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ABSTRACT

With the growth of mobile vision applications, there is a grow-
ing need to break through the current performance limitation of
mobile platforms, especially for computationally intensive appli-
cations, such as object detection, action recognition, and medical
diagnosis. To achieve this goal, we present our unified real-time
mobile DNN inference acceleration framework, seamlessly integrat-
ing hardware-friendly, structured model compression with mobile-
targeted compiler optimizations. We aim at an unprecedented, real-
time performance of such large-scale neural network inference
on mobile devices. A fine-grained block-based pruning scheme is
proposed to be universally applicable to all types of DNN layers,
such as convolutional layers with different kernel sizes and fully
connected layers. Moreover, it is also successfully extended to 3D
convolutions. With the assist of our compiler optimizations, the
fine-grained block-based sparsity is fully utilized to achieve high
model accuracy and high hardware acceleration simultaneously. To
validate our framework, three representative fields of applications
are implemented and demonstrated, object detection, activity de-
tection, and medical diagnosis. All applications achieve real-time
inference using an off-the-shelf smartphone, outperforming the
representative mobile DNN inference acceleration frameworks by
up to 6.7X in speed. The demonstrations of these applications can
be found in the following link: https://bit.ly/391WpYu.
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1 INTRODUCTION

With the breakthrough of Deep Neural Networks (DNNs) in the
past decade, neural network based computer vision has made huge
progress, achieving exceptional performance. Tasks such as object
detection, activity detection, and medical diagnosis are deployed in
a wide range of applications, including autonomous driving, robot
vision and training, human-computer interaction, and augmented
reality [2, 25]. To increase the demand of application accuracy, DNN
models are tuned to large scales by adding more parameters and
layers. Meanwhile, mobile devices are rapidly becoming the central
computer and carrier for deep learning tasks [27]. However, real-
time execution has been limited due to the computation/storage
resource constraints on mobile devices.

To address this issue, efforts has been devoted to reduce the com-
putation and memory intensity of DNN models, in which model
compression techniques are considering as one of the most effec-
tive approaches to reach the goal while maintaining high accu-
racy [8, 14, 24, 28]. Among the model compression techniques, the
most trendy way leads to weight pruning [8, 14, 24]. By exploring
and eliminating the redundancy in weights, DNN models are able to
downscale with sparse weights, which requires fewer memory ref-
erences and power consumption during inference. Weight pruning
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Figure 1: Illustration of applications under our mobile accel-
eration of DNNs framework.

schemes can be divided into three categories: unstructured prun-
ing, structured pruning, and pattern-based pruning. To be specific,
unstructured pruning searches and reduces weights in an irregular
manner, which leads to incompatibility with hardware accelera-
tions [8, 11]. More hardware-friendly, structured pruning aims at
maintaining a full matrix format after weight pruning. However,
pruning whole filters/channels bring notable accuracy degradation
due to the coarse-grained nature [14]. To overcome the shortcom-
ings of prior works, pattern-based pruning is recently proposed
to incorporate fine-grained unstructured pruning in a hardware
aware fashion [13, 16]. However, the main limitation is that it can
only be applied to convolutional (CONV) layers with 3x3 kernels.

Despite promising results prior weight pruning works achieved,
there exist limitations when applying them to deep learning tasks.
First, only a few certain layer types can be pruned using state-of-art
schemes. Not all the layers in any computer vision models can
meet the requirement. Second, most of the weight pruning works
focus on traditional 2D DNNs in the image domain. However, 3D
DNN s have been proposed for video domain tasks such as video
classification, and action recognition/detection [18]. These issues
lead to extra time-consuming works when implementing real-time
mobile applications on different deep learning tasks.

To overcome these shortcomings, we present our unified real-
time mobile acceleration of DNNs framework, seamlessly integrat-
ing hardware-friendly, structured model compression with mobile-
targeted compiler optimization. The goal of our framework is to
provide an unprecedented, real-time performance of such large-
scale neural network inference using simply off-the-shelf mobile
devices. We propose a fine-grained block-based pruning scheme,
which can be universally applicable to all types of DNN layers,such
as CONV layers with different kernel sizes and fully connected lay-
ers. Moreover, it is also successfully extended to 3D convolutions.
Different weight pruning schemes, such as unstructured pruning,
filter/column pruning, and our block-based pruning, are analyzed
and compared given the specific deep learning problems. To ac-
commodate our proposed block-based pruning properties, unique
compiler optimizations are adopted to achieve high inference accu-
racy and high hardware acceleration simultaneously. To validate
our framework, three representative fields of applications are imple-
mented and demonstrated, object detection, activity detection, and
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Figure 2: Illustration of (a) unstructured pruning, (b) coarse-
grained structured pruning, and (c) pattern-based pruning.

medical diagnosis. All applications can achieve real-time inference
on mobile devices, outperforming the current mobile acceleration
framework by up to 6.7X in speed.

2 BACKGROUND AND RELATED WORKS
2.1 DNN model pruning

The three main categories in weight pruning schemes are shown in
Figure 2: unstructured pruning, coarse-grained structured pruning,
and pattern-based pruning.

Unstructured pruning [8] is a fine-grained pruning scheme,
which eliminates weights at arbitrary locations, therefore showing
the advantage in maintaining the accuracy of the pruned model.
However, the irregular sparse manner of pruned weights results in
performance limitation when deploying on hardware. Extra indices
are required to track the non-zero weights, which is harmful for
the acceleration for DNN inference [12].

Coarse-grained Structured pruning [9, 24] aims at CONV
layers and maintaining the full matrix format after pruning. It can
be divided into filter pruning and channel pruning. In the weight
matrix format representation as shown in Figure 2 (a), filter pruning
corresponds to reducing rows of the weight matrix. Accordingly,
channel pruning corresponds to reducing multiple consecutive
columns. The full matrix weight manner achieves facilitating hard-
ware acceleration. However, accuracy degradation is observed due
to its coarse-grain nature.

Pattern-based pruning [13, 16] has been recently proposed to
overcoming the shortcomings of previous works. As shown in Fig-
ure 2 (c), pattern-based pruning reveals the sparsity of DNN models
at the intra-kernel level. More specifically, it prunes the weights
inside of each convolutional kernel, and the remaining weights
will form certain patterns. It can also remove the entire redundant
kernel to further increase the compression rate. With the assist
of compiler code generation, pattern-based pruning achieves both
high accuracy and hardware parallelism. However, it is designed
only for 3x3 CONV layers and is not applicable to other types of
layers. The key difficulty in generalizing pattern-based pruning
to layer sizes beyond 3x3 is that the larger kernel size results in
a larger number of pattern types and incurs notable computation
overhead in compiler-generated executable codes. This significantly
restricts the application scenarios of pattern-based pruning.
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2.2 Compiler-based DNN Frameworks on
Mobile

Since mobile devices become a trendy platform for deep learning
applications, research from both industry and academia has been
investigated to accelerate the implementation. Various DNN exe-
cution frameworks are proposed, including representative works

TensorFlow-Lite (TFLite) [21], Alibaba MNN (MNN) [15],and TVM [6

These three DNN execution frameworks all achieve state-of-art
performance on the end-to-end deployment with high execution ef-
ficiency. Optimizations are adopted in these works, including varied
computation graph optimizations, tensor optimizations, half-float
support, advanced parameters auto-tuning, etc. However, sparse
DNN models are not supported in either of these frameworks, which
is the essential drawback to obstruct the real-time DNN inference
on mobile devices.

To address these issues, frameworks based on the fine-grained
pattern-based pruning such as PatDNN [16] and PCONV [13] are
proposed, adopting compiler-based optimizations to provide ac-
celerated deplyment for sparse DNN models. The main limitation
of these frameworks is that only square and small convolution
kernels used in 3x3 CONV layers are accelerated. On the other
hand, larger kernel sizes such as 5x5, 7X7 can lead to huge code
execution overhead. In addition, FC layers and 1x1 CONV layers
are not supported as mentioned above.

3 PROPOSED FRAMEWORK

In this section, our real-time mobile acceleration of DNNs frame-
work is presented, seamlessly integrating hardware-friendly, struc-
tured model compression with mobile-targeted compiler optimiza-
tion. The goal of our framework is to achieve a unified, unprece-
dented, real-time performance of large-scale neural network infer-
ence using simply off-the-shelf mobile devices. The framework is
introduced from both compression and compilation aspects.

3.1 Compression: A Unified Fine-grained
Block-based Pruning Scheme

As mentioned above, the existing pruning schemes have their in-
dividual shortcomings, such as limited hardware acceleration, low
accuracy, limited to a certain type of layers. However, pattern-based
pruning inspires a new optimization dimension that fine-grained
pruning scheme delivers promising performance with the assist of
compiler code generation. Thus, we propose a fine-grained block-
based pruning that leverages an intermediate sparsity granularity
between unstructured pruning and coarse-grained structured prun-
ing while achieving high accuracy and hardware parallelism simul-
taneously. Most importantly, our block-based pruning is general
to CONV layers with different kernel sizes (1 X 1,3 X 3,5 X 5, and
larger) and fully connected (FC) layers. Moreover, it can also be
extended from 2D DNN models to 3D DNN models.

As shown in Figure 3 (a), the weights in a DNN layer are divided
into a number of equal-sized blocks, each block contains the weights
from n channels of m filters, and the block size is denoted as mxn
(e.g., 4x4, 16X32, 64x128). For 2D CONV layers, in each block, two
dimensions of pruning can be conducted in our block-based pruning.
First, we can prune the weights at the same location among different
kernels within each channel, different locations are allowed to

1
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be pruned among different channels. Second, we can prune the
entire filter among different channels. The pruning rate can be
different among different blocks. If we convert the weight tensor to
weight matrix format that is used in GEneral Matrix Multiplications
(GEMMs) [7]. Then, the block-based pruning can be considered as
pruning the columns or rows of weights within each block. For FC
layers, it is similar to the weight matrix format of the 2D CONV
layer. The number of rows and columns of the weight matrix equals
the number of input neurons and out neurons, respectively. The
rows and columns of weights within each block can be pruned.

The high accuracy is ensured by the fine-grained property
of block-based pruning. Cause it provides higher flexibility when
searching the pruned model structure compared to coarse-grained
structured pruning (which prunes entire rows/columns in weight
matrix), where leads to higher accuracy.

The high hardware inference performance is attributed to
the proposed appropriate degree of structural regularity, which
can be exploited by compiler-level optimization to fully enjoy the
benefit of high (or even maximum) hardware parallelism. Typically,
the number of weights in a DNN layer is very large. Even when we
divide the weights into blocks, the computation required by each
block could still be sufficient to saturate the hardware computing
resources and achieve a high degree of parallelism, especially on
the resource-limited mobile devices. It is worth noting that the
unstructured pruning and coarse-grained structured pruning can
be considered as two special cases of block-based pruning, where
the block size is 1 column X 1 row and the whole weight matrix,
respectively. Thus, the block-size trade-off the accuracy and hard-
ware parallelism (acceleration), which is usually depending on the
application requirements.

For 3D CONYV layers, since it is more computation-intensive
compared to 2D CONV layers, a more strict constraint of our block-
based pruning is designed to facilitate the hardware parallelism
and hence a faster inference speed. As shown in Figure 3 (b), we
prune the same locations among all 3D kernels within a block. Such
a pruning constraint can better leverage the hardware parallelism
from both memory and computation perspectives. First, during
convolution computation, all filters in each layer share the same
input. Since the same locations are pruned among all the kernels,
these filters will skip reading the same input data, thus mitigating
the memory pressure among the threads processing these filters.
Second, the restriction of pruning identical locations across chan-
nels within a block ensures that all of these channels share the same
computation pattern (indices), thus eliminating the computation
divergence among the threads processing the channels within each
block.

3.2 Unified Regularization Pruning Algorithm

In the prior works, the two popular methods for weight pruning
algorithm are group Lasso regularization [9, 24] or Alternating
Direction Methods of Multipliers (ADMM) [28]. However, these
two methods suffer from either potential accuracy loss or the re-
quirement of manual compression rate tuning work. Therefore, in
our framework, the reweighted group Lasso [4] method is adopted,
which is to systematically and dynamically reweight the penal-
ties. Specifically, the reweighted method reduces the penalties on
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Figure 3: Example of block-based pruning for (a) 2D CONV layer, and (b) 3D CONV layer.

weights with larger magnitudes, and increases the penalties on
weights with smaller magnitudes.

For 2D DNNs: The 4-D weight tensor of i-th CONV layer of
DNN is denoted by W; € RMXNXKpXKw wwhere M denotes the
number of filters; N denotes the number of input channels; K, and
Kj, are the width and height kernels of i-th layer. Therefore, the
general reweighted pruning problem is represented as

(t)
W;b)+1 » R Wi 1
mlmvr[l/nbze f(W;b) + g (e; i) 1)

i=1

where f(W;b) is the loss function of DNN. R(-) denotes the regular-
ization term used to generate model sparsity and the hyperparam-
eter A controls the trade-off between accuracy and sparsity. ai(t)
represents the collection of penalty values applied on the weights
W; for layer i.

Applying our fine-grained block-based pruning, each W; is di-
vided into K blocks with the same size gim X g;n, namely, W; =
[Wi1, Wig, .., Wik |, where W;; € RI:™*9i" Therefore, the regular-
ization term is
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For 3D DNNs: Let W; € RMXNXKdXK’I XKw denotes the 5D
weight tensor, in which an additional dimension, the depth of kernel
K, is considered. Under our block-based pruning, W; is partitioned
into a set of kernel groups along the filter and input channel dimen-
sions, and each kernel group W; g, , contains gar X gn kernels, for
p € Pand q € Q, where P = M/gp and Q = N/gn. Therefore, the

where ; is updated by a;

wllite

584

regularization term is re-written as
K; K Ku
w3555 i,
p=1qg=1d=1 h=1 w=1

is updated b a.(t) =1L
pa T Y %iGpg = TWacpg o wlte

The compression process starts with a pre-trained DNN model.
Followed by another training process based on the reweighted
regularization pruning algorithm, the pruned model with our block-
based pruning constraints can be obtained.

2
o [Wig, Janwlp )

()

where a;

3.3 Compiler: Optimizations

Inspired by PatDNN [16], our compiler-based acceleration relies
on several advanced compiler-assisted optimizations to extract the
fine-grained structure information in block-based pruned models
and generate optimized code that can run on mobile CPU and GPU
efficiently.

First, the model weights is stored compactly by leveraging the
pruning information (the block pattern), in which further the index
arrays can be compressed with a hierarchical structure comparing
to the well-known Compressed Sparse Row format. Next, computa-
tion reorder is needed to reduce the branches within each thread
and eliminate the load imbalance among threads. Blocks are re-
ordered to improve memory and computation regularity, and to
eliminate unnecessary memory access After the reorder, the contin-
uous rows with identical or similar numbers of non-zero weights
are processed by multi-threads simultaneously, thus eliminating
thread divergence and achieving load balance. Each thread also pro-
cesses more than one row, thus eliminating branches and improving
instruction-level parallelism.

DNN model executions usually involve performance-critical tun-
ing parameters, such as the data placement on GPU memory, matrix
tiling sizes, loop unrolling factors, etc. The best-suited configuration
of these parameters is hard to be determined manually. Thus, our
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compiler also incorporates auto-tuning approaches like TVM [6].
To facilitate an efficient auto-tuning process, we utilize the Genetic
Algorithm to explore the best configuration automatically, which
allows starting parameter search with initializing an arbitrary num-
ber of chromosomes, better exploring the parallelism. Through this
auto-tuning process, we can quickly generate acceleration codes
for different DNN models and different mobile CPUs/GPUs, which
lays the foundation of fast end-to-end latency evaluation.

4 EVALUATION
4.1 Experimental Setup

In our work, our DNN models are trained on a server with eight
NVIDIA RTX 2080Ti GPUs. The training methods are implemented
using PyTorch API. We evaluate our framework on an off-the-shelf
Samsung Galaxy S20 smartphone, containing a Qualcomm Snap-
dragon 865 Octa-core mobile CPU and a Qualcomm Adreno 650
mobile GPU. The detailed setup is introduced given each specific
deep learning tasks.

4.2 Object Detection

State-of-the-art detector YOLO is one of the representative works
on object detection. It adopts a unified architecture that extracts
feature maps from input images, then it regards the whole feature
maps as candidate regions to predict bounding boxes and categories.
In our work, YOLOV4 [3] with 320x320 input size is implemented
and demonstrated. We denote mAP as the Average Precision under
IoU 0.5 threshold and the Frames Per Second (FPS) is measured as
the evaluation for the inference speed. The model is trained on MS
COCO dataset [10].

The full YOLOv4 model contains 64.36M weight parameters and
requires 35.8G floating point operations (FLOPs). Under our block-
based pruning, the compression rate can achieve up to 14X (in
weight parameters) with 49 mAP, shown in Table 1. Compared
with the full model, the weight parameters are reduced to 4.59M
and FLOPs are decreased to 3.59G. With 92.87% weight parameters
and 88.97% FLOPs pruned, our model still preserves a reasonable
accuracy, with only 8.3 mAP loss.

The comparison of different pruning scheme results under 8.1x
compression rate is shown in Table 2. Unstructured pruning shows
the highest mAP due to its high flexibility. However, the underuti-
lized hardware parallelism limits the inference speed on mobile
devices, with only 6.4 FPS. Structured pruning (filter pruning) ex-
hibits a high inference speed, and severe accuracy drop on the
downside. Our proposed block-based pruning has achieved both
high accuracy and fast inference speed.

Figure 4 shows the end-to-end inference latency comparison of
our framework with representative mobile DNN inference acceler-
ation frameworks, including TVM [6], TFLite [21], and MNN [15].
Since these representative frameworks do not support the our block-
based sparse model, we also compare the latency of our framework
with them using dense (unpruned) YOLOv4 model. As the figure
shows, even without incorporating pruning, our framework still
outperforms the representative frameworks thanks to our compiler
optimization techniques. Under our 14X pruning, our framework
achieves 5x speedup compared to the currently best framework
MNN on mobile GPU.
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Figure 4: End-to-end object detection inference latency com-
parisons with representative DNN inference frameworks us-
ing mobile GPU.

Table 1: Accuracy and speed under different compression
rates on COCO 2014 dataset.

#Weight TWelBhts b ope mAP  FPS
Comp. Rate
64.36M 10X 358G 573 35
16.1IM 2.0x 1048G 551 73
8.04M 8.1x 633G 514 115
6.37M 10.1x 548G 509 13
4.59M 14.0x 395G 49 17

Table 2: Comparison of different pruning schemes (objective
detection) .

Pruning Scheme #Weight FWeights mAP FPS
Comp. Rate

Unpruned 64.36M 1x 573 35

Unstructured 8.04M 8.09% 539 64

Structured 8.04M 8.09% 38.6 127

Ours 8.04M 8.09% 514 115

4.3 Action Recognition

Our pruning scheme for 3D kernel groups is evaluated three rep-
resentative 3D CNN models, namely C3D [23], R(2+1)D [22], and
S3D [26]. All models are pretrained on the Kinetics dataset [5] and
transferred onto UCF101 [20] dataset as the unpruned dense models.
The hyperparameter settings are identical for all sparsity schemes.
The batch size is 32, and the video clip length is 16 frames. The
learning rate is set to 2e—4 during the pruning process. The total
number of epochs is fixed to 240 epochs.

The pruning results of C3D, R(2+1)D, S3D models on UCF101
dataset are provided in Table 3, where our pruning scheme is com-
pared with structured pruning (filter pruning). The latency is mea-
sured with the whole video clip containing 16 frames. Combining
reweighted regularization with our sparsity scheme, C3D, R(2+1)D,
and S3D could achieve only 1%~1.5% accuracy loss on UCF101
under a pruning rate of 2.4~2.6x.

As shown in Figure 5, we compared our framework with repre-
sentative mobile DNN inference acceleration frameworks. For now,
only PyTorch Mobile [17] and MNN [15] provide support for the 3D
CNNs, and only mobile CPU is supported, where our framework
can support both mobile CPU and mobile GPU. The figure shows
that our results on both mobile CPU and mobile GPU using the
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Figure 5: End-to-end action recognition inference latency
comparisons with representative DNN inference frame-
works using mobile CPU and mobile GPU.

Table 3: 3D CNN pruning results on the UCF101 dataset.

Model Pruning #FLOPs #FLOPs Top-1 Latency
(Size) Scheme Comp. Rate Acc. (%) (ms)
Unpruned 77.2G 1x 81.6 4838
C3D  Structured 30.4G 2.6X 79.3 178
(299MB) Ours 30.4G 2.6X 80.5 192
Ours 22.0G 3.6X 80.2 142
Unpruned 81.5G 1% 94.0 513
R(2+1)D Structured 31.8G 2.6X 90.5 180
(120MB) Ours 31.8G 2.6X 92.5 201
Ours 26.2G 3.2X 92.0 141
Unpruned 49.4G 1% 90.6 565
S3D  Structured 24.8G 2.1% 88.2 325
(3IMB)  Ours 248G 21X 90.2 342
Ours 20.6G 2.4% 89.1 293

both dense model and pruned model consistently outperform other
frameworks. The acceleration is up to 6.7x when compared to the
currently best framework MNN.

4.4 Medical Diagnosis

DNNs have also made great help in the field of medical diagnosis,
such as pneumonia diagnosis and localization. We developed a DNN
model trained on a dataset provided by RSNA Pneumonia Detection
Challenge [1]. In the pre-processing stage, the labeled images are
resized to 320 X 320, along with the corresponding coordinates
of bounding boxes. YOLOv3 [19] is adopted as the base feature
detector with our customed anchor box priors, due to the speed
boost and high average precision.

The original model has 61.47M weight parameters and requires
38.63G FLOPs. Under our framework, the compression rate can
achieve 11.6x, with only 1.0 mAP loss, achieving 15.5 FPS. More-
over, we compare unstructured pruning, structured pruning (col-
umn pruning) and our block-based pruning under the same com-
pression rate. The results are shown in Table 4, which indicates the
outperformance of our pruning scheme.

5 CONCLUSION

In this work, our unified mobile acceleration of DNNs framework
is introduced, achieving real-time computer vision on off-the-shelf
mobile devices. The framework starts with our fine-gained block-
based weight pruning, and followed by our unique compiler opti-
mizations accommodating the unique structured pruning proper-
ties. Three representative fields of applications are implemented
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Table 4: Comparison of different pruning schemes (medical
diagnosis).

Pruning #Weights 4FLOPs mAP FPS
Schemes Comp. Rate
Unpruned 1x 38.63G 712 4.2
Unstructured 11.6X 3.63G 70.5 10.8
Structured 11.6X 3.63G 69.7 16.7
Ours 11.6X 3.63G 70.2  15.5

and demonstrated, approving the effectiveness of our proposed
framework.
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