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Abstract—Recurrent neural networks (RNNs) based automatic
speech recognition has nowadays become promising and impor-
tant on mobile devices such as smart phones. However, previous
RNN compression techniques either suffer from hardware perfor-
mance overhead due to irregularity or significant accuracy loss
due to the preserved regularity for hardware friendliness. In this
work, we propose RTMobile that leverages both a novel block-
based pruning approach and compiler optimizations to accelerate
RNN inference on mobile devices. Our proposed RTMobile
is the first work that can achieve real-time RNN inference
on mobile platforms. Experimental results demonstrate that
RTMobile can significantly outperform existing RNN hardware
acceleration methods in terms of both inference accuracy and
time. Compared with prior work on FPGA, RTMobile using
Adreno 640 embedded GPU on GRU can improve the energy-
efficiency by 40× while maintaining the same inference time.

Index Terms—RNN, pruning, real-time acceleration, mobile

I. INTRODUCTION

Deep neural network (DNN) has evolved to the state-
of-the-art technique due to its high prediction accuracy in
many artificial intelligence tasks, such as image recognition
and characterization, speech recognition, and recommender
system. Among various DNN architectures, recurrent neural
networks (RNNs) are widely used for speech recognition
tasks because they contain cycles to carry information across
neurons when reading inputs. For instance, Gated Recurrent
Unit (GRU) [1], the most recent representative type of RNNs,
achieves great success in automatic speech recognition. In
recent years, executing DNNs on mobile platforms has become
more and more popular because many high-end mobile devices
are emerging. Several recent studies have proposed techniques
to accelerate large-scale DNNs in mobile environment. How-
ever, due to fairly high computation complexity and memory
consumption when executing RNNs, it is very challenging to
deploy RNNs on embedded processors and mobile devices.

DNN model compression provides an effective way to
mitigate the computation and memory challenges bringing by
DNNs. Many model compression techniques have been studied
for recent years. For example, weight pruning can provide a
notable reduction ratio in the model size. Early work [2] on
non-structured weight pruning eliminates weights at arbitrary
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location, which leads to the pruned model to be stored in
a sparse matrix format, such as compressed sparse column
(CSC) format. Non-structured weight pruning, however, hurts
processing throughput because the indices in the compressed
weight representation result in stalls or complex workloads on
highly parallel architectures, such as GPUs and FPGAs. On
the other hand, structured weight pruning [3] is more hardware
friendly. By exploiting filter pruning [4] and channel prun-
ing [5], the pruned model is more regular in terms of the shape,
which can eliminate storing the weight indices. However,
structured pruning hurts accuracy more than non-structured
pruning. Moreover, state-of-the-art model-compression-based
RNN acceleration techniques such as ESE [6] and C-LSTM [7]
still suffer from limited inference accuracy and processing
throughput, which prevents them to be implemented on mobile
devices. Furthermore, existing DNN acceleration frameworks
for mobile devices such as TVM [8] do not even support
RNN. Therefore, in order to achieve the real-time inference for
RNNs on mobile devices, it is necessary to develop an end-to-
end RNN acceleration framework that can achieve both high
inference accuracy and high computational efficiency.

In this paper, we propose a real-time RNN acceleration
framework for mobile devices named RTMobile. RTMobile
is composed of two main components: block-based structured
pruning and compiler-assisted performance optimization. Un-
like traditional structured pruning methods used on DNNs,
our novel block-based structured pruning approach that can
provide a finer pruning granularity to maintain high inference
accuracy while significantly reducing the RNN model size. We
also propose several compiler-based optimization techniques
to determine the block size and generate the optimal code on
mobiles. Our contributions are summarized as follows.

• We propose a novel RNN acceleration framework for
mobile devices, namely, RTMobile. To the best of our
knowledge, RTMobile is the first work that achieves
real-time RNN inference on mobile devices.

• We propose a fine-grained Block-based Structured
Pruning algorithm (BSP) for both high inference accuracy
and high computational efficiency.

• We develop a series of compiler-based optimization
techniques to further accelerate RNN inference on mo-



Fig. 1: A Single GRU model.

bile platforms, including matrix reorder, load redundant
elimination, and a new compact data format for pruned
model storage (called BSPC, i.e., Block-based Structured
Pruning Compact format).

• We compare RTMobile with multiple state-of-the-art
methods based on a representative RNN (GRU) using a
well-known speech recognition dataset. Evaluation results
demonstrate that RTMobile is the first work that can
compress the GRU model by over 10x without losing
accuracy. Experiments also illustrate that RTMobile can
obtain about 50x energy-efficiency improvement over
prior work with the same inference time.

II. BACKGROUND AND MOTIVATION

In this section, we present some background information
about GRU, DNN model compression, and DNN mobile
acceleration framework, and discuss our research motivation.

A. Gated Recurrent Unit

The Gated Recurrent Unit (GRU) is a variation from the
LSTM, proposed by Cho et al. [1]. It combines the forget
and input gates into a single “update gate”. It also merges the
cell state and hidden state, and makes some other changes.
The resulting GRU model is simpler than standard LSTM
models, and has been growing increasingly popular. Fig. 1
shows a single GRU, whose functionality is derived by using
the following equations iteratively from t = 1 to T , where
symbols z, r, h̃, h are respectively the update gate, output
gate, cell state, and cell output. As GRU is a more advanced
version of RNN than LSTM, we mainly focus on GRU model
in this work.

B. DNN Model Compression Techniques

As a representative technique in DNN model compression,
DNN weight pruning removes the redundant or less important
weights to reduce the storage and computational costs for
the inference phase. There exist two mainstreams of weight
pruning, i.e., non-structured pruning and structured pruning.

a) Non-structured pruning: Non-structured weight prun-
ing is fine-grained and prunes weights at arbitrary locations.
With the successful applications of the powerful ADMM opti-
mization framework, existing research works [2], [9] achieve a
very high weight reduction ratio while maintaining promising
accuracy. However, non-structured methods lead to sparse and
irregular weight matrices, which require indices to be stored
in a compressed format. Though saving the storage cost, the
decoding of each stored index requires a search over the
whole activation vector. Consequently, it suffers from limited
acceleration in actual hardware implementation [6].
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Fig. 2: (a) To support GEMM computation, the weight tensor
representation of a CONV layer is transformed into the weight matrix
representation. (b) How different structured weight pruning schemes
are implemented on the weight matrix representation.

b) Structured pruning: To overcome the limitations of
non-structured pruning, recent works [3]–[5] consider to in-
corporate regularity in weight pruning with a main focus
on convolutional (CONV) layers of DNNs. Previous works
mainly focus on two types of structured pruning: filter pruning
and channel pruning. Filter pruning, also known as row
pruning, removes the entire filter(s), while channel pruning
removes the whole channel(s). Figure 2 illustrates an example
of transforming convolutional computation into general matrix
multiplication (GEMM) by converting weight tensors and
feature map tensors to matrices [10]. In general, structured
pruning directly reduces the dimension of a weight matrix and
preserves a full matrix format, thereby facilitating hardware
implementations. On the downside, the coarse-grained nature
of structured pruning hurts the accuracy more severely.

C. DNN Acceleration on Mobile Devices

Many efforts target accelerating DNN execution on mo-
bile devices in the past few years, including MCDNN [11],
DeepMon [12], TFLite [13], TVM [8], and Alibaba Mobile
Neural Network [14]. However, most of them do not deeply
exploit model compression techniques as RTMobile does. In
particular, none of the existing frameworks can even support
RNN acceleration on mobile devices.

D. Research Motivation

Based on the survey of recent research works, we conclude
the following insights: (i) non-structured pruning has the
advantage of very high compression ratio but is typically
not compatible with GPU acceleration for inference; and (ii)
structured pruning facilitates hardware implementations but is
often subjected to accuracy degradation, especially when it
is applied to time-based RNNs. To overcome the limitations
of current methods, a more flexible and fine-grained pruning
policy is needed. This work specifically focuses on RNN
models that have not been extensively studied.

III. RELATED WORK

Many existing studies have implemented model compres-
sion algorithms for RNN acceleration on FPGAs [6], [7],
[15]–[18]. However, the majority of these works focus on



constructing new RNN architectures [16] rather than software
and hardware co-design framework. Instead, our RTMobile
proposes architecture designs in both software and hardware
level. In this work, we mainly discuss and compare RTMobile
with two most recent and related approaches, i.e., ESE [6]
and C-LSTM [7], which not only address the RNN model
compression problem on algorithm/software but also take into
account the energy efficiency on hardware (i.e., FPGAs).

A. ESE

ESE proposes an optimized LSTM compression framework
on FPGA, which sparsifies the model through parameter
pruning [6]. Compared with both CPU- and GPU-based imple-
mentations, ESE achieves higher energy efficiency on FPGA.
However, the design of ESE has three main limitations: (1)
ESE’s irregular pruning method used for model compression
causes large overhead when performing read/write operations
on hardware; (2) the irregularity of weight matrix in ESE
results in inefficient implementations of indices that consume
extra storage cost, thus the computing power of the FPGA
is not fully exerted; and (3) ESE only marginally improves
compression rate taking into account indices.

B. C-LSTM

In order to solve the problem caused by irregular prun-
ing, Wang et al. [7] propose an approach (called C-LSTM)
to employ a structured compression technique using block-
circulant matrices to compress the LSTM model. With regular
structure of the block-circulant matrices, C-LSTM can further
reduces both computational and storage complexity compared
with ESE. However, the coarse-grained nature of structured
pruning also cause relatively significant degradation on the
model accuracy. Moreover, the advanced ADMM-based neural
network pruning method, which can effectively handle both
model compression and accuracy, is not supported in the C-
LSTM training because it requires the most advanced opti-
mizer in stochastic gradient decent (e.g., Adam optimizer).

C. ADMM

The pruning problem can be formulated as the minimization
of f(W; b) + g(W ) by following:
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fWig
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where N is the total number of weight tensor in recurrent
neural network, f(W; b) is the loss function, and g(W ) is an
indicator function that is zero when the constraint S = { the
number of nonzero weights is less than certain threshold } is
satisfied, but +∞ otherwise.

The augmented Lagrangian formation of problem (1) is
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where �i is a penalty value, Zi is pruning mask and Ui is
dual variable.

The ADMM algorithm [19] is to iteratively update the
indicated pruning mask and retrain the neural network under
this mask, until a good mask and neural network converge. It
proceeds by repeating iteration k = 0; 1; : : : as following:
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The pruning mask can be trained by Algorithm 1.

IV. PROPOSED RTMOBILE FRAMEWORK

In this section, we describe in detail RTMobile, our pro-
posed mobile acceleration framework for RNNs.

A. Block-based Structured Pruning

To better facilitate the compression rate and ensure the
structured model architecture for hardware implementations,
we propose Block-based Structured Pruning (BSP) algorithm.
In general, training a BSP compressed model can be separated
into two main steps: Step 1) row-based column block pruning
and Step 2) column-based row pruning.

The training process starts with splitting the whole weight
matrix W into Numr rows horizontally. For each row, we
divide it into Numc blocks and then perform the structured
pruning using ADMM method (discussed in Section III-C).
Then, we perform column-based row pruning over the entire
weight matrix W in the step 2. Given the constraint of block
number after dividing by Numc and Numr, the pruned model
can achieve a satisfactory performance overhead on hardware.

The training process continues iteratively until all the blocks
are pruned. We identify that by doing so, the training perfor-
mance is stable, and the whole weight matrix after pruning is
decentralized. Our BSP approach is shown in Algorithm 1.
B. Compiler-assisted RNN Acceleration Framework

After the block-based structured pruning, RTMobile relies
on a compiler-assisted RNN acceleration framework to achieve
efficient RNN inference on mobile devices. This compiler
framework consists of three key optimizations that work on
each RNN layer (as shown in Figure 3): matrix reorder, load
redundancy elimination, and a compact data storage format
for pruned RNN matrices, BSPC (i.e., Block-based Structured
Pruning Compact format). These optimizations aim to address
three key challenges in pruned RNN execution: thread diver-
gence and load imbalance among threads, redundant memory
access, and unnecessary zero storage.

a) Matrix reorder: The matrix is executed by multiple
CPU/GPU threads simultaneously. Without a further reorder,
these threads may execute rows with significantly divergent
computations, causing severe load imbalance issue that hurts
thread-level parallelism. Therefore, RTMobile introduces a
matrix reorder optimization to group the rows with the same
(or similar) computation patterns together. After this reorder,
the rows in each group are assigned to multiple threads to
achieve balanced processing.


