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 a b s t r a c t

Model compression is widely used to deploy large neural networks on resource-constrained edge devices. Among 
existing techniques, low-rank composition is theoretically grounded in approximation theory and provides a 
strong basis for preserving model performance after compression. However, in practice, even state-of-the-art 
low-rank methods such as Tucker, Tensor Train, and Tensor Ring decomposition may still introduce substantial 
reconstruction errors. These errors are difficult to recover using conventional fine-tuning strategies, especially 
under high compression ratios. To address this issue, this paper proposes Progressive Knowledge Distillation-
Incorporated Low-Rank Compression (PKD-LRC). The proposed framework introduces three key components. 
First, a residual-compensation mechanism is incorporated into convolutional compression to reduce informa-
tion loss. Second, a dynamic temperature adjustment strategy is used to improve the fine-tuning of low-rank 
models and enhance prediction accuracy. Third, a progressive learning paradigm is developed to balance com-
pression ratio and classification performance. Theoretical analysis is conducted to investigate the effectiveness 
of the residual compensation mechanism for compressing convolutional neural networks (CNNs). The experi-
mental results on the CIFAR-100 dataset show that PKD-LRC achieves a 0.35% higher Top-1 accuracy with a 
7.75× compression ratio compared to the uncompressed VGG-16 model. On the ImageNet dataset, the proposed 
method yields a 0.20% Top-1 accuracy gain with a 2.78× compression ratio over the baseline ResNet-18 model. 
Above results indicate that PKD-LRC effectively mitigates reconstruction errors and enhances the performance 
of compressed models through adaptive fine-tuning.

1. Introduction

Over the past few years, convolutional neural networks (CNNs) 
(Song et al., 2025) have emerged as a core technique in many areas. 
They are especially effective in computer vision, powering tasks such 
as image classification (Chen et al., 2024; Yin et al., 2021), object 
detection (Chen et al., 2025; Yuan et al., 2024), and semantic segmen-
tation (Su et al., 2024). In addition, they have also been extended to 
multimodal learning scenarios, where information from multiple modal-
ities is jointly exploited to improve performance (Zhan et al., 2025). By 
leveraging multiple convolutional layers and nonlinear transformations, 
CNNs can automatically extract high-level spatial features, which signif-
icantly enhances the performance of learning models. The application of 
CNNs is no longer limited to computer vision. For example, CNNs have 
demonstrated promising performance in natural language processing 
(e.g., text categorization and sentiment detection), where fast process-
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ing and parallel computation are crucial. Moreover, CNNs are capable 
of effectively modelling multimodal information with strong adapt-
ability, thereby facilitating speech recognition, recommender systems, 
and autonomous driving. Overall, CNNs continue to play a vital role in 
advancing artificial intelligence technologies (Xue & Shen, 2024).

Despite their excellent performance in various domains, CNNs 
pose practical challenges in resource-constrained settings due to their 
substantial parameter counts. For many downstream applications, 
achieving strong performance with CNNs typically involves models 
with tens to hundreds of millions of parameters, which in turn incurs 
heavy computation during training and inference. The large model 
size significantly increases the cost of training and updating, making it 
difficult to efficiently optimize and maintain such models in real-world 
scenarios. For example, ResNet-50 has 23 million parameters, whereas 
recent models like ConvNeXt (Yu et al., 2024) contain billions of param-
eters. In addition to the high training cost, the massive parameter scale 
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also creates deployment challenges. The large size of CNNs significantly 
increases storage and memory requirements. The high computational 
requirements of large CNN architectures also pose significant obstacles 
to their deployment on constrained hardware, including mobile phones, 
drones, and various embedded platforms, all of which operate under 
strict memory and power limits. Consequently, model compression has 
become a central strategy to address these challenges.

Among various model compression techniques, low-rank decompo-
sition stands out due to its strong compression capability and solid 
theoretical foundations in approximation theory. Matrix-based meth-
ods, such as Truncated Singular Value Decomposition (TSVD) (Ruan 
et al., 2020), compress convolutional kernels by reshaping high-order 
tensors into matrices, but this process may discard their inherent multi-
dimensional structures and inter-mode correlations. Tensor decomposi-
tion methods, such as Canonical Polyadic (CP) (Phan et al., 2020) and 
Tucker decompositions (Dai et al., 2021), better preserve tensor struc-
tures. However, CP-based compression is often sensitive to rank selec-
tion and may suffer from unstable optimization under aggressive com-
pression, whereas the dense core tensor in Tucker-based methods may 
limit the achievable compression ratio. Tensor Train (TT) (Senderovich 
et al., 2022) and Tensor Ring (TR) (Xie et al., 2024) further reduce pa-
rameter redundancy through sequential factorization, but their strongly 
constrained representations may restrict the expressive flexibility of con-
volutional kernels in low-rank settings. Despite these differences, the 
above methods mainly improve the retained low-rank representation 
and generally replace the original weights with a single low-rank ap-
proximation. Therefore, the residual information discarded during rank 
truncation is rarely modeled or compensated for explicitly.

Building upon low-rank decomposition-based compression, recent 
studies have explored hybrid compression frameworks to overcome the 
limitations of relying on a single compression technique. One line of re-
search treats low-rank decomposition as the primary compression mech-
anism and incorporates knowledge distillation into the subsequent fine-
tuning stage. Specifically, knowledge distillation has been employed in 
Hajimolahoseini et al. (2022) and Zeng et al. (2024) to recover the 
predictive performance of low-rank models after decomposition. How-
ever, in these methods, knowledge distillation mainly serves as an aux-
iliary recovery strategy and generally follows a predefined tempera-
ture configuration, without explicitly adapting the knowledge-transfer 
process to the evolving representational capacity and learning state of 
the compressed student. Another line of research takes knowledge dis-
tillation as the primary framework and applies low-rank decomposi-
tion to the teacher model. In Dai et al. (2021) and Sepahvand et al. 
(2022), the teacher network has been compressed to reduce the capacity 
and structural gaps between the teacher and student, thereby facilitat-
ing knowledge transfer. Nevertheless, such approaches mainly improve 
teacher–student compatibility through teacher compression, while the 
distillation process itself still lacks a dynamic mechanism for adapting 
knowledge transfer to the evolving representational capacity and learn-
ing state of the compressed student. Therefore, existing hybrid frame-
works remain insufficiently adaptive during the post-compression re-
covery process, particularly under high compression ratios.

Based on the above analysis, two key challenges remain to be ad-
dressed.

1. Lack of an innovative error compensation mechanism: The approxima-
tion error induced by low-rank composition is neither explicitly mod-
eled nor effectively compensated, which often leads to noticeable 
performance degradation.

2. Lack of effective accuracy-recovery strategies: Low-rank compression 
inevitably causes performance degradation, and conventional fine-
tuning methods based on static-temperature distillation cannot suf-
ficiently accommodate the evolving representational capacity and 
learning state of the compressed student.
To address the aforementioned critical challenges, a Progressive 

Knowledge Distillation–incorporated Low-Rank Compression (PKD-

LRC) method is proposed in this paper, drawing on ideas from transfer 
learning (Dai et al., 2021; Hu et al., 2024; Yang et al., 2024) and the 
residual compensation mechanism (RCM) (Bai et al., 2025; Wang et al., 
2024). Specifically, the proposed PKD-LRC method is developed based 
on three key components:

1. a Residual-compensated Tucker-2 (ResTucker-2) compression frame-
work for enhancing the performance of low-rank compression mod-
els;

2. a dynamic temperature adjustment scheme for fine-grained optimi-
sation and improved accuracy recovery; and

3. a growth mechanism for balancing compression ratio and predictive 
performance more effectively.

The main contributions of this paper are summarized as follows:

1. A novel low-rank compression framework. A high-accuracy and 
parameter-efficient CNN compression framework is developed for 
deployment on resource-constrained devices such as drones, robotic 
platforms, and other mobile intelligent systems.

2. Theoretical analysis of residual compensation. A theoretical guaran-
tee is established to show that the proposed residual-compensated 
decomposition yields a strictly tighter reconstruction error bound 
than conventional Tucker-2 decomposition, thereby ensuring that 
the residual compensation step does not increase the approximation 
error.

3. Empirical validation across multiple benchmarks. Extensive experi-
ments are conducted on five benchmark datasets, demonstrating that 
the proposed method outperforms some state-of-the-art low-rank 
and distillation-based compression methods in image classification 
tasks.

The rest of this paper is organized as follows. Section 2 discusses the 
related work. Section 3 introduces the preliminaries. Section 4 presents 
the methodology for the proposed PKD-LRC method. Experimental set-
tings and results are introduced in Section 5. Finally, Section 6 summa-
rizes the findings of this paper and points out potential future research 
directions.

2. Related work

2.1. Pruning

Model pruning has gained widespread attention as an effective model 
compression methods. Pruning approaches can be broadly grouped 
into unstructured and structured variants. The unstructured type elim-
inates weight elements one by one to produce sparse models, although 
real speedup often requires dedicated hardware support (Cheng et al., 
2024). In contrast, structured pruning removes entire rows or columns 
of weights, which helps reduce storage and accelerates inference while 
maintaining hardware friendliness (Shuvo et al., 2022). However, tradi-
tional structured pruning methods often rely on retraining to recover 
model performance, which incurs significant computational cost for 
large-scale language models (LLMs) (An et al., 2024). To address this 
issue, researchers have proposed various pruning methods that do not 
require retraining. For example, FLAP (An et al., 2024b) has introduced 
volatility metrics, adaptive global compression structures, and bias com-
pensation mechanisms, enabling efficient structured pruning of LLMs 
without retraining. Similarly, FASP (Zayed et al., 2024) has developed 
a fairness- and performance-oriented structured pruning method, selec-
tively removing attention heads that negatively impact fairness while 
preserving critical performance, by quantifying each head’s contribu-
tion to both fairness and language modeling. In the federated learn-
ing context, Gao et al. (2024) have proposed a device-level network 
pruning approach that generates device-specific sub-networks via su-
pernetworks and embedding layers, facilitating efficient pruning under 
heterogeneous data distributions. Although pruning-based approaches 
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effectively reduce model size and computational cost, they mainly op-
erate at the structural level by removing weights, filters, or channels. As 
a result, the remaining parameters are still represented by dense weight 
matrices or tensors. This means that pruning methods do not explicitly 
address the intrinsic redundancy within the retained parameters. In con-
trast, low-rank composition focuses on modeling and compressing this 
dense parameter redundancy by exploiting the low-dimensional struc-
ture of convolutional kernels.

2.2. Knowledge distillation

Knowledge Distillation (KD) serves as an effective compression strat-
egy by passing the knowledge of a high-capacity teacher network to 
a more compact student network, making it feasible to deploy strong 
models on resource-restricted hardware. Since Hinton et al. (2015) in-
troduced the classic KD method in 2015, researchers have continuously 
explored ways to extract knowledge more effectively from teacher mod-
els. Most classical KD techniques work by encouraging the student to 
mimic the teacher’s softened logits. This is achieved through a temper-
ature parameter that expands the output distribution and reveals the 
teacher’s hidden information. However, as research has advanced, it 
has become apparent that a single temperature parameter has been in-
sufficient to handle the diversity of output distributions across different 
samples, resulting in over-softened or under-softened logits for certain 
samples, which has hampered the effectiveness of knowledge transfer. 
To address this, several improvements have emerged in recent years. 
For instance, DKD (Zhao et al., 2022) has decoupled the distillation 
loss into target-class loss and non-target-class loss, enabling the student 
model to learn both intra-class and inter-class relationships simultane-
ously. CTKD (Li et al., 2023b) has introduced a dynamic temperature 
mechanism, which adaptively has adjusted the temperature based on 
the differences in the output distributions of the teacher and student 
models. SDD (Wei et al., 2024) has decoupled the global logit output 
into multiple local logit branches and further has divided them into con-
sistent and complementary knowledge, thereby enhancing the student 
model’s ability to distinguish fine-grained and ambiguous samples. Ad-
ditionally, CustomKD (Xiang et al., 2025) has performed customized 
alignment of features from large vision foundation models, effectively 
mitigating the structural discrepancy with edge models and significantly 
enhancing their performance in unlabeled or weakly labeled scenarios. 
Despite the significant progress in knowledge distillation, applying KD 
directly to low-rank–compressed models remains challenging. In low-
rank compression, the student model is derived from a decomposed 
structure whose representational capacity is fundamentally constrained 
by the approximation error introduced during decomposition. Standard 
KD objectives mainly encourage output-level alignment between teacher 
and student models, but they do not explicitly compensate for the struc-
tural information loss caused by low-rank truncation. Consequently, the 
effectiveness of conventional KD strategies may be limited when applied 
to aggressively compressed low-rank models.

2.3. Low-rank composition

Low-rank composition has emerged as a crucial technique for com-
pressing and accelerating CNNs, with recent studies having explored its 
potential from various perspectives and having formed interconnected 
advancements. Trained Rank Pruning (TRP) (Xu et al., 2020) has inte-
grated low-rank approximation and regularization into the training pro-
cess, eliminating the need for step-by-step SVD and simplifying the com-
pression workflow. This approach has complemented strategies like sin-
gular value sparsification and singular vector orthogonality (Yang et al., 
2020), further optimizing low-rank structures in models. Building on 
this, TT decomposition (Senderovich et al., 2022) has achieved compres-
sion while enhancing adversarial robustness by controlling the singular 
values of convolutional layers. To automate rank selection, the HALOC 

framework (Xiao et al., 2023) has employed hardware-aware architec-
ture search, while iterative adaptive rank reduction (Dai et al., 2025) 
has dynamically adjusted low-rank structures to improve compression 
flexibility and efficiency. Moreover, combining low-rank composition 
with other regularization techniques has demonstrated strong synergis-
tic effects. The CEPD framework (Sui et al., 2024) has integrated struc-
tured sparsity with low-rank composition, significantly reducing compu-
tational costs while maintaining accuracy. Similarly, PELA (Guo et al., 
2024) has incorporated feature distillation and weight perturbation reg-
ularization into low-rank compressed pre-trained models, achieving ef-
ficient compression alongside performance improvement. Despite the 
strong performance of these methods, the basic decomposition tech-
niques can introduce significant reconstruction errors, which pose chal-
lenges for optimization. Although low-rank composition provides an ef-
fective way to compress dense convolutional kernels by exploiting ten-
sor structures, aggressive rank truncation inevitably introduces recon-
struction errors. These approximation errors accumulate across layers 
and may significantly degrade model performance. Existing approaches 
typically rely on fine-tuning or knowledge distillation to recover accu-
racy, yet they rarely explicitly model or compensate for the truncated 
residual information, leaving room for further improvement.

3. Preliminaries

In this paper, we denote an 𝑁-order tensor with bold uppercase let-
ters, such as 𝐗 ∈ ℝ𝐼1×𝐼2×⋯×𝐼𝑁 . In addition, bold italic lowercase letters 
are used to represent vectors, such as 𝒙, and regular uppercase letters 
for matrices, such as X.
Definition 1  (Linear Layer Representation).  Both convolutional lay-
ers and fully connected (FC) layers can be expressed as linear transfor-
mations with respect to their parameters. Specifically, given an input 
feature 𝐗 and weight parameters 𝐖, the output 𝐘 can be written as
𝐘 =  (𝐖,𝐗), (1)

where  (⋅) denotes a linear operator corresponding to either convolution 
or matrix multiplication. 
Definition 2  (Low-rank Approximation and Residual).  Given a weight 
tensor or matrix 𝐖, a low-rank approximation 𝐖 is obtained by a de-
composition method with rank constraint 𝑟. The corresponding residual 
is defined as
𝐑 = 𝐖 −𝐖, (2)

which captures the information discarded during rank truncation. 
Definition 3  (Standard Knowledge Distillation).  Given a training 
dataset 𝐷 = {(𝑥, 𝑦)}, a teacher model 𝑓𝑡𝑒𝑎(⋅;𝐖𝑡𝑒𝑎) with parameters 𝐖𝑡𝑒𝑎, 
and a student model 𝑓𝑠𝑡𝑢(⋅;𝐖𝑠𝑡𝑢) with parameters 𝐖𝑠𝑡𝑢, standard knowl-
edge distillation trains the student model by minimizing a combination 
of the task-specific loss and a distillation loss:

min
𝐖𝑠𝑡𝑢

∑

(𝑥,𝑦)∈𝐷
𝑡𝑎𝑠𝑘

(

𝑓𝑠𝑡𝑢(𝑥;𝐖𝑠𝑡𝑢), 𝑦
)

+ 𝛼𝑘𝑑
(

𝑓𝑡𝑒𝑎(𝑥;𝐖𝑡𝑒𝑎), 𝑓𝑠𝑡𝑢(𝑥;𝐖𝑠𝑡𝑢), 𝜏
)

,

(3)

where 𝑡𝑎𝑠𝑘 denotes the cross-entropy loss for classification, 𝑘𝑑 is typi-
cally implemented as the Kullback–Leibler (KL) divergence between the 
softened output distributions of the teacher and student models, 𝛼 bal-
ances the two loss terms, and 𝜏 is a fixed temperature hyperparameter 
used to smooth the logits during distillation. 

4. Methodology

To shrink CNN models and lower their computational demands, yet 
still retain high predictive accuracy, we propose a unified compression 
strategy that integrates low-rank composition with knowledge distilla-
tion. This approach leverages the complementary strengths of structural 
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Fig. 1. PKD-LRC learning framework diagram. It consists of two main stages: decomposition and fine-tuning. In the first stage, RCM and Tucker-2 decompositions 
are employed to reduce approximation errors. In the second stage, a dynamic temperature knowledge distillation mechanism is designed to efficiently transfer the 
dark knowledge from the teacher model to the student model. During the distillation process, a progressive learning strategy is adopted to gradually update the 
temperature parameter, thereby enhancing the overall effectiveness of knowledge distillation.

compression and knowledge transfer, where low-rank factorization com-
pacts the model and distillation compensates for potential accuracy loss. 
The proposed framework lays the foundation for the subsequent de-
sign of residual-compensated decomposition and dynamic, progressively 
guided fine-tuning.

4.1. Overview

Fig. 1 illustrates the overall framework of the PKD-LRC method. 
The framework consists of three sub-models: the Pre-trained Model, 
the Low-rank Model, and the Excellent Compression Model, and in-
volves two main step: Decomposition and Fine-tuning. In Step 1, the 
RCM method is introduced into the decomposition process, forming a 
low-rank dual-branch structure that effectively reduces the approxima-
tion error caused by decomposition. In Step 2, the teacher model is 
employed to fine-tune the low-rank student model obtained in Step 1. 
Specifically, a dynamic temperature and progressive learning distilla-
tion strategy are adopted to further refine the low-rank student model. In 
brief, ResTucker-2 decomposes the residual tensor and constructs a new 
weight tensor to further reduce the approximation error. In addition, the 
fixed temperature is parameterized and updated through backpropaga-
tion. It is worth noting that the progressive learning strategy is applied 
only to the update of the temperature parameter rather than to all model
parameters.

4.2. Low-rank compression framework

To further alleviate the information loss caused by truncation in 
Tucker-2 decomposition, this work designs a RCM, referred to as 
ResTucker-2 decomposition. The proposed approach preserves the com-
putational efficiency and compactness of Tucker-2 while significantly 
improving the approximation fidelity of weight tensors.

4.2.1. Compressing the convolutional layer
Given a convolutional kernel tensor 𝐖 ∈ ℝ𝐷×𝐷×𝑀×𝑁 , where 𝐷 de-

notes the spatial kernel size and 𝑀 , 𝑁 are the numbers of input and 
output channels, respectively, we apply the Tucker-2 decomposition to 
compress the channel dimensions. The first-stage Tucker-2 decomposi-
tion is formulated as
𝐖 ≈ 𝐂(1) ×3 U(3,1) ×4 U(4,1) = 𝐖(𝑟′), (4)

where 𝐂(1) ∈ ℝ𝐷×𝐷×𝑅3×𝑅4  is the core tensor, and U(3,1) ∈ ℝ𝑀×𝑅3 , U(4,1) ∈
ℝ𝑁×𝑅4  are the factor matrices corresponding to the input and output 
channel modes. The tuple (𝑅3, 𝑅4) defines the multilinear ranks of the 
first-stage decomposition, and 𝑟′ = (𝑅3, 𝑅4) denotes the corresponding 
rank pair.

4.2.2. Residual compensation stage
Conventional Tucker-2 truncation discards the residual tensor 𝐄 =

𝐖 −𝐖(𝑟′), which may contain non-negligible energy from the discarded 
singular subspaces. Inspired by the residual compensation mechanism 
(RCM) in ResSVD (Bai et al., 2025; Wang et al., 2024), we further de-
compose the residual tensor using a second-stage Tucker-2:
𝐄 ≈ 𝐂(2) ×3 U(3,2) ×4 U(4,2) = 𝐄(𝑟′′), (5)

where 𝐂(2) ∈ ℝ𝐷×𝐷×𝑆3×𝑆4  is the second-stage core tensor, and U(3,2) ∈
ℝ𝑀×𝑆3 , U(4,2) ∈ ℝ𝑁×𝑆4  are the second-stage factor matrices, with ranks 
𝑟′′ = (𝑆3, 𝑆4).

The final residual-compensated approximation of the convolutional 
kernel is then defined as
𝐖(𝑟) = 𝐖(𝑟′) + 𝐄(𝑟′′), 𝑟 = (𝑅3 + 𝑆3, 𝑅4 + 𝑆4). (6)

The two-stage Tucker-2 process effectively recovers the residual energy 
discarded in the first truncation, resulting in a more accurate reconstruc-
tion of the original convolutional kernel.

Neural Networks 205 (2027) 109631 

4 



Y. He et al.

Theorem 1  (Non-increasing Error Property of Residual Compensation). 
Let 𝐖 ∈ ℝ𝐷×𝐷×𝑀×𝑁  denote a convolutional kernel tensor. The residual 𝐄 is 
defined the as:
𝐄 = 𝐖 −𝐖(𝑟′), (7)

suppose the residual 𝐄 is further approximated by a low-rank tensor 𝐄(𝑟′′), 
and 𝐖(𝑟′) and 𝐄(𝑟′′) are combined to form a two-stage approximation:
𝐖(𝑟) = 𝐖(𝑟′) + 𝐄(𝑟′′), (8)

then, the Frobenius norm of the reconstruction error satisfies
‖𝐖 −𝐖(𝑟)

‖𝐹 ≤ ‖𝐖 −𝐖(𝑟′)
‖𝐹 . (9)

Proof 1.  From the definition of the residual,
𝐄 = 𝐖 −𝐖(𝑟′), (10)

the overall approximation error after the second stage can be written as:
𝐖 −𝐖(𝑟) = 𝐖 −

(

𝐖(𝑟′) + 𝐄(𝑟′′)) (11)

= (𝐖 −𝐖(𝑟′)) − 𝐄(𝑟′′) (12)

= 𝐄 − 𝐄(𝑟′′), (13)

hence, the overall reconstruction error of ̂𝐖(𝑟) can be expressed in terms 
of the residual tensor 𝐄 as follows:
‖𝐖 −𝐖(𝑟)

‖𝐹 = ‖𝐄 − 𝐄(𝑟′′)
‖𝐹 , (14)

suppose that the second-stage tensor 𝐄(𝑟′′) is obtained as a best 
low-rank approximation of 𝐄 over the admissible set (𝑟′′) = {𝐀 ∶
multilinear rank(𝐀) ≤ 𝑟′′}, i.e.
𝐄(𝑟′′) = arg min

𝐀∈𝑟′′
‖𝐄 − 𝐀‖𝐹 , (15)

since the zero tensor 𝟎 ∈ 𝑟′′ , the optimality of 𝐄(𝑟′′) implies that its ap-
proximation error cannot exceed that of choosing the zero tensor, i.e.,
‖𝐄 − 𝐄(𝑟′′)

‖𝐹 ≤ ‖𝐄 − 𝟎‖𝐹 = ‖𝐄‖𝐹 , (16)

substituting 𝐄 = 𝐖 −𝐖(𝑟′) yields
‖𝐖 −𝐖(𝑟)

‖𝐹 ≤ ‖𝐖 −𝐖(𝑟′)
‖𝐹 , (17)

therefore, the residual-compensation step cannot increase the 
Frobenius-norm reconstruction error. Moreover, the inequality is strict 
whenever the second-stage approximation 𝐄(𝑟′′) captures a nonzero 
component of 𝐄 (i.e., 𝐄(𝑟′′) ≠ 𝟎 and ‖𝐄 − 𝐄(𝑟′′)

‖𝐹 < ‖𝐄‖𝐹 ).

Theorem 2  (Network-level Error Propagation Bound). Consider a com-
pressed layer with weight tensor 𝐖 and input 𝐗. Let 𝐖(𝑟′) and 𝐖(𝑟) denote 
the weights reconstructed by Tucker-2 and ResTucker-2, respectively. Assume 
that the subsequent network layers are Lipschitz continuous with constants 
𝐿𝑙+1,… , 𝐿𝐿 and are identical for the two compressed networks. Then, the 
network-level error propagation bound induced by ResTucker-2 is no larger 
than that induced by Tucker-2: 

𝐿
∏

𝑖=𝑙+1
𝐿𝑖‖ (⋅,𝐗)‖op

‖

‖

‖

𝐖 −𝐖(𝑟)‖
‖

‖𝐹
≤

𝐿
∏

𝑖=𝑙+1
𝐿𝑖‖ (⋅,𝐗)‖op

‖

‖

‖

𝐖 −𝐖(𝑟′)‖
‖

‖𝐹
, (18)

where ‖ (⋅,𝐗)‖op denotes the operator norm of the linear mapping with re-
spect to the weight parameters for a fixed input 𝐗. Moreover, the inequality is 
strict whenever ‖‖

‖

𝐖 −𝐖(𝑟)‖
‖

‖𝐹
< ‖

‖

‖

𝐖 −𝐖(𝑟′)‖
‖

‖𝐹
 and the propagation factors 

are nonzero. 
Proof 2.  According to Definition 1,  (𝐖,𝐗) is linear with respect to 
𝐖 for a fixed input 𝐗. Therefore, the perturbation introduced at the 
compressed layer by ResTucker-2 satisfies:
‖

‖

‖

 (𝐖,𝐗) −  (𝐖(𝑟),𝐗)‖‖
‖𝐹

≤ ‖ (⋅,𝐗)‖op
‖

‖

‖

𝐖 −𝐖(𝑟)‖
‖

‖𝐹
. (19)

After propagation through the subsequent Lipschitz-continuous lay-
ers, the corresponding network-output perturbation is bounded by:
𝐿
∏

𝑖=𝑙+1
𝐿𝑖‖ (⋅,𝐗)‖op

‖

‖

‖

𝐖 −𝐖(𝑟)‖
‖

‖𝐹
. (20)

Similarly, Tucker-2 gives the network-level bound:
𝐿
∏

𝑖=𝑙+1
𝐿𝑖‖ (⋅,𝐗)‖op

‖

‖

‖

𝐖 −𝐖(𝑟′)‖
‖

‖𝐹
. (21)

From Theorem 1,
‖

‖

‖

𝐖 −𝐖(𝑟)‖
‖

‖𝐹
≤ ‖

‖

‖

𝐖 −𝐖(𝑟′)‖
‖

‖𝐹
. (22)

Since the two networks share the same nonnegative propagation
factor:
𝐿
∏

𝑖=𝑙+1
𝐿𝑖‖ (⋅,𝐗)‖op, (23)

Eq. (18) follows directly. When the inequality in Theorem 1 is strict 
and the propagation factor is positive, the corresponding network-level 
bound is also strictly smaller.
Remark 1. Theorem 2 extends the reconstruction guarantee in The-
orem 1 from the parameter level to the network level. It shows that 
the smaller approximation error of ResTucker-2 leads to a tighter upper 
bound on the error propagated through subsequent network layers. 
Remark 2. This theorem ensures that the residual compensation step 
never increases the reconstruction error, implying that a two-stage de-
composition achieves at least the same or better approximation accuracy 
compared to performing only the first-stage factorization. 

low-rank composition techniques can achieve substantial compres-
sion ratios; however, directly applying them to multiple layers of a neu-
ral network leads to accumulated approximation errors across layers. 
The presence of nonlinear transformations, such as ReLU and Batch Nor-
malization (BN), further exacerbates the propagation and amplification 
of these errors. Moreover, an inappropriate choice of rank can signif-
icantly reduce the representational capacity of the model. Under high 
compression ratios, even with refined fine-tuning strategies, it is chal-
lenging to recover the lost accuracy fully. To address these issues, the 
next section proposes a Progressive knowledge distillation to mitigate 
the accuracy degradation caused by low-rank composition effectively.

4.3. Fine-grained tuning by dynamic temperature and progressive learning

Low-rank composition is a lossy compression scheme, which in-
evitably leads to some degree of performance degradation. However, 
knowledge distillation can effectively compensate for the information 
loss caused by low-rank approximation by guiding the student model to 
align with the feature distribution of the teacher model. Furthermore, 
this work designs a dynamic temperature and progressive distillation 
scheme to further enhance the model performance.

4.3.1. Dynamic temperature adjustment
Building on the standard knowledge distillation framework in Defini-

tion 3, prior works that combine low-rank composition with KD typically 
use a fixed distillation strategy across all layers. This static approach 
cannot adapt to the varying sensitivity of layers under high compres-
sion ratios, motivating our dynamic temperature mechanism to enable 
layer-adaptive knowledge transfer.

To flexibly adjust the smoothness of the teacher model’s output, the 
temperature 𝜏 is treated as a tunable parameter 𝜃temp that dynamically 
evolves during training. This process can be viewed as a form of adaptive 
control, where the temperature is adjusted according to the learning 
state to improve knowledge transfer efficiency (He et al., 2024; Shao 
et al., 2025). Meanwhile, optimizing the temperature schedule can also 
be interpreted as a dynamic optimization problem aimed at enhancing 
the student model performance (Fang et al., 2024; Xue et al., 2024).
min

𝐖𝑠𝑡𝑢 , 𝜃𝑡𝑒𝑚𝑝
(𝐖𝑠𝑡𝑢, 𝜃𝑡𝑒𝑚𝑝) = min

𝐖𝑠𝑡𝑢 , 𝜃𝑡𝑒𝑚𝑝

∑

𝑥∈𝐷
𝑡𝑎𝑠𝑘

(

𝑓 𝑠(𝑥;𝐖𝑠𝑡𝑢), 𝑦
)

+ 𝛼𝑘𝑑
(

𝑓 𝑡(𝑥;𝐖𝑡𝑒𝑎), 𝑓 𝑠(𝑥;𝐖𝑠𝑡𝑢), 𝜃𝑡𝑒𝑚𝑝
)

.
(24)
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We adopt an alternating optimization algorithm to solve the above 
problem, decomposing it into two subproblems for gradual optimization 
of each part.

⎧

⎪

⎨

⎪

⎩

𝐖̂𝑠𝑡𝑢 = argmin
𝐖𝑠𝑡𝑢


(

𝐖𝑠𝑡𝑢, 𝜃̂𝑡𝑒𝑚𝑝
)

,

𝜃̂𝑡𝑒𝑚𝑝 = arg min
𝜃𝑡𝑒𝑚𝑝


(

𝐖̂𝑠𝑡𝑢, 𝜃𝑡𝑒𝑚𝑝
)

.
(25)

The above two subproblems are solved using stochastic gradient de-
scent. The update process for the student model parameters W𝑠𝑡𝑢 and 
the temperature parameter 𝜃𝑡𝑒𝑚𝑝 is as follows:

⎧

⎪

⎨

⎪

⎩

𝐖𝑠𝑡𝑢 ← 𝐖𝑠𝑡𝑢 − 𝜇 𝜕
𝜕𝐖𝑠𝑡𝑢

,

𝜃𝑡𝑒𝑚𝑝 ← 𝜃𝑡𝑒𝑚𝑝 − 𝜇 𝜕
𝜕𝜃𝑡𝑒𝑚𝑝

,
(26)

where 𝜇 represents the learning rate.

4.3.2. Progressive learning
Note that training begins with low-difficulty tasks, allowing the stu-

dent model to focus on mastering the basics despite its initially weak 
representation. As training progresses, task difficulty is gradually in-
creased. This progression from easy to challenging tasks embodies the 
concept of progressive learning, enabling the student model to build 
its understanding incrementally and absorb knowledge more efficiently. 
Conversely, if high-difficulty tasks are introduced from the outset, the 
student model may struggle to follow guidance, which can adversely 
affect model convergence.

Inspired by progressive learning (Chan et al., 2024), this paper inte-
grates the growth factor 𝜂 into the loss function , forming an enhanced 
loss ′ that organizes the distillation tasks progressively from easy to 
difficult. Consequently, the temperature parameter 𝜃𝑡𝑒𝑚𝑝 is updated as 
follows:

⎧

⎪

⎪

⎨

⎪

⎪

⎩

W𝑠𝑡𝑢 ← W𝑠𝑡𝑢 − 𝜇 𝜕′

𝜕W𝑠𝑡𝑢
,

𝜃𝑡𝑒𝑚𝑝 ← 𝜃𝑡𝑒𝑚𝑝 − 𝜇 𝜕′

𝜕𝜃𝑡𝑒𝑚𝑝
.

(27)

During the initial phase of low-rank compression, the decomposed 
student model exhibits limited representational capacity, primarily cap-
turing the teacher’s core structural patterns. As the granularity of the 
decomposition adaptively expands (controlled by the rank parameter 
𝜂), the model gradually enhances its ability to capture high-dimensional 
semantic correlations.

Four incremental functions are designed for 𝜂 to facilitate progressive 
learning.

𝜂𝑛 =

⎧

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎩

⌣𝜂 +
(

⌢𝜂 − ⌣𝜂
)

⋅
1

1 + e−
𝑛−𝑇 ∕2
𝑇 ∕𝑘

,

⌣𝜂 +
(

⌢𝜂 − ⌣𝜂
)

⋅max

⎛

⎜

⎜

⎜

⎝

0, min

⎛

⎜

⎜

⎜

⎝

1,
log

(

𝑛
𝑘+𝜀

)

log
(

𝑇
𝑘+𝜀

)

⎞

⎟

⎟

⎟

⎠

⎞

⎟

⎟

⎟

⎠

,

⌣𝜂 + 1
2

(

⌢𝜂 − ⌣𝜂
)

⋅
(

1 + cos
(

𝜋 − 𝑛
𝑇
𝜋
))

,

⌣𝜂 +
(

⌢𝜂 − ⌣𝜂
)

⋅
1

1 + e−𝑘
(

𝑛
𝑇 −𝑐

) .

(28)

where ⌣𝜂 and ⌢𝜂 represent the lower and upper bounds of 𝜂. 𝑇  represents 
the total number of epochs. 𝑘 stands for the scaling factor. 𝜀 is a very 
small positive number. Four incremental functions are designed to allow 
𝜂 to increase smoothly in the early stages and stabilize later, ensuring 
better coordination of the learning process.

Algorithm 1: PKD-LRC.
Input : Total epoch 𝑁 , Loss balance parameter 𝛼, 

Training dataset 𝐷 = {(𝑥, 𝑦)}, Pre-train Teacher 
𝑓𝑡, Pre-train Student 𝑓𝑠, Initial temperature 𝜃𝑡𝑒𝑚𝑝

Output: Compressed low-rank student model 𝑓 ∗
𝑠

1 Initialize: Set progressive learning function 𝜂𝑛;
// low-rank composition of Student Model;

2 for each layer 𝐿𝑖 in 𝑓𝑠 do
3 if 𝐿𝑖 is the convolutional layer then
4 if 𝑖 = 1 then
5 Keep the same;
6 end 
7 else
8 RCM via  (4), (5) and  (6) ;
9 end 
10 end 
11 else
12 Keep the same;
13 end 
14 end 
15 The student model acquires a low-rank model structure;

// Progressive knowledge distillation;
16 for epoch = 1 to 𝑇  do
17 Shuffle 𝐷 into mini-batches;
18 for each mini-batch (𝑥, 𝑦) ∈ 𝐷 do
19 𝑦𝑠 ← 𝑓𝑠(𝑥);
20 𝑦𝑡 ← 𝑓𝑡(𝑥);
21 𝜂𝑛 ← Calculating via (28);
22 𝑡𝑎𝑠𝑘 ← CrossEntropy(𝑦𝑠, 𝑦);
23 𝑘𝑑 ← KL-Divergence(𝑦𝑠, 𝑦𝑡);
24  ← 𝑡𝑎𝑠𝑘 + 𝛼 ⋅ 𝜂𝑛 ⋅ 𝑘𝑑 ;
25 𝐖 ← Updating via (27);
26 𝜃𝑡𝑒𝑚𝑝 ← Updating via (27);
27 end 
28 end 

To ensure the non-negativity of the temperature parameter and con-
strain it within a reasonable range, this paper adopts the following for-
mula for computation:

𝜃 = 𝜃𝑖𝑛𝑖𝑡 + 𝑟𝑎𝑛𝑔𝑒
(

𝑎
(

𝜃𝑝𝑟𝑒𝑑
))

, (29)

where 𝜃𝑖𝑛𝑖𝑡 represents the initial value of the temperature, 𝑟𝑎𝑛𝑔𝑒 denotes 
the range of temperature, and 𝑎 is the Sigmoid function. 𝜃𝑝𝑟𝑒𝑑 is the 
predicted temperature value. In this paper, 𝜃𝑖𝑛𝑖𝑡 and 𝑟𝑎𝑛𝑔𝑒 are set to 1 and 
21, respectively, to ensure the temperature parameter changes within a 
reasonable range. Ultimately, PKD-LRC is summarized in Algorithm 1.

Remark 3.  In the adaptive fine-tuning scheme, we propose a dynamic 
temperature distillation strategy combined with a progressive learning 
approach. In standard distillation, the temperature is typically treated 
as a fixed hyperparameter, which limits the ability to adjust the smooth-
ness of the teacher’s output based on data characteristics. In contrast, 
the dynamic temperature strategy effectively addresses this limitation. 
Moreover, the progressive learning approach allows the student model 
to focus on simpler knowledge in the early stages of training and grad-
ually shift attention to more difficult knowledge in later stages, thereby 
enabling a low-rank student model to fully absorb the teacher’s knowl-
edge. 
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Table 1 
Statistical results for different datasets.
 Datasets  Class  Train  Test  Size
 MNIST  10 6 × 104 1 × 104  28×28
 CIFAR-10  10 5 × 104 1 × 104  32×32
 CIFAR-100  100 5 × 104 1 × 104  32×32
 SVHN  10  73,257  26,032  32×32
 ImageNet  1000  1,281,167 5 × 104  224×224

5. Empirical studies

5.1. Datasets and baselines

We employ five datasets for image classification to comprehensively 
assess the performance of the compressed models. Detailed statistical 
information is summarized in Table 1.

1. MNIST. A simple handwritten digit recognition dataset with 10 cat-
egories. It contains 60,000 grayscale images for training and 10,000 
for testing, making it a common benchmark for classification tasks 
in deep learning.

2. SVHN. A dataset of street view house numbers, also with 10 
categories, featuring color images. It includes over 70,000 im-
ages for training and 26,032 for testing. With its complex back-
grounds, SVHN is closer to real-world scenarios for digit recognition
tasks.

3. CIFAR-10/CIFAR-100. A dataset of small-sized color images, where 
CIFAR-10 consists of 10 categories and CIFAR-100 consists of 100 
categories. It includes 50,000 images for training and 10,000 for test-
ing, making it suitable for various image classification tasks.

4. ImageNet. A large-scale dataset of real-world images, covering thou-
sands of object categories. It contains over 1.2 million images for 
training and 50,000 for testing, and is widely used in deep learning 
research.

Baselines. To evaluate the effectiveness of the proposed PKD-LRC 
framework, we compare it with three categories of representative net-
work compression methods:

1. Low-rank compression methods: LROS (Yang et al., 2020), ADMM-
Tu2 (Yin et al., 2021), RR-Tu2 (Dai et al., 2025), RR (Dai et al., 2025), 
PSTR-S (Li et al., 2021), BATUDE (Yin et al., 2022), ELRT (Sui et al., 
2024a), ALDS (Liebenwein et al., 2021), Stable EPC (Phan et al., 2020), 
MUSCO (Gusak et al., 2019), and HALOC (Xiao et al., 2023). These 
methods compress convolutional neural networks by exploiting the low-
rank structure of convolutional kernels through various tensor decom-
position techniques.

2. Pruning-based methods: EDP (Ruan et al., 2020), CHEX (Hou 
et al., 2022), EE (Zhang et al., 2021), SCOP (Tang et al., 2020), 
HOSA (Chatzikonstantinou et al., 2020), and DCP (Zhuang et al., 2018). 
These methods reduce model redundancy by removing unimportant 
channels, filters, or weights, thereby achieving network compression 
through structured pruning strategies.

3. Low-rank + knowledge distillation methods: TKD (Hajimolahoseini 
et al., 2022), PELA (Guo et al., 2024), TDKD (Dai et al., 2021), DTD (Wen 
et al., 2021), DTKD (Wei & Bai, 2024), and CTKD (Li et al., 2023b). These 
methods combine low-rank composition with knowledge distillation to 
improve the performance of compressed models, making them the most 
closely related approaches to our PKD-LRC framework.

For fair comparison, all methods are evaluated with the same back-
bone and teacher models. Specifically, MNIST uses LeNet-5 as the 
backbone (teacher: ResNet-20); SVHN uses ResNet-20 as the backbone 
(teacher: ResNet-32); CIFAR-10 and CIFAR-100 use VGG-16 (teacher: 
VGG-19), ResNet-20 (teacher: ResNet-32), and ResNet-32 (teacher: 
ResNet-50); ImageNet uses MobileNetV2 and ResNet-18 as backbones 
(teacher: ResNet-50).

5.2. Training details

All CNN models are trained using the PyTorch framework (1.13.1) 
and the Tensorly tool (0.8.1) for tensor operations. The optimizer used is 
stochastic gradient descent (SGD) with a momentum (0.9)) and weight 
decay (5e-4) to improve convergence stability and prevent overfitting. A 
total of epochs (200) of fine-tuning are performed, with an initial learn-
ing rate (0.1), which is reduced by a factor of 0.1 at epochs 80, 120, 
and 160. The learning rate for the dynamic temperature parameter is 
kept constant at 0.01 throughout training to ensure stable distillation. 
To ensure fair comparison across all methods and datasets, the back-
bone and teacher architectures are matched consistently as described in 
Section 5.1, and the same optimizer, learning rate schedule, and batch 
size are applied to all models. The training is carried out on a system 
equipped with an Intel(R) Xeon(R) Gold 5218 CPU (2.30GHz), 512 GB 
RAM, and an NVIDIA GeForce RTX 4090 24 GB GPU. These details, to-
gether with the explicit backbone-teacher pairings provided above each 
result table, ensure the experiments are fully reproducible.

5.3. Evaluation metrics

To better evaluate the compressed model, this paper uses Top-1 and 
Top-5 accuracy to measure model performance. Additionally, Compres-
sion Ratio (CR) is introduced to assess the reduction in parameters after 
compression. The Speedup Ratio (SR) is used to measure the reduction 
in FLOPs.
⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝐶𝑅 =
Uncompressed Weights
Compressed Weights ,

𝑆𝑅 =
Uncompressed FLOPs
Compressed FLOPs ,

(30)

a higher CR indicates better compression, meaning a significant reduc-
tion in model parameters, which typically leads to reduced storage and 
computational overhead. A higher SR value indicates that the com-
pressed model is more efficient in terms of computational complexity.

5.4. Comparison results and analysis

We now present a detailed analysis of PKD-LRC’s performance across 
different datasets.

1. Results on MNIST (Table 2). For LeNet-5 on MNIST, PKD-LRC 
demonstrates the effectiveness of our ResTucker-2 decomposition 
in mitigating low-rank approximation errors (Challenge 1). Com-
pared to vanilla Tucker decomposition (Std.Tucker) and other op-
timized low-rank variants such as RR-Tu2, PKD-LRC achieves a 
higher Top-1 accuracy (+0.28%) while maintaining a competi-
tive compression ratio, indicating that the residual compensation 
mechanism successfully preserves representational capacity. Knowl-
edge distillation with dynamic temperature adjustment further sup-
ports accuracy retention, illustrating the importance of an adaptive 
accuracy-recovery strategy (Challenge 2) even in relatively small
networks.

2. Results on SVHN (Table 3). For ResNet-20 on SVHN, vanilla low-
rank methods (Std.SVD, Std.Tucker) suffer noticeable accuracy drops 
due to approximation errors, while hybrid methods that combine 
low-rank composition with optimization techniques partially recover 
performance. PKD-LRC surpasses these baselines, achieving a Top-1 
accuracy improvement of 0.49% over the uncompressed model un-
der high compression. This outcome highlights the synergistic effect 
of ResTucker-2 for explicit error compensation and the progressive 
learning strategy combined with dynamic temperature adjustment 
to adaptively recover accuracy across layers, effectively addressing 
both challenges.

3. Results on CIFAR-10 and CIFAR-100 (Table 4). PKD-LRC demon-
strates consistent improvements across multiple student-teacher 
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Table 2 
Results on MNIST. LeNet-5 as student and ResNet-20 as the teacher.
 Methods  Comp. Meth.  Top-1 (Δ)  CR  SR
 Uncomp.  –  98.75 (+0.00)  1  1
 Std.SVD  SVD  98.50 (−0.25)  1.53  1.51
 Std.Tucker  Tucker  98.33 (−0.42)  2.14  2.09
 RR (Dai et al., 2025)  Tucker  98.83 (+0.08)  6.19  2.04
 RR-Tu2 (Dai et al., 2025)  Tucker  98.83 (+0.08)  6.19  5.95
 ELRT (Sui et al., 2024a)  Tucker  98.80 (+0.05)  4.12  3.97
 TDKD (Dai et al., 2021)  Tucker+KD  98.91 (+0.16)  4.12  3.97
 PELA (Guo et al., 2024)  TSVD+KD  98.76 (+0.01)  4.12  3.97
 TKD (Hajimolahoseini et al., 2022)  Tucker-2+KD  98.89 (+0.14)  4.35  4.07
 PKD-LRC(Ours)  ResTucker-2+KD  99.03 (+0.28)  6.20  4.83

Table 3 
Results on SVHN. ResNet-20 as the student and ResNet-32 as the teacher.
 Methods  Comp. Meth.  Top-1 (Δ)  CR  SR
 Uncomp.  –  95.77 (+0.00)  1  1
 Std.SVD  SVD  87.78 (−7.99)  1.99  2.00
 Std.Tucker  Tucker  88.57 (−7.20)  2.00  1.91
 LROS (Yang et al., 2020)  TSVD+sparsity  94.39 (−1.38)  1.99  2.00
 EDP (Ruan et al., 2020)  Tucker+sparsity  95.77 (+0.00)  2.11  2.03
 ELRT (Sui et al., 2024a)  Tucker  95.80 (+0.03)  2.01  1.93
 TDKD (Dai et al., 2021)  Tucker+KD  95.85 (+0.08)  2.01  1.93
 PELA (Guo et al., 2024)  TSVD+KD  94.72 (−1.05)  2.01  1.93
 TKD (Hajimolahoseini et al., 2022)  Tucker+KD  95.99 (+0.22)  2.01  1.93
 PKD-LRC(Ours)  ResTucker-2+KD  96.26 (+0.49)  4.44  4.04

pairs (ResNet-20/32, VGG-16) on CIFAR-10/100. On CIFAR-10, 
Top-1 accuracy reaches 91.73%, 92.37%, and 91.55% for ResNet-
20, ResNet-32, and VGG-16, respectively, while achieving sub-
stantial compression ratios. On CIFAR-100, Top-1 accuracy gains 
of 1.35%, 1.62%, and 0.35% are observed. These results confirm 
that PKD-LRC’s error compensation mechanism (ResTucker-2) ef-
fectively mitigates representation loss, and its dynamic tempera-
ture with progressive learning strategy ensures that high compres-
sion does not lead to significant accuracy degradation. In contrast, 
vanilla low-rank methods often fail to recover accuracy under simi-
lar compression, and optimized low-rank variants may require lower 
compression ratios to maintain performance, demonstrating PKD-
LRC’s ability to balance compression and accuracy across different
architectures.

4. Results on ImageNet (Table 5). For large-scale datasets, PKD-LRC con-
tinues to provide robust performance for both ResNet-18 and Mo-
bileNetV2. Using ResNet-18, Top-1 accuracy is slightly improved 
(+0.20%) under a 2.78× compression ratio, while maintaining Top-
5 performance. For MobileNetV2, PKD-LRC achieves 72.07% Top-1 
accuracy, surpassing other pruning- and low-rank-based methods. 
These results confirm that the residual compensation mechanism ef-
fectively reduces approximation errors (Challenge 1) in large net-
works, and the progressive learning with dynamic temperature reli-
ably restores accuracy under aggressive compression (Challenge 2), 
validating the generalizability of our approach to complex architec-
tures and datasets.

Overall, across all five datasets and multiple network architectures, 
PKD-LRC consistently addresses the two key challenges identified in 
this study: ResTucker-2 compensates for low-rank approximation er-
rors, while dynamic temperature adjustment and progressive learning 
enable effective accuracy recovery. The consistent improvements across 
different datasets, architectures, and compression settings indicate that 
these advantages are not restricted to a specific experimental configura-
tion. This alignment between the identified challenges, proposed mecha-
nisms, and experimental results demonstrates the effectiveness and gen-
eralizability of PKD-LRC. 

5.5. Comparison with other additive temperature methods

Table 6 reports the comparative results of different adaptive temper-
ature methods. Since existing dynamic temperature adjustment strate-
gies may not simultaneously account for both low-rank composition and 
knowledge distillation, this paper applies several advanced adaptive 
temperature adjustment strategies to models that integrate both tech-
niques to ensure a fair comparison. Experimental results demonstrate 
that our approach not only enhances the performance of the baseline 
model but also outperforms current mainstream methods across various 
evaluations. Its advantage primarily stems from the dynamic tempera-
ture control and progressive learning mechanism, which gradually re-
stores the model representational capacity while effectively suppressing 
error propagation in nonlinear layers.

5.6. Impact of temperature ranges on model performance

Fig. 2 shows the impact of temperature ranges and growth functions 
on model accuracy. For temperature, optimal values vary across archi-
tectures and datasets: while ResNet-20 and ResNet-32 on CIFAR-100 
prefer lower temperatures, most models benefit from higher ones. This 
reflects the interaction of model capacity, data complexity, and low-rank 
compression, as decomposition effectively deepens the network and 
makes conventional settings less suitable; expanding the search space 
thus improves convergence to a global optimum. For growth functions, 
performance depends on their mathematical properties and task com-
plexity. Sigmoid, Cosine, and Exponent perform best at low, medium, 
and high temperatures, respectively, whereas Logarithm adapts poorly 
due to slow growth. Overall, Sigmoid suits small datasets and shallow 
networks, Exponent favors larger datasets, and Cosine shows strong gen-
eralizability, offering a good balance between accuracy and compres-
sion.

5.7. Dynamic temperature learning analysis

In the analysis of dynamic temperature learning curves (Fig. 3), dif-
ferent progressive learning strategies exhibit distinct characteristics: the 

Neural Networks 205 (2027) 109631 

8 



Y. He et al.

Table 4 
Comparison of different neural network architectures on CIFAR-10/CIFAR-100. The experiments evaluate knowledge 
distillation effectiveness using various teacher-student architectures. Specifically, ResNet-20 is training with ResNet-32 
as the teacher, ResNet-32 with ResNet-50, and VGG-16 with VGG-19.
 Basic Models  Methods  Comp. Meth.  Top-1 (Δ) (%)  Top-5 (Δ) (%)  CR  SR
 CIFAR-10

ResNet-20

 Uncomp.  –  91.25  99.72  1  1
 Std.Tucker  Tucker  87.48 (−3.77)  99.36 (−0.36)  2.49  2.34
 PSTR-S (Li et al., 2021)  TR  90.80 (−0.45)  99.74 (+0.02)  2.50  2.34
 BATUDE (Yin et al., 2022)  Tucker  91.02 (−0.23)  99.73 (+0.01)  2.60  2.36
 ELRT (Sui et al., 2024a)  Tucker  91.27 (+0.02)  99.74 (+0.02)  2.02  1.93
 LROS (Yang et al., 2020)  TSVD+Sparsity  90.39 (−0.86)  99.57 (−0.15)  2.94  2.21
 EDP (Ruan et al., 2020)  TSVD+Sparsity  91.03 (−0.22)  99.73 (+0.01)  2.11  2.11
 PELA (Guo et al., 2024)  TSVD+KD  90.40 (−0.85)  99.65 (−0.07)  2.02  1.93
 TDKD (Dai et al., 2021)  Tucker+KD  91.66 (+0.41)  99.74 (+0.02)  2.02  1.93
 TKD (Hajimolahoseini et al., 2022)  Tucker+KD  91.54 (+0.29)  99.75 (+0.03)  2.02  1.93
 PKD-LRC(Ours)  ResTucker-2+KD  91.73 (+0.48)  99.76 (+0.02)  3.05  2.63

ResNet-32

 Uncomp.  –  92.49  99.74  1  1
 Std. Tucker  Tucker  87.37 (−5.12)  99.38 (−0.36)  5.55  5.33
 PSTR-S (Li et al., 2021)  TR  91.44 (−1.05)  99.71 (−0.03)  5.80  5.17
 BATUDE (Yin et al., 2022)  Tucker  92.18 (−0.31)  99.77 (+0.03)  2.80  2.61
 ELRT (Sui et al., 2024a)  Tucker  92.25 (−0.24)  99.77 (+0.03)  2.02  1.93
 LROS (Yang et al., 2020)  TSVD+Sparsity  91.22 (−1.27)  99.71 (−0.03)  3.15  3.06
 EDP (Ruan et al., 2020)  TSVD+Sparsity  91.31 (−1.18)  99.76 (+0.02)  2.27  2.15
 PELA (Guo et al., 2024)  TSVD+KD  91.23 (−1.26)  99.75 (+0.01)  2.02  1.93
 TDKD (Dai et al., 2021)  Tucker+KD  92.29 (−0.20)  99.73 (−0.01)  2.02  1.93
 TKD (Hajimolahoseini et al., 2022)  Tucker+KD  92.21 (−0.28)  99.71 (−0.03)  2.02  1.93
 PKD-LRC(Ours)  ResTucker-2+KD  92.37 (−0.12)  99.77 (+0.03)  5.97  5.22

VGG-16

 Uncomp.  –  91.65  99.75  1  1
 Std. Tucker  Tucker  82.72 (−8.93)  99.17 (−0.58)  3.25  3.04
 ADMM-Tu2 (Yin et al., 2021)  TT  91.17 (−0.48)  99.72(−0.03)  4.67  5.17
 PELA (Guo et al., 2024)  TSVD+KD  90.85 (−0.80)  99.65 (−0.10)  5.53  5.20
 TKD (Hajimolahoseini et al., 2022)  Tucker+KD  91.33 (−0.32)  99.70 (−0.05)  5.53  5.20
 TDKD (Dai et al., 2021)  Tucker+KD  91.37 (−0.28)  99.70 (−0.05)  5.53  5.20
 PKD-LRC(Ours)  ResTucker-2+KD  91.55 (−0.10)  99.74 (−0.01)  5.53  5.20

 CIFAR-100

ResNet-20

 Uncomp.  –  65.40  89.74  1  1
 PSTR-S (Li et al., 2021)  TR  66.13 (+0.73)  89.81 (+0.07)  2.30  2.14
 BATUDE (Yin et al., 2022)  Tucker  66.67 (+1.27)  90.18 (+0.44)  2.80  2.00
 ELRT (Sui et al., 2024a)  Tucker  65.69 (+0.29)  89.89 (+0.15)  1.97  1.90
 LROS (Yang et al., 2020)  TSVD+Sparsity  64.36 (−1.04)  85.33 (−4.41)  2.15  2.10
 EDP (Ruan et al., 2020)  TSVD+Sparsity  64.75 (−0.65)  88.84 (−0.90)  2.04  1.97
 PELA (Guo et al., 2024)  TSVD+KD  57.34 (−8.06)  84.77 (−4.97)  2.02  1.93
 TDKD (Dai et al., 2021)  Tucker+KD  66.27 (+0.87)  90.86 (+1.12)  2.02  1.93
 TKD (Hajimolahoseini et al., 2022)  Tucker+KD  65.97 (+0.57)  90.81 (+1.07)  2.02  1.93
 PKD-LRC(Ours)  ResTucker-2+KD  66.75 (+1.35)  90.89 (+1.15)  3.27  2.96

ResNet-32

 Uncomp.  –  68.10  90.31  1.00  1.00
 Std. Tucker  Tucker  59.03 (−9.07)  85.07 (−5.24)  2.50  2.34
 PSTR-S (Li et al., 2021)  TR  68.05 (−0.05)  90.56 (+0.25)  2.40  2.23
 EDP (Ruan et al., 2020)  TSVD  67.36 (−0.74)  90.25 (−0.06)  2.05  2.14
 BATUDE (Yin et al., 2022)  Tucker  68.95 (+0.85)  90.76 (+0.45)  2.60  2.38
 ELRT (Sui et al., 2024a)  Tucker  68.26 (+0.16)  90.75 (+0.44)  2.02  1.93
 LROS (Yang et al., 2020)  TSVD+Sparsity  67.28 (−0.82)  90.32 (+0.01)  2.13  2.02
 PELA (Guo et al., 2024)  TSVD+KD  62.61 (−5.49)  86.44 (−3.87)  2.02  1.93
 TDKD (Dai et al., 2021)  Tucker+KD  68.46 (+0.36)  91.83 (+1.52)  2.02  1.93
 TKD (Hajimolahoseini et al., 2022)  Tucker+KD  68.35 (+0.25)  91.68 (+1.37)  2.02  1.93
 PKD-LRC(Ours)  ResTucker-2+KD  69.72 (+1.62)  91.90 (+1.59)  3.13  3.01

VGG-16

 Uncomp.  –  68.40  89.89  1  1
 Std. Tucker  Tucker  62.85 (−5.55)  87.62 (−2.27)  3.15  3.04
 ADMM-Tu2 (Yin et al., 2021)  TT  66.39 (+2.01)  89.64 (−0.25)  4.67  5.17
 RR (Dai et al., 2025)  Tucker  67.00 (−1.40)  89.58 (−0.31)  7.67  3.19
 RR-Tu2 (Dai et al., 2025)  Tucker  67.83 (−0.57)  89.61 (−0.28)  6.46  6.27
 PELA (Guo et al., 2024)  TSVD+KD  61.93 (−6.47)  86.91 (−2.98)  1.99  2.00
 TDKD (Dai et al., 2021)  Tucker+KD  68.55 (+0.15)  90.23 (+0.34)  5.68  5.12
 TKD (Hajimolahoseini et al., 2022)  Tucker+KD  68.26 (−0.14)  89.86 (−0.04)  5.68  5.12
 PKD-LRC(Ours)  ResTucker-2+KD  68.75 (+0.35)  90.34 (+0.45)  7.75  7.11
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Table 5 
Results on ImageNet. ResNetT-18/MobileNetV2 as the student and ResNet-50 as teacher.

 Methods  Comp. Meth.  Top-1(%)  Top-5(%)  CR
 ResNet-18
 Uncomp.  –  69.75  89.08  1
 ALDS (Liebenwein et al., 2021)  Matrix  69.64  89.03  2.75
 Stable EPC (Phan et al., 2020)  CP  69.17  89.08  2.75
 MUSCO (Gusak et al., 2019)  Tucker  69.29  88.78  2.54
 CHEX (Hou et al., 2022)  Sparsity  69.60  89.01  1.85
 EE (Zhang et al., 2021)  Sparsity  68.27  88.44  1.95
 SCOP (Tang et al., 2020)  Sparsity  69.18  88.89  1.65
 PELA (Guo et al., 2024)  TSVD+KD  65.20  86.93  1.94
 TDKD (Dai et al., 2021)  Tucker+KD  69.76  89.08  1.94
 TKD (Hajimolahoseini et al., 2022)  Tucker+KD  69.85  89.10  1.94
 PKD-LRC(Ours)  ResTucker-2+KD  69.95  89.15  2.78
 MobileNetV2
 Uncomp.  –  71.85  90.33  1
 ALDS (Liebenwein et al., 2021)  Matrix  70.32  89.60  1.49
 HOSA (Chatzikonstantinou et al., 2020)  Pruning  64.43  86.85  1.37
 DCP (Zhuang et al., 2018)  Pruning  64.22  86.81  1.35
 HALOC (Xiao et al., 2023)  Tucker-2  70.98  89.77  1.67
 PELA (Guo et al., 2024)  TSVD+KD  66.09  87.63  1.94
 TDKD (Dai et al., 2021)  Tucker+KD  71.85  90.35  1.94
 TKD (Hajimolahoseini et al., 2022)  Tucker+KD  71.93  90.36  1.94
 PKD-LRC(Ours)  ResTucker-2+KD  72.07  90.40  1.94

Fig. 2. The impact of different dimension search ranges and growth functions on accuracy. All models are controlled with a compression ratio of 2. 

Table 6 
Comparison with exiting additive compression methods on CIFAR-10.
 Methods  Comp. Meth.  Top-1 (Δ)  CR  SR
 Uncomp.  –  91.25  1  1
 DTD (Wen et al., 2021)  Tucker-2+KD  86.88 (−4.37)  2.02  1.93
 DTKD (Wei & Bai, 2024)  Tucker-2+KD  91.37 (+0.12)  2.02  1.93
 CTKD (Li et al., 2023b)  Tucker-2+KD  91.85 (+0.60)  2.02  1.93
PKD-LRC(Ours)  Tucker-2+KD  92.05 (+0.80)  2.02  1.93

 Tucker-2+KD  91.73 (+0.48)  3.05  2.63

logarithmic strategy rises quickly, enabling rapid label softening, while 
the sigmoid strategy increases more gradually, supporting smoother and 
more stable knowledge transfer; the other two strategies fall in between, 

highlighting the influence of mathematical formulations on tempera-
ture adaptation. Furthermore, when comparing CIFAR-10 and CIFAR-
100, the latter shows a smaller fluctuation range and a lower conver-
gence value, suggesting that in more complex classification tasks, dy-
namic temperature strategies require finer adjustments to avoid exces-
sive softening or hardening, thereby enhancing adaptability across dif-
ferent datasets.

5.8. Qualitative visualization

1. t-SNE Visualization Analysis. To further validate the effectiveness of 
our approach, we utilize the t-SNE tool to visualize feature distri-
butions, as shown in Fig. 4. The comparison reveals that samples 
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Fig. 3. Temperature learning curves for different datasets and models.

of the same class exhibit higher compactness, while different classes 
are more distinctly separated, leading to improved classification per-
formance. Moreover, for the same model applied to other datasets, 
Fig. 4h and f show similar clustering quality, indicating that our 
method is robust for high-category datasets. Additionally, for differ-
ent models on the same dataset, Fig. 4b, d, and 4 exhibit clearer fea-
ture separation compared to the original model, suggesting that our 
method generalizes well across deep models of varying architectures.

2. Correlation Analysis. Fig. 5 presents the correlation matrix of 
different deep models on the CIFAR-100 dataset. It can be observed 

that the diagonal elements of the feature matrix obtained by our 
method are more pronounced, while the values of the off-diagonal 
elements are significantly reduced, with noticeably lighter colors. 
This result demonstrates that the combination of ResTucker-2 
decomposition, dynamic temperature, and progressive learning 
strategy effectively reduces redundancy in features while improving 
both feature independence and correlation, further validating the 
effectiveness of our proposed method.
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Fig. 4. t-SNE of features learned by original and our method. 
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Fig. 5. Correlation matrix of various models on the CIFAR-10 dataset.

6. Conclusions

In this paper, we have proposed a progressive knowledge distilla-
tion method with low-rank composition for model compression. The 
ResTucker-2 decomposition has been employed to reduce performance 
degradation in low-rank compressed models, while a dynamic temper-
ature strategy and progressive learning rules have enhanced the adapt-
ability and performance of the student model. Experiments on bench-
mark datasets have demonstrated that PKD-LRC has outperformed both 
pure low-rank and knowledge distillation methods, providing an effec-
tive solution for resource-constrained environments. Future work will 
explore extending PKD-LRC to Transformer-based architectures, as well 
as integrating it with quantization-aware training and hardware-aware 
neural architecture search for broader deployment.
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