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There are two directions to accelerate deep learning models on resource-constrained devices: model compression and
caching. Model compression reduces the computation, storage and memory cost of models. Caching reuse previous

results to reduce redundant computation caused by similar input.

1 MODEL COMPRESSION

First, we introduce several techniques to compress DNN models and then the system design to apply these techniques

to mobile devices.

1.1 Model Compression Techniques
The classification is from Liu et al..

e Weight Compression. Remove weights that are not important [1, 6, 11].
e Convolution Decomposition. Approximate convolution layers with less-computation-intensive layers [6, 8, 13].

o Special architecture layers. Replace traditional layers with newly designed light-weight layers [10, 12].

1.2 System Design to Apply Compression Techniques
Accommodating these techniques to various needs in mobile scenarios needs extra efforts on system design.

o Balance user-specified performance goals and resource constraints. Different platforms have different resource
constraint. Different applications have different performance needs. AdaDeep[14] automatically determines the
optimal combination of DNN compression techniques considering the user-specified performance requirements
and platform-imposed resource constraints on accuracy, latency, storage, and energy consumption.

e Runtime resource-aware dynamic model compression. The resources available in a mobile device are usually
dynamic, for example when users open a new application or close some applications. In order to achieve a higher

resource utilization and the optimal trade-off between performance and resource cost, Fang et al. design NestDNN,
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a framework that takes the dynamics of runtime resources into account to enable resource-aware multi-tenant
on-device deep learning for mobile vision systems. NestDNN devises a descendent model with varying capacity by

pruning the unimportant filters iteratively.

2 CACHING
Similar inputs are fed into DNN models in many application scenarios:

¢ Inside an application: A continuous video stream has much redundancy between consecutive frames. These

works will be discussed in Sec. 2.1.

Among different applications in the same device: Different applications on the same device may process
the same video stream at the same time. MCDNN [7] shares the lower layers across DNN models: the layers of a
DNN can be viewed as increasingly abstract representations, so it is conceivable the representations captured by lower
levels are shareable across many high-level tasks. Potluck [5] reuses the results of function calls across different
applications. When an application calls certain processing functions, it first queries the cache for any existing results.
The input data are turned into a feature vector, which serves as the key. Then a lookup attempt is made with the key

and the function name.

Among different devices: Same applications can be installed on multiple devices, which generate similar
requests when in a similar context. FoggyCache [4] observes cross-device fuzzy redundancy in mobile and IoT

scenarios and eliminate them by approximate computation reuse on edge servers.

2.1 Caching between Consecutive Video Frames

Consecutive frames usually share large area of similar contents. Processing these frames with DNN models introduces
redundant computation. Several works reduce the resource consumption of processing current frame by reusing the

computation results of processing last frame.

e CBinfer [2]: Pixel-wise reuse and detect reusable regions for each DNN layer. The pixel value at the same
position in consecutive frames are compared. Only the affected areas of changed pixels are re-calculated. The
reusable regions are detected for every DNN layer.

e DeepMon [9]: Block-wise reuse and cascade reusable regions through layers. The frames are segmented into
fixed blocks and blocks at the same position are compared by color histogram to decide if they are reusable. The
reusable regions are only detected in the raw image and the reusable regions of following convolution layers are
derived accordingly.

e DeepCache [15]: Flexible block-wise reuse and cascade reusable regions through layers. The algorithm Diamond
Search is used to find the similar regions between frames, even at different positions. Then these areas are aligned

to form larger reusable areas.

The three works are compared in Table 1
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