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 A B S T R A C T

The continuous improvement in model structure of deep neural networks enables more refined and efficient 
models to perform runtime inference tasks in resource-constrained edge scenarios. However, before the models 
are deployed to edge sides, large-scale pre-training tasks still need to be undertaken by cloud sides. The 
current compromise is to adopt the cloud–edge collaborative inference method that training large models 
is in cloud sides, while model inference is deployed in edge sides by using the pre-trained parameters. This 
makes edge sides rarely undergo incremental parameter updates in time, causing a decline in the inference 
performance of edge sides. Toward this end, we propose a novel cloud–edge collaborative incremental learning 
architecture with the adaptive frozen layer knowledge distillation (AFLKD), i.e., a knowledge distillation-
based training method for edge networks which enables edge devices to perform fast and efficient inference 
tasks while ensuring reliable accuracy. Firstly, a robust deep neural network model is pre-trained on the 
cloud side. Subsequently, the principle of knowledge distillation is employed to treat the cloud model as 
a teacher model so as to assist the training of the edge (student) model, thereby ensuring the performance of 
the edge model. Finally, to reduce training consumption while ensuring training effectiveness, the adaptive 
layer freezing strategy and the feature map splitting parallel inference are devised. During the training, we 
share some shallow layers from the cloud network with the edge side, and the number of frozen layers is 
adaptively adjusted based on changes in the distillation temperature to achieve better incremental training 
results. Training experiments conducted on datasets of different types and sizes show that the proposed strategy 
achieves accuracy improvements of 1.3%, 1.9%, and 6.7% using the CIFAR10, FASHION-MNIST, and CIFAR100 
datasets, respectively, compared to current related methods. In addition, compared with the non-split case, the 
inference time is reduced by 32.11% through splitting the feature maps.
1. Introduction

In recent years, deep neural networks (DNNs) are widely employed 
in various industries and research fields. Network models have been 
constantly streamlined and their performance gradually improved. The 
ongoing refinement of these models has made it possible to deploy 
DNNs for high-speed inference tasks on user terminal devices [1]. 
However, deploying DNN models on these edge devices inevitably 
brings some challenges. For instance, the resources of edge devices are 
very limited, making it difficult to deploy a DNN model with reliable 
inference accuracy and less inference time by using the available re-
sources. In cloud computing architecture [2,3], users can deploy large 
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and complex DNN models on resource-rich cloud servers, input data is 
collected from end sensor devices and transmitted to the cloud server’s 
networks for inference, finally, end user devices receive the results from 
the cloud servers. Despite addressing the resource limitations of end 
devices, the data transmission between end devices and cloud servers 
incurs significant time overhead and communication costs. Latterly, the 
development of edge computing provides a solution to these challenges. 
Edge computing significantly reduces latency and improves communi-
cation quality by deploying computational resources and services on 
edge nodes close to the users.
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 data mining, AI training, and similar technologies. 
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Nevertheless, the introduction of complex models such as current 
large language models [4] has greatly increased the parameters of 
cloud-deployed models, making it impractical to deploy cloud models 
on edge nodes. To address the issue of overly large models, layer [5] or 
semantic partitioning (splitting) [6] methods are typically employed. 
Both methods have their own characteristics, layer splitting ensures 
inference accuracy and distributes resource consumption across nodes, 
but it does not enhance inference speed, while semantic partitioning 
improves inference speed but at the cost of accuracy. Additionally, 
these two methods focus on the decomposition of the network struc-
tures, and do not establish strong interaction with cloud and user edge 
devices.

A good compromise is to adopt the inference method of cloud–
edge collaboration, which can solve the above problems well. Ding 
et al. [7] propose a cloud–edge collaborative framework that integrates 
cloud, edge and mobile devices. This framework uses the cloud to 
assist in training and updating the edge network by newly generated 
data from the user terminals, providing users with improved services 
on mobile devices through deploying the updated high-performance 
models. However, during the training phase of the edge network, this 
framework opts for freezing certain shallow model layers and fine-
tuning a few deep model layers, which shortens the response time but 
results in mediocre performance for the edge model in some complex 
tasks, failing to meet the accuracy demands of inference tasks.

In response to the above problems, this paper proposes a new cloud–
edge collaborative incremental learning architecture with the adaptive 
frozen layer knowledge distillation (AFLKD) that employs the knowl-
edge distillation method, treating the cloud network as a teacher model 
while the edge network as a student model. Under the premise of freez-
ing the shallow network layers, more subsequent network layers are 
subjected to distillation learning. Due to the effectiveness of knowledge 
distillation in model compression and small-sample training [8], the 
teacher (cloud) network can fully transfer its knowledge to the student 
(edge) network, enabling small-sample training and update at the edge 
network to ensure good performance even in complex inference tasks. 
Additionally, this method also considers the number of layers to freeze. 
Different numbers of frozen layers result in varying effects during 
training. The optimal number of frozen layers is adaptively inferred 
based on the role of temperature in knowledge distillation and its prac-
tical significance. To accelerate the inference time, we also use feature 
map splitting to release the computation on the edge network, thereby 
reducing resource pressure while maintaining inference accuracy.

In conclusion, this paper makes the following contributions.

∙ A fresh cloud–edge collaborative incremental learning architec-
ture based on knowledge distillation is put forward. Therein, the 
cloud and edge network models are respectively treated as the 
teacher and student network models, and the incremental training 
runs on edge nodes. This approach allows the cloud network to 
assist in training the edge network, leading to improved model 
accuracy in scenarios with small samples.

∙ An adaptive frozen layer knowledge distillation (AFLKD) method 
is designed to freeze some DNN layers, so as to reduce the 
computational pressure on edge devices during the incremental 
training process. The number of frozen layers is not fixed but 
adjusted based on the analogous temperature to achieve adaptive 
adjustment of the frozen DNN layers. Through this method, the 
accuracy of network model can be automatically optimized more 
effectively during training.

∙ An efficient method involving the feature map splitting is em-
ployed to partition the DNN network and deployed on different 
edge devices for the parallel inference. This approach effectively 
reduces resource consumption on edge devices, alleviates oper-
ational workloads of devices, and accelerates inference speed. 
Training and inference experiments on different types and sizes 
of datasets validate that the proposed method has better accuracy 
and parallel processing efficiency.
2 
The rest of the paper is organized as follows. Section 2 describes the 
related work. In Section 3, the basic cloud–edge collaboration architec-
ture and formula are constructed. Section 4 elaborates the incremental 
update principle and corresponding algorithms of the proposed method. 
Section 5 gives a parallel accelerated inference method based on the 
feature map splitting idea. In Section 6, training and inference exper-
iments are illustrated. Finally, Section 7 draws conclusion and gives 
future work.

2. Related work

2.1. Cloud computing in DNNs

In cloud computing, Alizadeh et al. [9] propose a resource alloca-
tion autonomous system based on a clipped double deep Q-learning 
(CDDQL) algorithm and meta-heuristic particle swarm optimization 
(PSO), which achieves significant improvements in response time, task 
completion, resource utilization and energy consumption. Xu et al. [10] 
present an efficient supervised learning-based deep neural network (es-
DNN) method for cloud workload prediction. This method uses a sliding 
window to convert multivariate data into supervised learning time 
series, and employs Gated Recurrent Units (GRUs) for accurate predic-
tions. After utilizing various methods to optimize the performance and 
efficiency of cloud computing, its application in industrial production 
has become widespread. For example, in defect detection [11–13], 
cloud computing has been used to reduce inspection time and improve 
detection accuracy. Cloud computing also typically focuses on resource 
scheduling issues [14,15]. Proper resource scheduling can decrease 
resource pressure throughout the training process. Although recent 
optimizations in cloud computing have led to excellent performance in 
terms of accuracy and energy consumption, the issue of transmission 
latency inherent in cloud computing has not been adequately resolved.

2.2. Edge computing and model partitioning in DNNs

In edge computing, Alnemari et al. [16] adopt filter pruning and 
tensor decomposition methods to trim networks, enabling them to run 
on resource-constrained edge devices while achieving satisfactory accu-
racy. Mills et al. [17] propose a Multi-Task Federated Learning (MTFL) 
algorithm that introduces non-collaborative Batch Normalization (BN) 
layers into joint DNNs. This approach allows users to train personalized 
models based on their own data, improving training convergence speed 
and efficiency. With the continuous development of edge computing, 
the optimization of inference latency has become significant, and can 
meet most real-world production detection. As a result, its application 
in smart factories is widespread [18–20]. Although recent research 
in edge computing has achieved desirable accuracy, and leveraged 
the proximity of edge computing to terminals so as to significantly 
reduce transmission time, once neural networks are deployed at edge 
sides, they are often difficult to update parameters. This can result in 
suboptimal performance when handling different types of tasks.

Model partitioning, as a method to accelerate training and in-
ference, is also frequently used in cloud–edge collaborative architec-
tures [21,22]. To address the issue of limited resources at the edge, 
Liang et al. [5] adopt a layer partition method that can split sequen-
tial structures or graph topology networks layer by layer, deploying 
them separately on cloud and edge sides. This method improves the 
inference speed by optimizing both transmission time and inference 
time. Zeng et al. [6] employ an input partition method, which, in cases 
of large training datasets, splits the input image data and deploys it 
across different edge nodes. The convolution operations are completed 
through communication between the nodes, and finally, the results are 
aggregated at a central node for classification output.
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2.3. Knowledge distillation

Knowledge Distillation (KD) has emerged as a pivotal technology for 
balancing model accuracy and inference efficiency within cloud–edge 
collaborative architectures. Tao et al. [23] propose a Neuron Manifold 
Distillation (NMD) method, which guides student models to mimic 
the output distribution of teacher networks and capture underlying 
feature geometries, significantly reducing the computational and stor-
age overhead of deploying large-scale models on resource-constrained 
devices. Addressing the high sensitivity of Multi-Object Tracking (MOT) 
tasks to foreground information, Liang et al. [24] pioneer the use of 
KD for MOT model compression. Their approach utilizes attention-
guided feature distillation and foreground masking to maintain superior 
tracking performance while substantially accelerating inference speed.

In the specialized field of model compression, KD is frequently 
synergized with other techniques to achieve extreme light-weighting. 
Pei et al. [25] explore the integration of distillation with contrastive 
learning during the quantization process, employing a hyperbolic tan-
gent function to smooth gradient estimation and effectively compensate 
for feature-level information loss in low-bit models. To refine the granu-
larity of feature alignment, Zhang et al. [26] introduce DenseKD, which 
captures diverse channel-wise features through a learnable dense archi-
tecture, and incorporates region and sample importance mechanisms to 
enable the student network to focus adaptively on critical knowledge. 
Furthermore, Yang et al. [27] develop Cross-Image Relational Knowl-
edge Distillation (CIRKD), which focuses on transferring structured 
pixel-to-pixel and pixel-to-region relationships across images, thereby 
enhancing performance in semantic segmentation tasks.

Regarding the dynamic environments and security requirements 
at the edge, significant breakthroughs have been achieved. Mishra 
et al. [28] present the EarlyLight scheme, which integrates an early 
halting technique to monitor processing time and energy consump-
tion during distillation, facilitating the efficient training of lightweight 
neural networks directly on edge devices. To bolster model defense 
capabilities, Zhao et al. [29] introduce a Balanced Multi-Teacher Adver-
sarial Robustness Distillation (B-MTARD) framework. By employing an 
entropy-based balance algorithm to coordinate the knowledge contribu-
tion from both ‘‘clean’’ and ‘‘robust’’ teachers, they effectively mitigate 
the trade-off between accuracy and robustness. Moreover, the tempera-
ture hyperparameter in KD has become a focal point of recent research. 
Li and Wei et al. [30,31] propose variable-temperature distillation 
to provide specialized temperatures for diverse student models, while 
Zhang et al. [32] further introduce reinforcement learning to enable 
agents to learn optimal and dynamic temperature adjustment strategies. 
Collectively, KD has been extensively applied in cloud–edge orches-
tration [33,34], as its potent model compression capabilities align 
seamlessly with the design philosophy of cloud–edge collaboration, pro-
viding reliable inference support for edge devices. However, most of the 
aforementioned studies focus on model compression within static en-
vironments, leaving significant challenges in cloud–edge collaborative 
incremental learning scenarios.

2.4. Cloud–edge collaborative intelligent computing

Recently, this technology has obtained extensive industrial adop-
tion. Cloud–edge collaborative computing has emerged as a critical 
paradigm for enabling resource-constrained devices to handle
computation-intensive tasks by integrating the robust processing power 
of the cloud with the low-latency response of the edge. Laili et al. [35] 
propose a practical task-scheduling model by utilizing a parallel
grouped fusion evolutionary algorithm to optimize task allocation 
within extremely short timeframes, significantly reducing both com-
putational latency and energy consumption. Ding et al. [7] develop 
an updatable cloud–edge framework that employs a parameter-freezing 
strategy, allowing the cloud to share shallow layers to assist edge-side 
updates, thereby enhancing cross-task generalization. Furthermore, 
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Chen et al. [33] integrate Federated Learning with Wasserstein distance 
metrics to identify optimal network layers for personalized adaptation. 
In the era of Large Language Models (LLMs), cloud–edge collaboration 
has become a vital strategy for addressing the prohibitive compu-
tational demands of fine-tuning and deploying these models at the 
edge [36–38].

In the domain of task offloading and resource optimization, Deep 
Reinforcement Learning (DRL) has demonstrated superior performance 
in navigating dynamic network environments. Fan et al. [39] introduce 
a hybrid offloading scheme based on the SD3 algorithm to jointly 
optimize D2D communication and multi-tier server resource alloca-
tion. Song et al. [40] develop an asynchronous collaborative algo-
rithm (CEC-DRL) tailored for consumer electronics, ensuring high re-
silience while minimizing system costs. For complex manufacturing 
scenarios, Guo et al. [41] utilize a Transformer-based DRL framework 
to achieve near-real-time production line optimization. Additionally, 
Jiang et al. [42] propose the DRKC strategy, which enhances load bal-
ancing within Kubernetes clusters in cloud–edge environments through 
multi-dimensional resource awareness.

To further refine collaborative efficiency, researchers have explored 
hierarchical architectures and fine-grained scheduling. Cai et al. [43] 
investigate a cloud–edge-end three-tier architecture, employing the LST 
model and LSTM networks to facilitate precise multi-granularity task 
processing. Zheng et al. [44] present the EdgeNetLLM Transformer 
framework, which adapts LLMs to mobile networks at minimal cost 
via cloud-based fine-tuning and edge-side one-time pruning. In remote 
sensing, Wu et al. [45] propose a hyperspectral image fusion method 
that alleviates transmission delays by deploying detection algorithms 
close to the data source at the edge.

Regarding collaborative training and data processing, reducing 
bandwidth consumption and accelerating convergence remain central 
challenges. Zeng et al. [46] design an ‘‘Offline-Transfer-Online’’ frame-
work using algorithm-independent knowledge distillation, enabling 
edge agents to achieve a manifold increase in convergence speed. Chai 
et al. [47] approach this from a data perspective, proposing a diffusion-
model-based data distillation method that generates synthetic datasets 
to relieve edge storage pressure and communication burdens.

Despite these advancements in resource optimization and task adap-
tation, existing methods often struggle with complex incremental tasks 
where a restricted number of trainable layers prevents the network 
from learning sufficient feature representations, thereby compromising 
model accuracy. Currently, there remains a notable lack of method-
ologies for automatically determining the optimal number of frozen 
layers to balance training efficiency with performance. To address these 
limitations, this paper proposes an Adaptive Frozen-Layer Knowledge 
Distillation (AFLKD) method. By dynamically freezing specific layers 
of the deep neural network, AFLKD effectively mitigates the computa-
tional pressure on edge devices during incremental training, enabling 
the automated and efficient optimization of model accuracy.

3. Cloud–edge collaboration architecture

In this section, the cloud–edge collaborative architecture is con-
structed for training edge network, as shown in Fig.  1. It is the ar-
chitecture of initial training phase, where the edge (student) network 
undergoes initial training process supported by the pre-trained cloud 
(teacher) network and knowledge distillation, resulting in a lightweight 
and accurate network model.

During the initial training phase, we firstly input a large amount 
of labeled data {𝑥𝑖, 𝑦𝑖

}𝑀
𝑖=1 , 𝑥𝑖 ∈ 𝑅𝑑 , 𝑦𝑖 ∈ 𝑅𝑐 to train a reliable cloud-

based network model 𝑁𝑐 with high accuracy. Subsequently, the cloud 
network model 𝑁𝑐 is employed to assist in training the edge net-
work model 𝑁𝑒. Where M represents the amount of data, d denotes 
dimension of data, and c is the number of classes.
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Fig. 1. Cloud–edge collaboration architecture for initial training edge network.
Fig. 2. Incremental updating the edge network with captured data.
For the edge network model, the response-based distillation loss 
function is usually expressed by Eq.  (1): 

𝐿(𝑁𝑒) = 𝐻𝑐𝑒(𝑁𝑒(𝑥), 𝑦) + 𝜆𝐷𝐾𝐿(𝑁𝑒(𝑥), 𝑁𝑐 (𝑥)) (1)

where 𝜆 denotes weight parameters which control the ratio between 
hard-loss and soft-loss to optimize the loss function of 𝑁𝑒.

Distillation loss function typically consists of two parts. One part 
represents the difference between the student network and the true 
labels, often referred to as hard-loss 𝐻𝑐𝑒. In this paper, we use cross-
entropy loss to calculate it in Eq.  (2). 

𝐻𝑐𝑒(𝑁𝑒(𝑥), 𝑦) = −
∑𝑐

𝑖=1𝑦𝑖𝑙𝑜𝑔𝑁𝑒(𝑥𝑖) (2)

The other part indicates the difference between the teacher (cloud) 
network and the student (edge) network, often referred to as soft-loss 
𝐷𝐾𝐿. In this paper, we adopt 𝐾𝐿 divergence for calculation. Typically 
after both the student and teacher networks’ outputs are softmaxed 
by 𝜎(𝑧𝑖) = 𝑒𝑧𝑖

∑𝑐
𝑗=1 𝑒

𝑧𝑗 . Knowledge distillation introduces the concept of 
temperature 𝑇  to the softmax function, which smoothens the logits 
output by 𝜎𝐾𝐷(𝑧𝑖) = 𝑒𝑧𝑖∕𝑇

∑𝑐
𝑗=1 𝑒

𝑧𝑗∕𝑇
. This allows the student network to 

learn more information from the teacher network effectively. Further, 
4 
the soft-loss can be calculated as Eq.  (3). 

𝐿𝑠𝑜𝑓𝑡(𝑁𝑐 (𝑥), 𝑁𝑒(𝑥), 𝑇 ) =
𝑁
∑

𝑖=1
𝑇 2𝐷𝐾𝐿(𝜎𝐾𝐷(𝑁𝑐 (𝑥𝑖), 𝜎𝐾𝐷(𝑁𝑒(𝑥𝑖))))

(3)

It is worth noting that during the training of the edge network, 
it is not necessary to update parameters for all layers. Since it is 
a pre-trained model, and current research indicates that the initial 
layers of neural networks often have useful general features across 
different image recognition tasks [48]. Therefore, the edge network 
model can share the shallow layers of the cloud network model by 
parameter freezing. Assuming the network has a total of m+n layers, 
the parameters of the first n layers can be frozen during updating, and 
only the parameters of the remaining m layers need to be updated.

We assume that 𝑊𝑐 and 𝑊𝑒 respectively denote the weight pa-
rameters of the cloud network model and edge network model, and 
𝑊𝑛𝑒 represents the frozen parameters of the first n layers of the edge 
network model shared with the cloud network. During the training 
process, we only need to update the parameters 𝑊𝑚𝑒 of the unfrozen m
layers. This method updates the parameters using the aforementioned 
loss function in Eqs. (1) to (3).
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4. Incremental updates and adaptive frozen layer knowledge dis-
tillation

On basis of the initial training cloud–edge collaborative architecture 
in Fig.  1, this section focuses on the incremental update in the edge 
network model assisted by the cloud network model, as depicted in 
Fig.  2. After the overall architecture has been running for a certain 
period, a sufficient amount of unlabeled data is obtained from the user 
terminals. The architecture then utilizes the cloud network model to 
transform the unlabeled data into a labeled training dataset, which is 
subsequently transmitted to the edge model for further incremental 
updates with adaptive frozen layer knowledge distillation (AFLKD), 
thereby improving the network’s accuracy and generalization.

4.1. Incremental updates using knowledge distillation

In the process of knowledge distillation, besides distillation loss, 
temperature with a specific meaning is also a crucial factor. Different 
temperature choices can have varying impacts on the distillation re-
sults. Therefore, updating the temperature during the training process 
can further enhance the effectiveness of the model.

Since the target of knowledge distillation is general
argmin𝑁𝑒

𝐿(𝑁𝑒), we can update the temperature T  during the training, 
then the target of distillation is now changed into argmin𝑁𝑒 ,𝑇 𝐿(𝑁𝑒, 𝑇 ).

The parameters 𝑁𝑒 and T  can be updated by Eqs.  (4) and (5): 

𝑁𝑒 ← 𝑁𝑒 −
𝜕𝐿
𝜕𝑁𝑒

(4)

𝑇 ← 𝑇 − 𝜕𝐿
𝜕𝑇

(5)

After taking the learnable parameter T  into consideration, the loss 
function of the edge network is shown in Eq.  (6). 

𝐿(𝑁𝑒(𝑥), 𝑇 ) = −
∑𝑐

𝑖=1𝑦𝑖𝑙𝑜𝑔𝑁𝑒(𝑥𝑖)+

𝜆
𝑁
∑

𝑖=1
𝑇 2𝐷𝐾𝐿(𝜎𝐾𝐷(𝑁𝑐 (𝑥𝑖), 𝜎𝐾𝐷(𝑁𝑒(𝑥𝑖))))

(6)

In this architecture, we utilize the cloud network model to train the 
edge network model by freezing layers and combining it with knowl-
edge distillation. This ensures reliable performance while maintaining 
the sufficiently compact model size. Therefore, besides the distillation 
method and the control of parameters during distilling, it is also nec-
essary to consider how to select the number of layers to freeze in the 
cloud network model during edge training.

4.2. The AFLKD mechanism and its proof

In knowledge distillation, the temperature parameter 𝑇  controls the 
smoothness of the probability distribution generated by the teacher 
model. When the temperature is 𝑇 , the teacher softmax output is 
defined as 

𝑝(𝑡)𝑖 (𝑇 ) =
exp(𝑧(𝑡)𝑖 ∕𝑇 )

∑

𝑗 exp(𝑧
(𝑡)
𝑗 ∕𝑇 )

(7)

where 𝑧(𝑡)𝑖  denotes the teacher model logits. Applying the first-order 
Taylor expansion to the exponential function gives 

exp(𝑧𝑖∕𝑇 ) ≈ 1 +
𝑧𝑖
𝑇

(8)

Thus the probability distribution can be approximated as 

𝑝(𝑡)𝑖 (𝑇 ) ≈
1 + 𝑧𝑖

𝑇
∑

𝑗

(

1 + 𝑧𝑗
𝑇

) (9)

From this approximation, it can be observed that the temperature 𝑇
reduces the differences between class probabilities. As 𝑇  increases, 
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the distribution becomes smoother and the discriminative informa-
tion decreases. The distillation loss function is usually defined as the 
Kullback–Leibler divergence 

𝐿𝐾𝐷(𝑇 ) = 𝑇 2
∑

𝑖
𝑝(𝑡)𝑖 (𝑇 ) log

𝑝(𝑡)𝑖 (𝑇 )

𝑝(𝑠)𝑖 (𝑇 )
(10)

where 𝑝(𝑠)𝑖 (𝑇 ) denotes the student probability distribution.
Researches have shown that the choice of temperature in knowledge 

distillation is crucial to the distillation performance [30]. Therefore, 
adopting a fixed-temperature distillation strategy is not optimal for 
progressive learning tasks. It has been suggested that the distillation 
process is similar to curriculum teaching, such as starting with basic 
and simple concepts, and gradually increasing the difficulty leads to 
better distillation results. Models at different training stages require 
training difficulty that matches their learning capability.

In this paper, the temperature is treated as a learnable parameter, 
and is adjusted dynamically during training to ensure it aligns with the 
model’s current learning ability. When the temperature is well-matched 
to the model’s capacity, a higher adjusted temperature indicates a 
more difficult distillation task, which also implies that the current 
model has stronger learning capability. For such models, we can freeze 
fewer layers, allowing them to learn more parameters directly from the 
edge-end data. Conversely, when the adjusted temperature is lower, 
it indicates that the model’s learning ability is still insufficient, and 
thus more layers should be frozen to ensure that the model acquires 
more information from the teacher model. This approach employs the 
high-precision cloud model to assist the edge model through obtaining 
reliable intermediate feature maps after the shallow convolution pro-
cess. Therefore, the higher the temperature, the fewer layers need to 
be frozen, showing an overall negative correlation.

To prove the conjecture about the proposed AFLKD mechanism and 
derive the relationship of temperature 𝑇  with frozen layers, let the 
student network contain 𝑚 layers, and suppose 𝑛 layers are frozen 
during training. Taking the derivative of the distillation loss function 
(Eq.  (10)) with respect to temperature 𝑇  gives 
𝜕𝐿𝐾𝐷
𝜕𝑇

(11)

Using the derivative property of the softmax function with respect to 
temperature, the dominant term of the gradient can be approximated 
as 
𝜕𝐿𝐾𝐷
𝜕𝑇

∝
Var(𝑧(𝑡)) − Cov(𝑧(𝑠), 𝑧(𝑡))

𝑇 3
(12)

When the gradient approaches zero at equilibrium, we obtain 

Var(𝑧(𝑡)) ≈ Cov(𝑧(𝑠), 𝑧(𝑡)) (13)

When the representation capability of the student model is insufficient, 
the covariance between logits of the student model 𝑧(𝑠) and the teacher 
model 𝑧(𝑡) becomes smaller, leading to a smaller value on the right-hand 
side of the equilibrium condition. To maintain the balance, the temper-
ature 𝑇  should be reduced. This reduction decreases the entropy of the 
probability distribution, and increases the inter-class discrimination, 
making the supervision signal more informative and discriminative. 
Conversely, when the student model has stronger representation capa-
bility, a larger temperature can be employed. This condition indicates 
that the optimal temperature depends on the representation capability 
of the student model.

According to statistical learning theory, the capacity of a neural 
network function space is positively correlated with the number of 
trainable parameters. Let the student model contain 𝑚 layers in total 
and 𝑛 frozen layers, then the number of trainable layers is 𝑚− 𝑛. Thus, 
the effective representation capacity of the model can be expressed as 

𝐶 ∝ (𝑚 − 𝑛) (14)
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Since the optimal temperature increases with the model capacity, 
we obtain 
𝑇 ∝ 𝐶 (15)

Based on the transmission relationship of Eqs. (14) and (15), we 
obtain 
𝑇 ∝ (𝑚 − 𝑛) (16)

When the total number of layers 𝑚 is fixed, the temperature 𝑇
becomes negatively related to the frozen layer number 𝑛.

Therefore, the adaptive distillation temperature is negatively related 
to the number 𝑛 of frozen layers. To simplify the derivation and 
calculation, the number 𝑛 of frozen layers is adjusted according to Eq. 
(17). 

𝑛 =
⌊

𝑚 ⋅ (1 −
𝑇 − 𝑇𝑚𝑖𝑛

𝑇𝑚𝑎𝑥 − 𝑇𝑚𝑖𝑛
) + 0.5

⌋

(17)

where the number of total layers and frozen layers is respectively 𝑚 and 
𝑛, the range of temperature T  belongs to [𝑇𝑚𝑖𝑛, 𝑇𝑚𝑎𝑥

]

, the temperature 
is normalized to obtain the negative correlation ratio of the total layer 
number, and 0.5 is the guarantee that when 𝑇  equals 𝑇𝑚𝑎𝑥, the value of 
𝑛 reaches its minimum of 1. The real frozen layer number n can finally 
be calculated by Eq.  (17). Based on empirical observations, we set the 
overall temperature range between 1 and 10, and dynamically adjust 
the number of frozen layers according to the temperature changes 
during each training iteration.

Algorithm 1 Model parameter initialization and AFLKD execution 
process

Input: Training data {𝑥𝑖, 𝑦𝑖
}𝑀
𝑖=1, pre-trained cloud network model 𝑁𝑐 , 

the number of layers 𝑚 that can be frozen, the number of layers 𝑁
in the edge network model 𝑁𝑒

Output: The updated 𝑁𝑒
1: Randomly initialize the temperature T  in [1,10] and calculate the 
frozen-layer number n according to Equation (7) 

2: 𝑁𝑐 sends its first n layers’ frozen parameters to 𝑁𝑒 as 𝑊𝑛𝑒
3: Randomly initialize unfrozen parameters of the rest 𝑁 − 𝑛 layers in 

𝑁𝑒
4: for 𝑖 = 1 to 𝑒𝑝𝑜𝑐ℎ do 
5: Calculate the loss 𝐿(𝑁𝑒(𝑥), 𝑇 ) according to Equation (6) 
6: Update 𝑊(𝑁−𝑛)𝑒 and 𝑇  according to Equation (4) and (5) 
7: Update the number n of frozen layers according to Equation (17) 

8: Freeze the first n layers in 𝑁𝑒
9: end for
10: return 𝑁𝑒 with the updated model parameters 𝑊𝑛𝑒 ∪𝑊(𝑁−𝑛)𝑒

4.3. Incremental training and update algorithms

The whole cloud–edge collaboration initial training process includes 
initializing model parameters and updating the edge network model 
𝑁𝑒 by using the adaptive frozen layer knowledge distillation (AFLKD) 
mechanism, as shown in Algorithm 1. Lines 1 to 3 initialize the model 
parameters that need to be updated in the network and, send the shared 
layer parameters 𝑊𝑛𝑒 from the cloud to the edge network. Lines 4 
to 9 represent the training process of the edge network, L represents 
the value of the loss function, while 𝐿 > 𝜂 the network will undergo 
training and updating the model parameters. Let us take an example of 
one training epoch. When the network starts training, it first calculates 
the current value of the loss function. Then, based on the loss function, 
it updates the model parameters of the unfrozen layers 𝑊(𝑁−𝑛)𝑒 and 
the temperature T. After updating the temperature T, we calculate the 
current optimal number of frozen layers n according to Eq.  (7). Finally, 
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the corresponding layers are frozen in preparation for the next training 
epoch. The time complexity of Algorithm 1 is 𝑂(𝑛), 𝑛 represents the 
epoch of training.

After the initial training phase in Algorithm 1, the edge network 
can achieve reliable accuracy by addressing the resource limitations of 
the edge side and utilizing knowledge distillation. However, in real-
world tasks, a large amount of data is continuously received from 
user terminals during the operation of the architecture. If the model 
for inference is trained only by initial training data, the accuracy of 
the results may be questionable when faced with data that differs 
from the training data distribution. Therefore, if the model could be 
continuously updated during inference, the network would become 
more reliable. In practice, the data received is often large in volume 
and usually unlabeled, and it is used to provide to the edge network 
for inference. So, we need to find a method to utilize this unlabeled 
data for further training of the edge network model. Since the cloud 
network model is highly reliable and usually has high accuracy, we can 
leverage the cloud network to use this unlabeled data for assisting in 
training the edge network, thereby further improving its performance.

In this paper, we assume that the inference results from the cloud 
network are the true labels for the data. After the edge network receives 
the data, when it stores a certain amount of unlabeled data 𝑥𝑛𝑒𝑤 and 
the devices are free, it will transfer the collected data to the cloud. 
Upon receiving the data, the cloud model initiates the cloud network 
to perform inference, and results in the inference output 𝑁𝑐 (𝑥𝑛𝑒𝑤). This 
output is then combined with the data 𝑥𝑛𝑒𝑤 to form the training dataset 
{𝑥𝑛𝑒𝑤, 𝑁𝑐 (𝑥𝑛𝑒𝑤)}. Given the high accuracy of the cloud network, we 
treat the cloud network’s inference result 𝑁𝑐 (𝑥𝑛𝑒𝑤) as the true label 
𝑦𝑛𝑒𝑤, thus creating a new training dataset {𝑥𝑛𝑒𝑤, 𝑦𝑛𝑒𝑤}. This dataset 
is then transferred to the edge device for incremental updates to the 
edge network. The loss function used for updating the edge network is 
followed by Eq.  (6).

Algorithm 2 Incrementally updating the edge network
Input: New data 𝑥𝑛𝑒𝑤 from user terminals, 𝑁𝑐 , 𝑁𝑒
Output: The incrementally updated 𝑁𝑒
1: Transfer new data 𝑥𝑛𝑒𝑤 to cloud when devices are free 
2: Run the cloud network 𝑁𝑐 to get the predict label 𝑁𝑐 (𝑥𝑛𝑒𝑤)
3: Transfer the results to the edge network and get the new training 
data {𝑥𝑛𝑒𝑤, 𝑁𝑐 (𝑥𝑛𝑒𝑤)}

4: for 𝑖 = 1 to 𝑒𝑝𝑜𝑐ℎ do 
5: Calculate the loss 𝐿(𝑁𝑒(𝑥), 𝑇 ) according to Equation (6) 
6: Update 𝑊(𝑁−𝑛)𝑒 and 𝑇  according to Equation (4) and (5) 
7: Update the frozen layer number n according to Equation (17) 
8: Freeze the 𝑁𝑒’s first n layers
9: end for
10: return 𝑁𝑒 with 𝑊𝑛𝑒 ∪𝑊(𝑁−𝑛)𝑒

The incrementally updating process in the edge network is depicted 
in Algorithm 2. Lines 1 to 3 describe the process of generating new 
training data from the collected unlabeled data using the cloud net-
work. First, cameras or other IoT devices capture some production data 
and transmit it to the edge network. Then, when the edge devices 
are free, they will transfer this data to the cloud network and utilize 
the cloud network’s high accuracy, the obtained inference results are 
treated as the true labels of the data, forming a new training dataset. 
After acquiring the new training data, it is then transmitted back to 
the edge devices for further updates to the edge network. Lines 4 to 
9 outline the process of updating the edge network, which follows the 
same method as the cloud–edge collaboration initial training phase. It 
also utilizes knowledge distillation and adaptive freezing layer for the 
training updates. The time complexity of Algorithm 2 is 𝑂(𝑛), 𝑛 is the 
epoch of training.
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Fig. 3. Convolution computations cross different block groups.
5. Parallel inference in the edge network

During training the edge network, the limited computing power of 
edge devices often leads to excessive computational loads and delays, 
making it difficult to meet service requirements. Therefore, addressing 
resource constraints during both training and inference is a crucial 
consideration in the cloud–edge collaboration framework.

In this paper, we adopt a splitting method to accelerate training 
and reduce the resource load on edge nodes. We use the feature map 
splitting to distribute the computational workloads across different 
clusters. Within each cluster, the network model layers are also split 
and allocated to different edge devices based on the resource capabil-
ities of each device. Each cluster consists of a Jetson inference device 
and several Raspberry Pis. Each of Jetson inference devices, with its 
relatively strong processing power, acts as the Master node, responsible 
for task scheduling and a portion of the inference tasks. All of the 
Raspberry Pis serve as worker nodes, executing tasks received from 
the Master node. Once the computations are completed, the Jetson 
inference devices, acting as the Master node, collect the intermediate 
feature maps from different clusters and concatenate for fully connected 
layer computation.

In the process of data splitting, we allocate intermediate feature 
maps to different groups for convolutions to reduce the computational 
loads on the edge devices. However, performing convolutions after 
splitting inevitably requires communication between edge devices to 
exchange feature information. Algorithm 3 illustrates how cross-device 
convolution computations are handled. To compute a 3 × 3 convolution 
kernel on a 3 × 9 splitting block, Group 1 needs to communicate with 
Group 2 to obtain feature information from the 1 × 9 region of Group 
2. Generally, if the convolution kernel size is k, each splitting block 
needs to obtain ⌊𝑘∕2⌋ rows of feature information from neighboring 
blocks. If the kernel size is too large, it may involve computations across 
multiple devices, leading to excessive communication overhead. In this 
paper, the convolution kernel size is uniformly 3 × 3, so each group 
only needs to fetch 1 row of feature information from adjacent groups, 
minimizing communication overhead. The convolution computations 
cross different block groups are shown in Fig.  3.

The overall computing process of feature map splitting inference 
is shown in Algorithm 3. Firstly, the input feature map is split into n
blocks based on the number of clusters to enable parallel computing. 
Lines 3 to 17 specifically describe the computation process of the 
input data on the edge network within the cluster. Since additional 
7 
Algorithm 3 Feature map splitting inference
Input: Inference feature map data 𝑥𝑡𝑟𝑎𝑖𝑛, number 𝑛 of clusters, the edge 

network 𝑁𝑒
Output: Inference result 𝑦
1: Split the input feature map data 𝑥𝑡𝑟𝑎𝑖𝑛 into 𝑛 blocks along the height 
dimension 

2: For each of n splitting blocks 𝑥𝑖 in the edge network 𝑁𝑒, performs 
the following parallel inference: 

3: for each layer in 𝑁𝑒’s layers  do 
4: if the layer is convolutional layer then 
5: if i = 1 then 
6: Retrieve the first row of intermediate features from 𝑥𝑖+1
7: Concatenate the retrieved data and perform the convolution 

computation
8: else if i = n-1 then 
9: Retrieve the last row of intermediate features from 𝑥𝑖−1
10: Concatenate the retrieved data and perform the convolution 

computation
11: else 
12: Retrieve the first row of intermediate features from 𝑥𝑖+1 and 

the last row of intermediate features from 𝑥𝑖−1
13: Concatenate all the retrieved data and perform the convolu-

tion computation
14: end if
15: else if layer is FC layer then 
16: 𝑥1 retrieves the computed results from all other clusters and 

performs the fully connected computation to get inference 
result 𝑦

17: else 
18: Perform the computation for the current layer
19: end if
20: end for
21: return 𝑦

communication consumption is only required during convolution com-
putations, the process first determines whether the current layer is a 
convolutional layer. If the current layer is not a convolutional layer, the 
network follows the standard computation flow. If the current layer is 
a convolutional layer, intermediate feature maps need to be exchanged 
between clusters. If the current cluster is the first cluster, it only needs 
to retrieve the first row of intermediate features from the next cluster. 
If the current cluster is the last cluster, it only needs to retrieve the last 
row of intermediate features from the previous cluster. Otherwise, the 
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Fig. 4. Layer splitting in edge device groups.
cluster must retrieve both the last row of intermediate features from 
the previous cluster and the first row from the next cluster. Once the 
necessary feature data is retrieved, it is concatenated with the local 
feature map and the results of performing the convolution computation. 
When reaching the final fully connected layer, the first cluster collects 
the computed results from all other clusters, concatenates them, and 
performs the final fully connected computation to generate the infer-
ence output y. The time complexity of Algorithm 3 is 𝑂(𝑛), 𝑛 denotes 
the number of layers.

As exhibited in Fig.  4, after splitting the feature maps across dif-
ferent clusters through semantic data partitioning, we further employs 
layer splitting within each cluster. Unlike semantic data partitioning, 
layer splitting divides the edge network by layers and distributes them 
across different edge devices. Since layer splitting does not alter the 
computing process, it does not affect the accuracy of the network and 
help each device release the computational pressure. However, because 
devices assigned to the later layers in the network must wait for the 
preceding devices to finish computing and pass their feature maps 
before continuing, there is no improvement in overall computing time.

6. Performance evaluation

In this section, we firstly validate the performance of three differ-
ent edge network models using our adaptive frozen layer knowledge 
distillation (AFLKD) method on three commonly used datasets, and 
compared the results with the conventional (baseline) and the shared 
shallow layer frozen (SSLF) [7] training methods. Next, we verify the 
inference speed improvement of using feature map splitting for parallel 
computing in convolutional layers during the inference process. The 
time consumed by each layer in the network was compared during 
inference with and without feature map splitting. All the experimental 
code can be accessed on GitHub.1

6.1. Datasets

Our experiments adopt the three commonly used open source 
datasets, CIFAR-10, Fashion-MNIST and CIFAR-100, which are briefly 
described as follows.

CIFAR-10 is a widely used image classification dataset in the field of 
computer vision, collected and organized by Alex Krizhevsky, Geoffrey 
Hinton and others at the University of Toronto. CIFAR-10 is primarily 
used for image classification tasks in supervised learning. It consists of 

1 https://github.com/blindgo1/AFLKD-feature-map-splitting.
8 
32 × 32 RGB images across ten categories, with a total of 60,000 im-
ages. These images are divided into two sets, a training set containing 
50,000 images and a test set containing 10,000 images.

Fashion-MNIST was released by the Zalando Research team in Ger-
many, intended as a replacement for the MNIST dataset (which contains 
handwritten digits) for image classification tasks. Compared to MNIST, 
Fashion-MNIST is more challenging as it contains more complex images 
of fashion items, making it suitable for testing deep learning models in 
real-world scenarios. The dataset consists of 70,000 grayscale images 
of size 28 × 28, divided into two sets, a training set of 60,000 images 
and a test set of 10,000 images.

CIFAR-100 is another widely used image classification dataset in 
the field of computer vision, also collected and organized by Alex 
Krizhevsky, Geoffrey Hinton and others at the University of Toronto. 
CIFAR-100 is mainly used for image classification tasks in supervised 
learning and is considered more challenging than CIFAR-10 due to 
its larger number of categories. It consists of 32 × 32 RGB images 
across 100 categories, with a total of 60,000 images. These images are 
divided into two sets, a training set containing 50,000 images and a test 
set containing 10,000 images. Compared with CIFAR-10, each class in 
CIFAR-100 contains fewer training samples, which makes the classifi-
cation task more difficult and requires stronger feature representation 
capability from the model.

For the cloud network training, we leveraged all the data from 
both the training and test sets. For the edge network training, to 
simulate real-world scenarios where sufficient training data may not 
be available, we selected a subset of the training data to evaluate the 
model’s performance under small sample training conditions.

6.2. Experimental setup

6.2.1. Experimental environment
The simulation experimental environment is primarily composed 

of cloud devices, edge devices and a local area network connecting 
with the devices through a switch. The cloud devices are used to train 
the cloud network and require strong computational capabilities to 
perform comprehensive training. In real-world production, powerful 
cloud servers are typically used. For the sake of simplicity, a PC with 
high performance of CPU and GPU is used as a substitute in our 
experiments. The edge devices are used for small-sample training and 
task inference of the edge network models. These devices generally do 
not need to have strong computing power. Since distributed inference is 
also required, the edge devices will form a cluster composed of multiple 
devices. In the experiments, multiple Jetson orin nanos and Raspberry 
Pis are used to simulate edge devices. The specific device parameters 
and performance details are shown in Table  1. The experimental device 
environment in the edge network is depicted in Fig.  5.

https://github.com/blindgo1/AFLKD-feature-map-splitting
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Table 1
Experimental device specifications.
 Hardware Jetson Orin Nano Raspberry Pi 5 PC  
 CPU 6-core ARM 

Cortex-A78AE @ 1.5 GHz
Broadcom BCM2712 quad-core 
Arm Cortex A76 processor @ 2.4 GHz

12th Gen Intel(R) Core(TM) 
i7-12650H 2.30 GHz

 

 GPU NVIDIA Ampere architecture 
1024 × NVIDIA CUDA Cores
32 × 3rd Gen Tensor Cores

/ NVIDIA GeForce 
RTX 4060 Laptop GPU

 

 Memory 8 Gb 128-bit LPDDR5 68 GB/s 8 GB RAM 16 GB RAM  
 Number 3 12 1  
Fig. 5. The experimental environment in the edge network.

Fig. 6. The VGG model structures in cloud and edge networks.

6.2.2. Network model setup
The network model used in this experiment is shown in Fig.  6. The 

cloud network is similar to the VGG network, consisting of multiple 
convolutional blocks. The kernel size is uniformly set to 3 × 3. In the 
cloud network, the first part contains three convolutional layers, each 
with 32 kernels, the second part consists of two convolutional layers, 
each with 48 kernels, the third part comprises five convolutional layers, 
each with 80 kernels, the fourth part is composed of five convolutional 
layers, each with 128 kernels, and the fully connected layers have 1024 
and 10 neurons. After each convolutional layer, we add a ReLU layer, 
and after each convolutional block, we add a MaxPooling layer.

To enable inference on the resource-constrained edge devices, dif-
ferent types of edge networks share a different number of convolutional 
blocks from the cloud network. Each convolutional block has the same 
structure as the one in the cloud network, but the overall network 
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structure for each of edge networks is simpler compared to the cloud 
network.

6.3. Accuracy comparison of related methods

In this section, we compared the training accuracy between the 
three methods, the proposed adaptive frozen layer knowledge distilla-
tion (AFLKD), conventional training which means train without freeze 
layers (baseline) and the shared shallow layer frozen (SSLF) [7]. The 
performance of different methods was tested on the CIFAR-10, Fashion-
MNIST and CIFAR-100 datasets. For these three datasets, the VGG 
models trained on the cloud network commonly achieve accuracies of 
86.62%, 92.87%, and 68.36%, respectively.

Firstly, the accuracy of training the edge network was verified on 
the CIFAR-10 dataset at different numbers of training data. We consider 
that each type of edge networks has 500 initial training samples during 
its initialization phase. The subsequent increase in training data simu-
lates the network performing incremental updates upon receiving new 
data. Although in real-world scenarios the baseline may not have access 
to new labeled data for incremental updates, for fairness in comparison, 
we also provide the baseline with new training data in this experiment.

Fig.  7 shows that as the amount of data increases, the overall 
accuracy of all the three training methods in three edge networks 
improves, demonstrating that incremental updates can indeed enhance 
network performance. Among them, the training accuracy of the pro-
posed AFLKD exceeds that of the other two methods. These results 
also highlight the importance of having sufficient data in practical 
production environments, making it highly beneficial to acquire new 
labeled data through the cloud network.

AFLKD significantly improves the accuracy of the network model 
when training with a small sample size and simple network structure. 
From Table  2, we can find that when the training data size is 500, the 
conventional training method (baseline) results in an accuracy of less 
than 40% for any types of edge network structures. However, by using 
our AFLKD, even the simplest model, Edge network 1, can achieve an 
accuracy of 49.5% with only 500 training images, improving by 15.7% 
compared to the baseline. This is due to the fact that a well-trained 
cloud network model has strong generalization ability in the shallow 
layers of the network, helping the edge network quickly improve its 
initial accuracy and training efficiency.

Furthermore, compared to SSLF, which also shares shallow layers of 
the network, AFLKD outperforms SSLF by 9.1% in terms of accuracy. 
This is because AFLKD utilizes knowledge distillation, which allows the 
student network to learn not only from the training data images but also 
from the teacher model (Cloud network). This is particularly beneficial 
for edge networks which are in the face of limited training data and 
need to train on small samples. By leveraging the knowledge from the 
cloud network, which is trained on a large dataset, AFLKD reduces the 
reliance of the network’s accuracy on the amount of training data.

In the incremental update phase, as the training data increases, 
our AFLKD consistently outperforms the other two methods in terms 
of accuracy. This demonstrates that AFLKD enhances network model 
performance at every stage of the training process.

We also tested the three edge networks on the Fashion-MNIST 
dataset. The results are shown in Fig.  8. Since the Fashion-MNIST 
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Fig. 7. Accuracy comparison of different edge networks on CIFAR-10.
Table 2
Detailed result data for accuracy comparison under different sizes of CIFAR-10 dataset in different edge networks.
 Number of training images 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 
 AFLKD(Edge network1) 49.5 56 59.9 62.1 62.8 65.6 66.2 67.4 69.3 70.2  
 SSLF(Edge network1) 40.4 50 58 59.7 61 64.7 65.4 66.9 68.1 68.3  
 Baseline(Edge network1) 33.8 43.2 46.4 44.4 50.4 53.7 56.5 58.2 58.6 62.3  
 AFLKD(Edge network2) 51.7 60 62 63.8 63.8 68.9 70.2 71.0 73.3 74.6  
 SSLF(Edge network2) 50.6 58.9 55.9 62.6 61.1 67.6 68.2 69.7 70.3 70.3  
 Baseline(Edge network2) 35.8 44 41.8 50.2 52.8 56.4 61.0 64.0 64.6 65.7  
 AFLKD(Edge network3) 53.9 61.5 65 70 69.8 72.1 73 73.4 74.3 75.3  
 SSLF(Edge network3) 51.3 56.9 58.5 64.5 67.3 66.6 67.8 72 72.5 74  
 Baseline(Edge network3) 38.3 43.9 49.6 49.1 55.2 55.7 61.4 62.3 64.5 66.1  
Fig. 8. Accuracy comparison of different edge networks on Fashion-MNIST.
Table 3
Detailed result data for accuracy comparison under different sizes of Fashion-
MNIST dataset in different edge networks.
 Number of training 
images

500 1000 1500 2000 2500 3000 Cloud network 
accuracy

 

 AFLKD(Edge network1) 85.3 86.5 89.1 89 89.4 89.7 92.87  
 SSLF(Edge network1) 83.4 85.3 88.3 87.4 88.9 89.1  
 Baseline(Edge 
network1)

77.3 78.6 82.9 83.1 83.9 86.9  

 AFLKD(Edge network2) 85.9 87.4 90.1 89.7 90.3 91.5  
 SSLF(Edge network2) 83.1 85 86.2 87.2 89.8 89.6  
 Baseline(Edge 
network2)

79.9 82.3 84.1 85.1 87.6 88.6  

dataset is relatively easy to train and the network converges quickly, 
most models reach an optimal state once the training data exceeds 
3000. Therefore, we compare only the simpler Edge network 1 and 
Edge network 2 for cases where the training data is fewer than 3000.

From the results, we can observe the conclusions similar to those 
from the CIFAR-10 dataset. Using our AFLKD on Edge network 1 and 
Edge network 2 leads to better accuracy than other methods when 
training with a small dataset. As illustrated in Table  3, when the 
training data size is 500, which denotes AFLKD improves the accuracy 
of Edge network 1 and Edge network 2 by 8% and 6%, respectively, 
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compared to the baseline. Further compared to SSLF, AFLKD achieves 
an additional improvement of 1.9% and 2.8%.

In addition to the CIFAR-10 and Fashion-MNIST datasets, we further 
evaluate the proposed method on the CIFAR-100 dataset, which is 
a more challenging image classification benchmark. Compared with 
CIFAR-10, CIFAR-100 contains 100 categories with fewer samples 
per class, resulting in higher inter-class similarity and greater intra-
class diversity. Consequently, models trained on CIFAR-100 require 
stronger feature representation capability and better generalization 
ability. Therefore, experiments on CIFAR-100 provide a more rigorous 
evaluation of the effectiveness of the proposed AFLKD method.

Fig.  9 illustrates the accuracy trends of the three training methods 
as the number of training samples increases. As shown in the figure, 
the classification accuracy of all methods gradually improves with the 
growth of the training dataset. These results indicate that incremental 
updates with newly collected data can effectively enhance the per-
formance of edge networks. Moreover, the curves show that AFLKD 
consistently maintains higher accuracy than both SSLF and the baseline 
method across all training stages and network structures.

A more detailed quantitative comparison is presented in Table  4. 
When the number of training images is only 500, the baseline method 
performs poorly due to the complexity of the CIFAR-100 dataset. 
Specifically, the baseline accuracies of Edge network 1, Edge network 
2 and Edge network 3 are only 5.1%, 5.9% and 6.1%, respectively. 
In contrast, the proposed AFLKD achieves 9.7%, 15.9% and 36.8% 
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Fig. 9. Accuracy comparison of different edge networks on CIFAR-100.
Table 4
Detailed result data for accuracy comparison under different sizes of CIFAR-100 dataset in different edge networks.
 Number of training images 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 
 AFLKD(Edge network1) 9.7 15.8 19.5 23.5 23.4 24.7 27.8 28.4 32.4 34.2  
 SSLF(Edge network1) 8.4 9.2 11.6 15.4 15.1 22.2 22.6 22.5 25.1 27.4  
 Baseline(Edge network1) 5.1 6.7 8.9 12.4 11.8 13.4 16.9 19 17.9 19.3  
 AFLKD(Edge network2) 15.9 20.6 28.3 31.3 31.5 35.8 38.4 38.9 40.2 40.6  
 SSLF(Edge network2) 9 13.8 17.9 22.5 22.3 23.4 25.9 29.9 30.4 36.2  
 Baseline(Edge network2) 5.9 7.8 9.2 11.4 15.5 15.6 15.2 17.9 18.8 20.5  
 AFLKD(Edge network3) 36.8 43.7 44.1 49.1 48.6 50.6 53 53.3 54.1 55.6  
 SSLF(Edge network3) 17.6 26.1 32.7 39.4 41.6 42.2 42.6 44.9 48.1 48.9  
 Baseline(Edge network3) 6.1 8.1 8.7 10.5 13.2 15.6 14.8 16.2 18.6 19.2  
accuracy on the three edge networks. Compared with the baseline, 
AFLKD improves the accuracy by 4.6, 10.0 and 30.7 percentage points, 
respectively. Particularly for Edge network 3, the accuracy increases by 
more than six times, demonstrating the significant advantage of AFLKD 
in extremely small-sample scenarios.

Compared with SSLF, which only shares shallow layers of the net-
work, AFLKD also demonstrates clear improvements. When the number 
of training samples is 500, AFLKD outperforms SSLF by 1.3%, 6.9% and 
19.2% on Edge network 1, Edge network 2 and Edge network 3, respec-
tively. This improvement mainly comes from the knowledge distillation 
mechanism, which enables the student network to learn not only from 
the labeled training samples but also from the soft targets generated by 
the cloud network. Such additional supervisory information allows the 
edge network to learn richer semantic representations even when the 
available training data is limited.

From the trend shown in Fig.  9, the advantage of AFLKD remains 
stable throughout the incremental training process. As the training 
data increases to 5000 images, the accuracy of AFLKD reaches 34.2%, 
40.6% and 55.6% for Edge network 1, Edge network 2 and Edge 
network 3, respectively. In comparison, SSLF achieves 27.4%, 36.2% 
and 48.9%, while the baseline method only reaches 19.3%, 20.5% and 
19.2%. Although the accuracy gap between different methods gradually 
narrows as the dataset becomes larger, AFLKD consistently maintains 
the highest accuracy.

Overall, the experimental results on CIFAR-100 further validate the 
effectiveness and robustness of the proposed AFLKD method. By lever-
aging knowledge transferred from the cloud network, AFLKD signifi-
cantly improves the initial training performance of edge networks, and 
maintains superior accuracy throughout the incremental learning pro-
cess. The consistent improvements observed across different network 
architectures also demonstrate the strong generalization capability of 
the proposed method on complex datasets.

With an increase of training data, the accuracy gap between the 
different methods gradually decreases, but our AFLKD can always main-
tains an advantage. This indicates that the AFLKD method improves 
network performance regardless of whether the training data is limited 
or sufficient, and it exhibits strong generalizability across different 
datasets.
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6.4. Inference time comparison of splitting and no splitting feature maps

As described in Section 5, to accelerate inference speed, we applied 
the feature map splitting method by adopting the specific partitioning 
strategy. We conducted experiments to compare the inference time 
of feature map splitting with non-split across the three different edge 
networks.

To ensure fairness in the experiments, the same 224 × 224 input 
image is used for inference across all network models. Since computa-
tions in the fully connected layers are not split, we excluded them from 
the comparison.

Fig.  10 shows the inference time per layer for three different edge 
networks. After applying feature map splitting, the inference time of 
each layer displays a noticeable improvement compared to the non-
split approach. In our experiments, an input feature map is split into 
two parts and processed in parallel across two clusters. By splitting the 
feature map, the computational complexity of the convolutional layers 
is reduced, as each convolutional layer only needs to process half the 
size of the intermediate feature maps compared to the non-split case. 
Since the partitioned feature maps are processed in parallel by different 
clusters, theoretically, the inference time should be reduced by half. 
However, due to the need for neighboring devices to exchange feature 
maps, additional communication overhead is generated. Even so, our 
experimental results show that feature map splitting still improves 
inference speed, with the total inference time being approximately 70% 
of the non-split approach on convolutional layers. For model layers 
that do not require data exchange, such as ReLU and MaxPooling, the 
inference time behaves as expected, requiring only 50% of the time 
compared to the non-segmented approach. It demonstrates that feature 
map splitting enables significant speed improvements in parallel infer-
ence. The more complex the network, the longer the inference time, 
making feature map split even more beneficial for reducing computing 
time in real-world applications.

6.5. Summary

From the above analysis of experimental results, we can con-
clude that the proposed AFLKD demonstrates excellent performance 
across multiple datasets. Compared to conventional training, AFLKD 
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Fig. 10. Inference time comparison of feature map splitting and no splitting.
achieves significant accuracy improvements when training with small-
scale datasets. Compared to the SSLF method, AFLKD consistently 
outperforms in both the initialization and the incremental update 
phase. On the Fashion-MNIST dataset, which has a relatively lower 
training difficulty, AFLKD even achieves performance close to that of 
the cloud network model. This indicates the feasibility of deploying 
DNN directly on edge devices for task inference. By leveraging the 
cloud network to assist in training and updating the edge Network, 
i.e., cloud–edge collaborative incremental learning approach, AFLKD 
effectively enhances both the performance of the initial deployment 
and after incremental updates through inputting newly collected data.

The inference time comparison experiments further show that the 
feature map splitting method effectively accelerates inference speed in 
edge networks. The more complex the network and the greater the 
inference workload, the more time is saved. Applying this method in 
real-world scenarios can significantly reduce inference time, prevent 
SLA violations, and improve user service quality. Moreover, the feature 
map splitting is generally applicable to various convolutional neural 
networks. Although our research is based on a VGG-like network, this 
method is also equally applicable to other CNN structures, such as 
AlexNet, Inception and RegNet.

7. Conclusions and future work

In order to deal with the problem that the inference performance 
of edge sides decreases under the cloud–edge collaborative inference 
mode, this paper proposes the adaptive frozen layer knowledge distilla-
tion (AFLKD), a knowledge distillation-based training method for edge 
networks.

7.1. Advantages and adaptability

The proposed method employs the cloud network to assist in train-
ing edge networks, and allows for incremental learning using newly 
collected data. Experimental results demonstrate that the proposed 
approach effectively improves the initial accuracy of edge networks 
during deployment, particularly in cases where the network models are 
lightweight and training data is insufficient. This also aligns well with 
real-world edge computing scenarios, where computational resources 
are constrained and labeled data is scarce. Additionally, as training data 
increases, the accuracy of the presented AFLKD continues to outperform 
current relevant methods during the incremental update phase. For 
inference acceleration, a feature map splitting method is introduced, 
which reduces inference time through parallel computing.

7.2. Limitations and discussion

Although the proposed AFLKD cloud–edge collaborative incremen-
tal learning framework demonstrates promising improvements in infer-
ence latency and accuracy under resource constraints, it still has several 
limitations that deserve further investigation.
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Firstly, the proposed parallel inference and feature-map splitting 
strategy is, in practice, more naturally aligned with convolutional 
neural networks (CNNs). CNNs exhibit a hierarchical feature extraction 
pipeline with relatively clear spatial structures and channel seman-
tics, which makes the workflow of ‘‘splitting feature maps to parallel 
computing and then to fusion’’ easier to implement and optimize. 
However, when extending the framework to broader model families 
(e.g., Transformers, hybrid CNN-Transformer architectures, graph neu-
ral networks, and other networks with complex branches and dynamic 
routing), representations may no longer preserve the same degree 
of spatial locality, and attention-style global dependencies introduce 
stronger coupling across tokens or features. As a result, the choices of 
splitting granularity and splitting points become more challenging, and 
the required cross-node communication and synchronization overhead 
may increase significantly.

Secondly, the framework exhibits a non-negligible dependency on 
the quality and stability of the cloud-side teacher model. In real-world 
complex scenarios, cloud data may suffer from noisy labels, domain 
shifts, long-tailed distributions or continuously evolving tasks, which 
can degrade the teacher’s accuracy, calibration and generalization. 
When the teacher model produces unreliable soft targets or distorted 
inter-class relations, knowledge distillation may propagate such biases 
to the edge student model, resulting in degraded accuracy, shifted de-
cision boundaries or even amplified forgetting in continual settings. In 
addition, communication latency and asynchronous updates in cloud–
edge collaboration may cause the edge side to distill from stale teacher 
knowledge under distribution drift, further magnify distillation errors.

7.3. Future work

To address the above limitations, future work will focus on improv-
ing the generality, robustness and deployability of the framework from 
the following directions.

(1) Architecture-agnostic partitioning and freezing strategies.
We plan to extend the current splitting and parallel inference mech-

anism beyond CNNs to Transformers and hybrid architectures by ex-
ploring more general partitioning schemes (e.g., module-wise parti-
tioning, tensor-dimension splitting, pipeline parallelism, early-exit and 
multi-exit collaboration). Meanwhile, we will develop a unified cost 
model that characterizes the trade-offs among splitting points, com-
munication volume, end-to-end latency and accuracy, enabling au-
tomated strategy selection under heterogeneous constraints. In addi-
tion, we will investigate finer-grained and learnable freezing mech-
anisms (e.g., gated freezing and parameter-efficient tuning such as 
adapters/LoRA jointly with freezing), so that the freezing policy can 
adapt to task difficulty and resource budgets rather than relying on 
hand-crafted rules.

(2) Reducing sensitivity to imperfect teachers.
To mitigate the risk that an inaccurate or poorly calibrated cloud 

teacher model harms edge performance in complex settings, we will in-
corporate more robust teacher knowledge construction and distillation 
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objectives, such as uncertainty- or confidence-aware sample filtering 
and loss re-weighting, calibrated soft targets, adaptive temperature 
scheduling, teacher ensembles, and auxiliary self-supervised or con-
trastive representation learning to reduce the reliance on high-quality 
labels. Furthermore, we will explore ‘‘degradation-aware’’ safeguards 
on down-weight distillation when the teacher model’s reliability is low, 
preventing erroneous knowledge from being irreversibly transferred to 
the edge model.

(3) System-level evaluation in realistic deployments.
We will further validate the framework on more realistic tasks 

and datasets (e.g., industrial defect detection, cross-domain surveil-
lance, long-tailed recognition, and continual learning scenarios), and 
under diverse network conditions (bandwidth constraints, packet loss, 
and asynchronous updates) as well as heterogeneous edge device set-
tings. Beyond accuracy and latency, we will report end-to-end la-
tency breakdowns, communication overhead, energy consumption and 
other robustness metrics to comprehensively assess the scalability and 
practicality of cloud–edge collaborative incremental learning in real 
deployments.
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