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A distributed deep neural network inference framework
based on attention for feature fusion
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(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai 200093, China)

Abstract: In the existing Distributed Deep Neural Network ( DDNN) frameworks, the cost of communication between devices is
relatively high, and the importance of the features extracted by different end devices for the global task is not considered. This leads
to end devices uploading all the extracted features to the edge for computation, thereby increasing unnecessary communication
overhead and computational costs. To address these issues, this paper applies an attention—based feature fusion method to the DDNN
framework and proposes an ATTention —based Distributed Deep Neural Network ( ATT-DDNN) framework. This framework
employs multiple edge exits, allowing the Deep Learning (DL) models within the ATT-DDNN framework to perform adaptive
inference at different depth levels to meet various task requirements and data characteristics. By leveraging the attention mechanism,
it explicitly models the relationships between channels and adaptively re—scales the channels in the feature map, enhancing the
model’s response to important features and suppressing the response to negative features. This approach reduces communication and
computation costs. The experimental results demonstrate that, in comparison to the existing DDNN, the ATT-DDNN significantly
reduces the communication consumption between devices while maintaining a high level of accuracy.
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