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Abstract
Deep Neural Networks (DNNs) have a significant im-
pact on numerous applications, such as video processing,
virtual/augmented reality, and text processing. The ever-
changing environment forces the DNN models to evolve,
accordingly. Also, the transition from the cloud-only to edge-
cloud paradigm has made the deployment and training of
these models challenging. Addressing these challenges re-
quires new methods and systems for continuous training and
distribution of these models in a heterogeneous environment.

In this paper, we propose KnowledgeNet (KN), which is a
new architectural technique for a simple disaggregation and
distribution of the neural networks for both training and serv-
ing. Using KN, DNNs can be partitioned into multiple small
blocks and be deployed on a distributed set of computational
nodes. Also, KN utilizes the knowledge transfer technique
to provide small scale models with high accuracy in edge
scenarios with limited resources. Preliminary results show
that our new method can ensure a state-of-the-art accuracy
for a DNN model while being disaggregated among multi-
ple workers. Also, by using knowledge transfer technique,
we can compress the model by 62% for deployment, while
maintaining the same accuracy.

1 Introduction

Deep Neural Networks (DNNs) have achieved tremendous ac-
curacy improvements for various tasks, such as decision mak-
ing, text processing, and video processing. Edge and cloud ap-
plications are adopting DNNs to assist users and other systems
in better decision making. For example, a recent effort [1] is
using neural networks on surveillance cameras on the roads
to detect objects of interest. However, state-of-the-art DNN
models are computationally heavy and need to continuously
adopt to the environment.

Some related works have proposed new methods for dis-
tribution and acceleration of DNNs on distributed heteroge-
neous systems, for both training, and inference. One approach

is distributed synchronous SGD algorithm [4], where each
computing node executes the complete model on different
batches of data. This method suffers from lack of scalability
in the training process. Also, in the edge-cloud paradigm,
the edge nodes are not powerful enough to take care of the
whole model. Another method is model-parallelism [3, 9].
In this method, different layers of the model are distributed
among several accelerators (on the same machine). Need to
mention, the feasibility of such a model in a distributed edge-
cloud environment with average connections speed is not yet
evaluated.

Other related works have studied several methods to pre-
pare DNN models for edge deployment. These methods can
be broadly classified into four categories: (1) Weight Sharing,
(2) Quantization, (3) Pruning, and (4) Knowledge Transfer.
The weight sharing techniques [2, 5] reduce the memory oc-
cupied by the model by grouping weights and replacing them
with a single value. The quantization techniques [5, 7] reduce
the size of the model by shrinking the number of bits needed
by the weights. The pruning techniques [5, 8, 10] reduce the
complexity of a model significantly by removing weights or
connections that produce a negligible response. Finally, with
the knowledge transfer techniques, a small model is being
supervised by a large model during the training to achieve
a much higher accuracy. Unfortunately, all these methods
(except knowledge transfer) are only feasible for inference
scenarios.

2 Approach

Following the previous discussions, we propose Knowled-
geNet (KN), which enables a disaggregated and distributed
training/serving process while supporting heterogeneous envi-
ronments, such as the edge-cloud paradigm. KN can disaggre-
gate and deploy large DNN models on a set of heterogeneous
processors to enable continuous training based on the user
data and ever-changing environment.

The KN utilizes two specific methods to enable disag-
gregated and distributed model training and serving. First,
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Figure 1: Representation of the model in the KN setting. Each
dash box is being mapped onto a distinct processor. Also, the
synthetic gradients are being generated asynchronously, using
extra components (represented as M blocks).

KN can split a large DNN model into several small models
(Figure 1). Each of these small models can be deployed on
an independent processing node. The conventional training
method suffers from the locking among the layers in a model,
based upon their prior or next layer, during the forward and
backward propagation. To alleviate this problem, we use the
synthetic gradient method [6] to generate the target gradient
for each section, asynchronously. Using synthetic gradients,
each individual or set of layers can continue their progress,
by adding a new module, which is responsible to generate
synthetic gradients, approximating the true gradients in the
conventional training model. As a result, the training pro-
cess can be seamlessly offloaded onto a set of heterogeneous
process without compromising the accuracy.

Second, while disaggregation can overcome the distribu-
tion problem, it may still need compression to be deployed
on the edge devices. Edge devices are usually equipped with
small processors with limited computational capabilities. We
develop a new knowledge transfer (KT) technique in KN,
which enables fine-grained supervision from the oracle model
on the cloud and the model deployed on edge. Using this
technique, the DNN model can be transformed into two equiv-
alent models: (1) A large-scale oracle model on the cloud
and (2) a small-scale counterpart model on the edge. Our
novel KT technique provides state-of-the-art accuracy for the
small-scale model, while receiving supervision from the or-
acle model. In the KN, unlike conventional KT techniques,
where the only knowledge comes from only the final layer’s
loss, each section of the small model can constantly receive
supervision from a specific section of the oracle model, in
order to adopt the same representation.

3 Evaluation

In this section we provide preliminary evaluations on the
feasibility of the KN, based on the its capability to maintain a
state-of-the-art accuracy, while enabling distributed training
over a set of heterogeneous devices.

Our experimental result for the synthetic gradient approach
can achieve comparable accuracy as the conventional back-
propagation approach. We use a simple four-layered model

which consists of one convolutional layer (including max
pooling layer) and three fully-connected layers with MNIST
dataset for the evaluation. After training for 500K itera-
tions, the backpropagation approach achieves 98.4% accu-
racy whereas the synthetic gradient approach achieves 97.7%
accuracy.

Our knowledge transfer result shows that we can compress
a model significantly and maintain the same accuracy by
leveraging the knowledge from a large network. The teacher
model is VGG16 and the student model is a network that is
shorter than the teacher and consists of much fewer parameters
(3.2M vs. 8.5M). After training for 100 epochs, the accuracy
of teacher model and independent student model is 74.12%
and 61.24%, respectively. The dependent student model that
uses our proposed knowledge transfer method achieves almost
comparable accuracy as the teacher model.

4 Conclusions and Future Work

The emerging trend of heterogeneous systems, both in the
cloud-only and in the form of edge-cloud systems, necessi-
tates rethinking the current methods for training and deploy-
ing deep learning models. Current available methods cannot
enable efficient serving and continuous training of the com-
plex models on the distributed heterogeneous systems. KN
seeks to address the above challenges, through our novel dis-
aggregation and distribution of the DNNs, and also our new
layer-by-layer knowledge transfer techniques. Our prelimi-
nary results suggest our new method as a promising approach
for training DNNs for the emerging heterogeneouscomputing
paradigms.
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