+ � L SIL : (8)
whereL Task is the domain-speci�c �nal objective loss. For image classi�cation setting, this is de�ned
as the cross-entropy loss between the hot ground-truth labely and the predicted distributionp.

4 Experiments

In this paper, we conduct experiments on �ve visual recognition datasets, namely CIFAR-10/100 [24],
ImageNet [6], CUB200-2011 [44], and Cars196 [23]. We employ eight representative architectures
[40] for evaluation, namely VGG-16/19 [37], ResNet-32/110 (abbreviated as R-32/110) [13], WRN20-
8 [56], DNet-40-12 [17], Shuf�eNet-V2 (abbreviated as SN-V2) [32] and MobileNet-V2 (abbreviated
as MN-V2) [16]. All results are reported in means (standard deviations) over 3 trials.
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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� to show its performance gain.

Dataset Methods Vgg-16 R-32 R-110 WRN-20-8 DNet-40-12 SN-V2 MN-V2

C10

Baseline 93.97 93.46 94.79 94.53 92.91 92.70 93.31
BYOT [58] 94.03 93.57 94.86 94.14 93.01 92.99 93.73

EFWSNet [62] 93.85 93.97 94.92 94.68 93.39 93.23 93.88
PS-KD [20] 94.10 94.04 94.91 95.01 93.23 93.45 94.02
FRSKD [18] 94.38 94.78 95.23 95.27 94.21 94.17 94.76

DLB [36] 94.62 94.15 95.15 95.54 93.43 95.10 94.46
MiSKD [51] 93.82 95.59 95.93 93.93 94.25 95.29 94.91
FASD [48] 94.21 95.45 95.66 94.52 94.39 95.34 94.86

SDPGO 95.90 96.44 95.98 95.70 95.60 95.73 95.43
� 1.93 2.98 1.19 1.17 2.69 3.03 2.12

C100

Baseline 73.63 71.74 76.36 77.58 71.69 71.82 68.08
BYOT [58] 73.79 72.39 77.75 77.68 77.04 72.97 68.72

EFWSNet [62] 73.92 73.54 75.81 78.02 76.95 72.87 69.45
PS-KD [20] 74.05 72.51 77.15 78.74 72.52 74.55 69.74
FRSKD [18] 76.72 75.34 79.15 78.95 77.12 75.23 70.25

DLB [36] 76.12 74.07 78.18 79.21 72.52 75.51 69.47
MiSKD [51] 76.57 75.12 78.86 78.07 76.85 76.52 71.66
FASD [48] 75.52 75.42 78.52 78.62 77.24 76.76 71.75

SDPGO 76.85 75.57 79.31 79.36 78.04 77.29 72.25
� 3.22 3.83 2.95 1.78 6.35 5.47 4.17

Dataset. CIFAR-10/100[24] contain a total number of 60,000 RGB natural images of 32� 32 small
RGB images drawn from 10 and 100 categories, respectively. ForImageNet[6], we use 1.2 million
images for training and 50,000 images for validation. The size of input images after pre-processing is
224� 224. CUB200[44] andCars196[23] are used for �ne-grained visual recognition (FGVR)
tasks. Different from CIFAR and ImageNet, FGVR datasets typically have fewer data instances per
class, making the task more challenging. More details are available in Appendix A.

Baselines. We compare our SDPGO with different SOTA SKD methods, be your own teacher
(BYOT) [58], feature-sharing and weight-sharing based ensemble network (EFWSNet) [62], pro-
gressive self-KD (PS-KD) [20], feature re�nement via SKD (FRSKD) [18], distillation from last
mini-batch (DLB) [36], SKD from image mixture (MiSKD) [51], normalized knowledge distillation
(NKD) [54], and feature augmentation based self-distillation method (FASD) [48].

Implementation details. We used the Stochastic Gradient Descent (SGD) optimizer with a
momentum of 0.9, a weight decay of 5e-4, and a temperature� of 3. On CIFAR-100, we used a
batch size of 64, an initial learning rate of 0.05, and trained the model for 240 epochs. For ImageNet,
training was conducted over 100 epochs, with learning rate adjustments at epochs 30, 60, and 90 by
multiplying the learning rate by 0.1. For CUB200, the learning rate was set to 0.05 with a warmup
period of 2 epochs, a batch size of 64, and a total of 240 training epochs. The learning rate was
adjusted at epochs 70, 140, and 210 by multiplying it by 0.1, while all other hyperparameters remained
constant. For Cars196, training was conducted for 200 epochs, with learning rate adjustments at
epochs 60, 120, and 180 by multiplying it by 0.1. Experimental details about Pascal VOC, ADE20K
and Cityscapes are in Appendix B.

4.1 CIFAR Classi�cation Result

We compare the KD results of different methods under various backbone networks settings in Table
1. Across different architectures, all networks show improvements on these two datasets when using
SDPGO. We �rst compare our method with the latest SKD techniques, BYOT [58] and EFWSNet
[62], both of which are combined with auxiliary architectures. Our method consistently delivers
signi�cant improvements to the student. Speci�cally, ResNet-32 achieves 94.44% and 75.57%
top-1 accuracy on CIFAR-10 and CIFAR-100, respectively, re�ecting accuracy gains of 5.87% and
3.83% than BYOT [58] through the knowledge transferred from gradient information. Furthermore,
compared to input-space data augmentation methods, our SDPGO approach provides a signi�cant
boost in top-1 accuracy for classi�cation tasks. Speci�cally, with a DNet-40-12 backbone, SDPGO
achieves gains of 1.35% on CIFAR-10 and 1.19% on CIFAR-100 than MixSKD. This result shows
that student models distilled by SDPGO bene�ts from our gradient optimization as well.
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Figure 3: Visualization of the target and top-2 non-target class values of our customized soft labels.

Table 2: Top-1 and Top-5 accuracy (%) of our
SDPGO method. ResNet-18 is used as classi�er
network on the ImageNet dataset.

Methods ResNet-18 Gain(" )Top-1 Top-5
ResNet-18 69.75 89.07 -
FitNet [1] 71.61 90.51 1.86
Review [4] 70.81 89.98 1.06

CAT-KD [12] 71.22 90.26 1.47
CRD [42] 71.17 90.13 1.42
SSKD [47] 71.62 90.67 1.87
DCCD [30] 71.95 90.88 2.2
BYOT [58] 69.84 89.62 0.09

EFWSNet [62] 72.36 91.74 2.61
PS-KD [20] 71.59 90.85 1.84
FRSKD [18] 70.17 90.52 0.42

DLB [36] 70.12 90.27 0.37
MiSKD [51] 71.67 91.20 1.92
FASD [48] 71.70 90.91 1.95

SDPGO (Ours) 72.47 92.56 2.72

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

Method CUB200 Cars196
Top-1 Top-5 Top-1 Top-5

ResNet-18 69.66 91.66 71.82 91.04
+ BYOT [58] 73.38 91.18 79.35 94.70
+ DLB [36] 76.10 93.37 78.28 93.13
+ MiSKD [51] 71.11 91.37 82.94 95.83
+ SDPGO 78.06 94.77 84.17 96.44
ResNet-50 74.36 92.52 76.44 92.26
+ BYOT [58] 77.76 94.22 80.17 94.78
+ DLB [36] 80.69 95.62 82.94 95.83
+ MiSKD [51] 75.96 93.03 77.90 93.55
+ SDPGO 81.69 95.88 89.20 98.16
MobNet-V2 73.09 91.82 72.15 93.01
+ BYOT [58] 74.25 91.92 82.51 95.03
+ DLB [36] 78.08 94.32 81.72 92.93
+ MiSKD [51] 73.65 91.23 82.69 94.41
+ SDPGO 78.67 94.75 85.28 96.69

4.2 ImageNet Classi�cation Result

As shown in Table 2, SDPGO outperforms advanced KD methods in terms of top-1 and top-5
accuracies, achieving the highest scores of 72.47% and 92.56%, respectively. We select current
feature-based KD methods with the utilization of intermediate representation or feature embedding.
For feature-based methods, the second-best method DCCD [30] exhibits inferior performance to
our SDPGO, highlighting its limitations in distilling knowledge due to relying on expert knowledge
from the teacher model. For self-KD methods, SDPGO surpasses the best-competing FASD [48] by
0.77% top-1 accuracy gains, which enables successful SKD. SDPGO surpasses other SOTA methods
with clear gains, demonstrating its superiority in large-scale datasets. These �ndings con�rm the
effectiveness of SDPGO in distillation optimization, highlighting its versatility and strength.

4.3 Fine-grained Classi�cation Result

For �ne-grained image classi�cation, Table 3 presents the top-1 and top-5 accuracy of SDPGO
compared to other SKD methods across different backbones. We observe the top-1 acc of 82.94% and
82.69% on Cars196 when Mixup is combined with SKD, which is 4.66% and 0.97% improvement of
DLB. When comparing with MixSKD, SDPGO demonstrates superior performance on �ne-grained
classi�cation tasks, achieving the highest accuracy across all datasets. Speci�cally, SDPGO surpasses
the second-best results by 1.60%, 3.63%, and 1.59% on three networks, respectively. This signi�cant
improvement highlights the effectiveness of our approach in combining sequential iterative learning
and gradient information extraction.

4.4 Visualization

Figure 3 illustrates how our self-distillation method, 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 method from Eq. 6, higher weights are assigned
to classes similar to the target, enhancing the overall learning process. These results demonstrate
that SDPGO's soft labels prioritize classes with high semantic af�nity, thereby facilitating improved
discrimination and robustness by emphasizing inter-class relationships during training.
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