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Abstract

Recent years have witnessed a fast growing interest in creating special hardware for real-
time mobile intelligence. It has led to an increasing perception in both research and industry
on the indispensability of special Al accelerator for real-time Al on end devices. This article
advocates for a cautious treatment to the view. By drawing on a recent real-time Al optimiza-
tion framework CoCoPIE, it demonstrates that with effective compression-compiler co-design, it
is possible to enable real-time artificial intelligence on mainstream end devices without special
hardware, even for Al tasks as complex as super resolution. The article explains the design
of CoCoPIE, and how compression-compiler co-design makes complex Al applications able to
run in real-time on off-the-shelf mobile devices that have been previously regarded impossi-
ble, helps off-the-shelf mobile devices outperform a number of representative ASIC and FPGA
solutions in both energy efficiency and performance, and speeds up DNN pruning by as much
as two orders of magnitude.

Many believe that the company who enables real intelligence on end devices (such as mobile
devices and IoT devices) will define the future of computing. Racing towards this goal, many com-
panies, whether giant technology firms such as Google, Microsoft, Amazon, Apple and Facebook,
or startups spent tens of billions of dollars each year on R&D.

Assuming hardware is the major constraint for enabling real-time mobile intelligence, more
and more companies dedicate their main efforts to developing specialized hardware accelerators
for machine learning and inference. Billions of dollars have been spent to fuel this intelligent
hardware race.

This article challenges the view. By drawing on a recent real-time Al optimization framework
CoCoPIE, it maintains that with effective compression-compiler co-design, a large potential is yet left
untapped in enabling real-time artificial intelligence (AI) on mainstream end devices.

The principle of compression-compilation co-design is to design the compression of Deep Learning
Models and their compilation to executables in a hand-in-hand manner. This synergistic method
can effectively optimize both the size and speed of Deep Learning models, and also can dramati-
cally shorten the tuning time of the compression process, largely reducing the time to the market
of Al products. When applied to models running on mainstream end devices, the method can pro-
duce real-time experience across a set of Al applications that had been broadly perceived possible
only with special Al accelerators.

Foregoing the need for special hardware for real-time Al has some profound implications,
thanks to the multi-fold advantages of mainstream processors over special hardware:



e Time to market: Special hardware often takes multiple years before it reaches the market.
The creation of the associated compiler and system software further lengthens the process.
Applications using such hardware often need to use the special APIs and meet many special
constraints (e.g., tiling computations to a certain size), which lengthens the time to market
of Al product.

e Cost: Developing a special ASIC processor is costly, and adding them into existing systems
incurs extra expenses.

e Technology maturity: Unlike general-purpose processors, special hardware has a much
smaller production volume; the technology available for their production is hence usually
several generations behind general-purpose processors. Most Al accelerators, for instance,
are based on 28 to 65nm CMOS technology, with a transistor density over 10x lower than
state-of-art mobile CPU or GPU.

e Speed: As a consequence of the old technology, special processors run much slower than
general-purpose processors do.

e Eco-system: General-purpose processors have a well-developed eco-system (debugging
tools, optimization tools, security measures), which makes the development of high-quality
applications much easier than on special processors.

e Adoption: For all the above reasons, the adoption of a special processor is usually limited
to the company that creates it and its few close customers. As a result, an Al application
developed for the processor can be adopted by a limited number of devices.

These reasons suggest that whenever mainstream processors can meet the speed and efficiency
requirements of an Al application, they should be the preferred device to consider. The current
industry however puts much emphasis on special Al hardware development, based on assumed
insufficiency of mainstream processors in meeting the real-time requirements. In the rest of this
article, we explain why the assumption is largely biased when compression-compilation co-design
is used, how the principle can be materialized effectively into a practical framework CoCoPIE, and
the implications to the Al industry.

1 Compression-Compilation Co-Design: the Concept

Compression and compilation are the two key steps in fitting a deep learning model on a hard-
ware for efficient executions. Model compression is a common technique for reducing the size
and improving the speed of deep learning models. Compression techniques fall into two cate-
gories, pruning and quantization. Pruning removes layers or convolution filters or channels, while
quantization reduces the precision of parameters (e.g., from floating-point to short integer). Com-
pilation refers to the process of generating executable codes from a given deep learning model.
It, in essence, is a process of mapping the high-level operations in deep learning to the low-level
instructions that the underlying hardware supports. The process plays a critical role in optimizing
the code for efficient executions.

The principle of compression-compilation co-design is to design the two components for Al in
a hand-in-hand manner. The synergy may exhibit at three levels.

(1) Demands/Preferences Level: At this level, the synergy is on taking the preferences or de-
mands of one component into consideration when designing the other component. An example is
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Figure 1: (a) Non-structured weight pruning and (b) two types of structured weight pruning.

the pattern-based pruning in Section 2.1, which creates a regular computation pattern amenable for
the compilation step to effectively map to vector units or GPU.

(2) Perspective/Insight Level: At this level, the synergy is on taking the perspective or insights
in the domain of one component when treating the problems in the domain of the other compo-
nent. An example is the composability-based pruning in Section 2.2, which generalizes the princi-
ple of composability or modularity in programming systems into a novel DNN model pruning
method to dramatically reduce the needed computations.

(3) Methodology Level: At this level, the synergy is on closely integrating the methodology of
the two components together. Section 2.2 illustrates this synergy through a compiler framework
that automatically generates code to enable a new way of deep learning pruning, which speeds
the process by up to 180X.

All the examples we have mentioned are part of a software framework for Mobile Al named
CoCoPIE. We will next give an overview of CoCoPIE based on our previous publications [18,
8], and then use each of its main components to explain the compression-compilation co-design
principle and the significant benefits.

2 CoCoPIE

CoCoPIE stands for Compression-Compilation co-design for Performance, Intelligence, and
Efficiency. It is a software framework that we have recently put together that holds numerous
records on real-time Al on mainstream end devices in both performance and energy efficiency:.

CoCoPIE consists of two main components, which both reflect the Compression-Compilation
co-design principle. The first component, CoCo-Gen, generates efficient DNN execution codes
via a synergy of pattern-based DNN pruning and pattern-aware code generation. The second
component, CoCo-Tune, dramatically shortens the process in identifying the appropriate set of
DNN parameters to prune by a composability-based compiler framework. We next explain each
of the two components and how compression-compilation co-design makes them possible.

2.1 CoCo-Gen: Pattern-based Pruning and Code Generation

Weight pruning reduces the number of weights in DNN. As shown in Figure 1, prior weight prun-
ing methods fall into two caterogies: (1) general and non-structured pruning where arbitrary
weights can be pruned; (2) structured pruning which prunes filters or channels in a way that pro-
duces regular and smaller weight matrices. For the better fit of regular structures for GPU/CPU
executions, DNNs from regular compression have shown better speeds over those from irregular
compression [16, 20, 10], but are subject to more notable accuracy loss [20, 10].
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Figure 2: Illustration of (a) kernel pattern pruning on CONV kernels, and (b) connectivity pruning
by removing kernels.

2.1.1 Pattern-based Pruning

We introduce a new method, pattern-based pruning, which features fine-grained pruning patterns
inside coarse-grained structures.

Figure 2 illustrates the basic idea of pattern-based pruning. For each kernel (in a CONYV filter), a
fixed number of weights are pruned, and the remaining weights (white cells) form specific “pat-
terns”. We define the example in Figure 2 as 4-entry pattern pruning, since every kernel reserves
4 non-zero weights out of the original 3 x 3 kernel (the most commonly used kernel). It can gen-
eralize to other kernel sizes and fully connected layers. Each kernel has the flexibility in choosing
among a number of pre-defined patterns.

At theory and algorithm levels, such patterns exhibit similarities to the connection structure
in human visual systems [15, 13, 12]. At compiler level, the known patterns allow a compiler to
re-order and generate codes at filter and kernel level such that kernels with the same pattern can be
grouped together for consecutive executions, thereby maximizing instruction-level parallelism.
At hardware level, 4-entry patterns perfectly fit the SIMD architecture in embedded processors,
for both CPUs and GPUs.

The selection of appropriate patterns for a kernel can be achieved via search through an ex-
tended ADMM-based framework [15], which can be sped up via a composability-based method
in Section 2.2.

The method can be used together with connectivity pruning, which cuts the connections between
certain input and output channels, to achieve even higher weight pruning/acceleration rates.

Figure 3 shows the overview of the internal workflow of CoCo-Gen [18]. After pattern-based
training performs kernel pattern and connectivity pruning, execution code generation performs mul-
tiple pattern-based optimizations. Similar to other DNN compilers (e.g., TVM [2]), CoCo-Gen con-
verts DNN models into computational graphs and applies multiple graph-based optimizations.
It works on a fine-grained DNN layerwise representation (LR) which captures the kernel pat-
terns and tuning-related information. It employs an optimization, filter kernel reorder, to address
two challenges of pattern-based pruning—heavy control-flow instructions, and thread divergence
and load imbalance—by grouping the filters with similar lengths and patterns together. It stores
DNN models in a novel form compressed weight storage, specifically designed for the kernel
patterns and connectivity pruning, yielding a much better compression rate than the conventional
compressed sparse row (CSR) format does. It further uses a register-level optimization, load re-
dundancy elimination, to maximize memory performance. In sum, allowing compilers to treat
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Figure 3: Overview of CoCo-Gen acceleration framework.

pruned kernels as special patterns, the compression-compilation co-design unleashes the power
of compiler optimizations for best matching DNN models with underlying hardware (see [18] for
more details).

2.2 CoCo-Tune: A Compiler Framework for Fast Pruning

Finding out what is the best set of filters or connectivities to prune—such as the pattern-based
pruning in the previous section—can be very time consuming. For a DNN with W filters, the
entire configuration space of pruned network can be as large as 2!"|, even if only filter pruning is
considered (adding pattern variations would worsen the complexity further). It often takes hours
to evaluate just one configuration (i.e., training the pruned network and then testing it).

CoCo-Tune is a compiler-based framework that shortens the time by up to 180X. Its inspiration
comes from software engineering. More specifically, it explores composability, a property (funda-
mental in software engineering) that we discovered in the training of a collection of pruned CNN
models. The basic observation is that two CNN networks in the promising subspace often differ
in only some layers, and the training results of the common layers can be reused across networks
to save some training time. More generally, CoCo-Tune views the networks to search as composi-
tions of a set of building blocks (a block is a sequence of CNN layers). It pre-trains (some of) these
building blocks and then assembles them into the to-be-explored networks.

To identify the best set of building blocks to pre-train to maximize the benefits, it uses a novel
algorithm, which represents all layers of all to-be-explored networks as a sequence of symbols,
and uses a hierarchical compression algorithm Sequitur [17] to produce a context free grammar
(CFG) and uses it to quickly find out the most reusable building blocks.

We integrate the techniques into a compiler-based framework, CoCo-Tune, which, for an arbi-
trary CNN (in Caffe Prototxt format) and other inputs, automatically generates TensorFlow code
to build Teacher-Student learning structures to materialize composability-based CNN pruning
(see [8] for more details).

2.3 Evaluation and Demos

Results on DNNs: We evaluate CoCo-Gen on a Samsung Galaxy S10 cell phone with the latest
Qualcomm Snapdragon 855 mobile platform that consists of a Qualcomm Kryo 485 Octa-core
CPU and a Qualcomm Adreno 640 GPU. Six representative DNNs are used in this evaluation,
VGG-16 (VGG), ResNet-50 (RNT), and MobileNet-V2 (MBNT) trained on two datasets, ImageNet
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Figure 4: Performance comparison: x-axis: different trained DNN models; y-axis: average DNN
inference execution time on a single input.

Table 1: DNNs characteristics (under kernel pattern and connectivity pruning)

Name | Network | Dataset | Layers | Conv | Patterns | Accu(%) | Accu Loss (%)
ImageNet 16 13 8 91.6 0.1
VGG [ VGG-16
CIFAR-10 16 13 8 93.9 -0.4
ImageNet 50 49 8 92.5 0.2
RNT | ResNet-50
CIFAR-10 50 49 8 95.6 -1.0
i ImageNet 53 52 8 90.3 0.0
MBNT Mob\ll;zNet
B CIFAR-10 54 53 8 94.6 -0.1

* Accu: accuracies of ImageNet top-5, CIFAR top-1; negative Accuracy Loss means accuracy improvement.

and CIFAR-10, respectively. Table 1 characterizes these DNNs and lists the number of pruning
patterns and the loss of prediction accuracy caused by our pruning. Figure 4 shows the CPU
and GPU performance of CoCo-Gen compared to TFLite [6], TVM [2], and MNN [1]. CoCo-
Gen outperforms all other frameworks for all cases. On CPU, CoCo-Gen achieves 12x to 44.5x
speedup over TFLite, 2.3x to 8.1x over TVM, and 1.9x to 15.5x over MNN, respectively. On
GPU, CoCo-Gen achieves 2.5x to 20x, 4.1x to 11.4x, and 2.5x to 6.2x speedup over TFLite,
TVM, and MNN, respectively!. For the largest DNN (VGG) and largest data set (ImageNet),
CoCo-Gen completes CONV layers on a single input within 18.9 ms on GPU, meeting the real-
time requirement (usually 30 frames/sec, i.e., 33 ms/frame).

In terms of energy consumption, CoCo-Gen is 8.6x less than TVM. The power consumption
rate of the entire mobile device is 4.1W, slightly higher than that of TVM executions, 3.8W (tested
by Qualcomm Trepn power profiler). But its 9.3 x less execution time leads to the large savings in
energy.

The results also consistently outperform a number of ASIC and FPGA solutions in both per-
formance and energy efficiency. Figure 5 demonstrates (i) the comparison results on performance
and energy efficiency with special ASIC hardware including Google’s cloud TPU-V2 and edge
TPU [7], NVIDIA Jetson AGX Xavier, Cambricon MLU-100, Eyeriss [3], etc., and (ii) comparison
results on accuracy and energy efficiency with the FPGA solution ESE [9] (FPGA 2017 Best Paper
Award) from DeePhi. The comparisons are on the same network models, and weight quantization
is not used in CoCo-Gen solution (Eyeriss and ESE use 12-bit fixed-point quantizations).

The better results of CoCo-Gen come from three reasons: (i) the compression-compilation co-
design more effectively matches models with hardware; (ii) smartphone chips are built with the
most advanced technology (e.g., 7nm, 11nm technology), while FPGA /ASIC solutions are based

'TFLite does not support executing VGG on ImageNet data set on GPU due to its too large memory footprint.
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energy efficiency with FPGA solution ESE.

on older and less energy-efficient 28nm or 40nm technologies. (iii) current ASIC/FPGA solutions
are often optimized for a specific DNN type/size (e.g., edge TPU for small-scale DNNs, Cambri-
con MLU-100 for large-scale DNNs), while CoCo-Gen, as a software method, can better adapt to
the networks.

Real Application Demos: We also demonstrate the efficacy of CoCo-Gen through three interest-
ing and key DNN applications, style transfer [5], DNN coloring [11], and super resolution [4]. The
style transfer model is based on a generative network [23] trained on Microsoft COCO [14]. DNN
coloring uses the Places scene [24] dataset to train a novel architecture that can jointly extract and
fuse global and local features to perform the final colorization. The super resolution model mainly
utilizes residual blocks with wider activation and linear low-rank convolution [21] trained on the
DIV2K [19] dataset. With structured pruning and compiler optimization, we implement the mod-
els on a Samsung Galaxy S10 mobile phone. We demonstrate that our implementations are able to
achieve real-time inference on off-the-shelf mobile device with video demos.

Figure 6 shows sample inputs and outputs of the three applications. =~ According to our
study [18], CoCo-Gen on unpruned models can already outperform existing DNN frameworks
(e.g., TVM) in speed thanks to its advanced optimizations (e.g., operator replacement, SIMD op-
timizations, etc.). When combined with pattern-based pruning, CoCo-Gen produces 4.2x, 3.6x,
and 3.7x extra speedups on style transfer, coloring and super resolution, respectively. An infer-
ence in all the applications can complete within 75 ms, demonstrating the promise of real-time
performance of complex DNN applications on the off-the-shelf devices. (Please see video demos
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Figure 6: Examples of style transfer, coloring, and super resolution implemented on our mobile device.

of the applications at CoCoPIE YouTube channel?.

3 Conclusions and Future Work

This article has introduced the concept of compression-compilation co-design and how it is materi-
alized into a software framework CoCoPIE for real-time Al on mobile devices. The promising
progress opens up many potential directions for future development. We briefly discuss two of
them.

The first is to expand the scope of the co-design based optimizations. So far, the principle
of compression-compilation co-design has been focused on DNN models. Besides DNN, a real-
world Al application often includes a lot of other parts, such as data collection, data preprocessing,
the use of the DNN prediction in follow-up operations, and so on. Even though DNN may play
an important role in the overall application, its optimizations may not be sufficient for the entire
application to meet users’ needs. So an important direction is on how to generalize the co-design
principle into holistic optimizations to the entire Al-based applications.

The second is to increase the applicability of the co-design based optimizations. This direction
relates with privacy and security. As they are two important factors in many Al model construc-
tions and deployments, how to integrate them into the co-design process is worth pursuing. For
instance, typically model pruning requires access to both the models and the training datasets,
but there are scenarios where datasets may not be accessible to the model optimizer due to ei-
ther privacy policies or artificial boundaries among corporations. Effective ways to circumvent
these roadblocks could expand the applicability of the optimizations [22]. This direction also re-
lates with the way that the optimization framework takes to deliver its service (e.g., standalone

Zhttp://www.youtube.com/channel /UCCKVDtg2eheRTEugqIJ5cD8A/.)



software versus cloud-based service).

In summary, the research reported in this article has provided strong evidences of the promise
of the co-design principle. They indicate that it is possible to instill Al directly on existing com-
modity computing devices while offering even higher speeds and better energy efficiency than
special Al accelerating hardware does. The results open new opportunities for democratizing Al
capability on end devices, while cautioning against the broad perception on the indispensability
of special Al hardware for real-time Al on end devices. We believe that these results will prompt
the industry to reexamine the directions and strategies on the pursuit of mobile AL
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