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Fluid Dynamic DNNs [5 \
* A Fluid Dynamic DNN model trained via a nested incremental training algorithm, which reduces inter-channel * Implementation and Experiments
dependencies. Each resulting partition can be treated as an independent sub-network (e.g. C*, C*D¥*), enabling
flexible and modular inference. * Asmall DNN model with three convolution layers and one fully connected layer. The [25%, 50%, 75%, 100%] sub-
* Distributed inference based on fluid DNNs supports two modes: networks have [4,8,12,16] (3x3) kernels, respectively
* Independentinference, where each model operates separately to improve system throughput. * Models are trained on MNIST dataset.
 Collaborative inference, where models jointly contribute as parts of a complete network to enhance accuracy. * CPU of Nvidia Jetson Xavier NX platform.
* In the presence of device failures, fluid DNN-based systems can still produce valid inference results through
partial and independent execution, ensuring robust performance under dynamic conditions. Dynamic DNN can still work when worker device fails, Fluid Dynamic DNN can still work when any one devices fails, i.e.
/ \ i.e. run the 50% model on the Master device at reduced run the 50% model.
/ Dynamic DNN / Static DNN \\ Fluid Dynamic DNN accuracy but increased throughput. High-Throughput (HT) mode and High-Accuracy (HA) mode when
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Static DNN fails when any device fails.
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