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A Collaborative Compression Scheme for Fast
Activity Recognition on Mobile Devices via
Global Compression Ratio Decision

Junjie Liang ™, Lei Zhang"”, Chaolei Han"*, Can Bu

Abstract—Despite strong representation ability, deep convolu-
tional neural networks (CNNs) are largely hindered in practi-
cal human activity recognition (HAR) deployment due to high
computational cost, which is often unaffordable on resource-
limited wearable devices. In this article, to bridge the gap between
on-device HAR and deep learning, we present a collaborative
compression scheme to reduce the runtime of HAR with an ac-
ceptable performance degradation, which combines channel prun-
ing and tensor decomposition to simultaneously handle sparsity
and low-rankness when fully considering mutual interference in
one network consisting of efficient 1-dimensional convolutional
kernels. Our method includes two main stages. Concretely, given
a target compression ratio, a global compression ratio decision
optimization is first performed to automatically decide per-layer
compression ratio by measuring compression sensitivity, without
requiring labor-exhaustive human intervention. Then a multi-step
collaborative compression is iteratively implemented to remove the
leastimportant compression unit based on an improved importance
metric until the per-layer target compression ratio is attained.
Extensive experiments on multiple HAR benchmarks show that our
approach considerably outperforms previous compression strate-
gies. For example, it can achieve around 50% FLOPs reduction
with only an accuracy drop of 0.25% and 0.15% on UCI-HAR and
PAMAP2, respectively. Actual implementation is evaluated on an
embedded platform.

Index Terms—Sensor, convolutional neural networks, activity
recognition, channel pruning, tensor decomposition, wearable
device.

I. INTRODUCTION
A. Motivation

HE past 20 years have witnessed rapid development of the
Internet of Things and sensor technology [1], [2]. Due to
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several prominent advantages such as higher accuracy, smaller
size, and lower manufacturing prices, various sensors have been
integrated into wearable devices such as mobile phones and
watches, which make them smarter and more useful. Since
human activity is unique, extracting useful knowledge from raw
sensor data has been proved to be very critical in a broad range
of application domains including smart homes, personal fitness,
sports tracking, game console designing, and human behavior
(activities of daily living like running, walking, sleeping, etc.)
monitoring for health purpose to name a few [3], [4], [5]. In
essence, human activity recognition (HAR) [6], [7], [8] based
on wearable sensors could be handled as multichannel time
series classification problem, which has recently attracted great
interest in ubiquitous computing scenario. Traditional machine
learning (ML) algorithms such as support vector machine, ran-
dom forests, naive Bayes heavily depend on heuristic hand-
crafted feature extraction requiring specific domain knowledge
and time-consuming human intervention [9], [10], which are
largely hindered with regard to classification performance and
model generalization in HAR. Plenty of deep learning methods
equipped with an automatic feature extraction ability have re-
cently been exploited to address above challenges. In particular,
deep convolutional neural networks (CNNs) [11], [12] have
been a dominant technique for a variety of activity recognition
tasks, which have been verified to be more effective than the
conventional ML approaches in inferring activity from sensor
data.

However, despite stronger feature representation ability,
larger CNNs are more resource-intensive, which is unlikely to
be affordable on resource-limited platforms such as mobile and
wearable devices. There inevitably exists an explosive growth
of parameters and computational cost compared with traditional
ML models, which severely restrict the deployment of CNNs
in practical HAR applications. With regard to online or real-
time activity recognition systems, an immediate response or
low-latency prediction would be required. Therefore, the high
computational cost issue has to be considered in HAR area. It is
necessary to develop lightweight CNN models for implement-
ing real-time and reliable activity recognition on mobile and
wearable devices.

During the past decade, considerable research efforts have
been devoted to investigating model compression or accel-
eration, including but not bound to, quantization [13], [14],
knowledge distillation [15], [16], parameter pruning [17], [18],

1536-1233 © 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Peking University. Downloaded on October 23,2026 at 02:18:07 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0000-0001-8386-7301
https://orcid.org/0000-0001-8749-7459
https://orcid.org/0000-0002-0801-4867
https://orcid.org/0000-0003-1042-2162
https://orcid.org/0000-0002-3696-9281
https://orcid.org/0000-0002-1982-6780
mailto:junjieliang85@gmail.com
mailto:leizhang@njnu.edu.cn
mailto:chaoleihan98@gmail.com
mailto:bucanya123@gmail.com
mailto:haowu@ynu.edu.cn
mailto:a.g.song@seu.edu.cn

3260

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 23, NO. 4, APRIL 2024

time

—_—
AAAMAM W AN
e
W MMV WA —_

time
—

channel,

Activity signal — Activity feature extraction & Collaborative compression—> Activity inference

-
-
!

Upstairs

o

o

tensor
decomposition

Cycling

~ 5 (@

~ 5@ 7

~ » @ 7

~— > ®

—_— = —

% i ly
o channel pmnmg/_ /__/_4 o o

oo

watching TV

A &

-~ 0 O

]

e & A

Lk

Fig. 1. The overview of the Collaborative Compression scheme.

tensor decomposition [19], [20], etc. It is well known that both
channel pruning and tensor decomposition are two most widely
employed techniques in model compression, which seek to
remove inherent redundancy in weight parameters according to
different strategies. Specifically, the former yields sparse weight
structures by identifying the important channels and removing
the redundant or unimportant ones, while the latter exploits
tensor decomposition technique to approximate convolutional
filters according to an intrinsic low-rank characteristic of weight
parameters. Motivated by these properties, a natural idea is to
combine the benefits of two compression strategies towards a
fast and real-time activity inference. To pursue high as possible
as compression ratio, [21] at the earliest time combines channel
pruning and tensor decomposition sequentially to compress
weight parameters, but process both of them in an independent
or separate manner, which leads to a considerable accuracy drop.
The main reason is that the two compression strategies are not
completely orthogonal and might have a mutual inference, which
makes it impossible to fully exploit the complementary nature of
channel pruning and tensor decomposition. How one leverages
the benefits of channel pruning and tensor decomposition to
construct lightweight CNN models have rarely been explored in
ubiquitous HAR computing scenario.

B. Our Approach and Contributions

In this article, to maximize the benefits of two compression
strategies, we propose a collaborative compression framework
for HAR, which combines channel pruning and tensor decom-
position to simultaneously handle sparsity and low-rankness in
weights, as shown in Fig. 1. The mutual interference between
both is fully considered for computational efficiency while min-
imizing potential accuracy drop. In particular, prior training-
aware compression methods [22], [23] generally require to train
networks from scratch, which are very difficult to control com-
pression ratio. To decide an optimal global compression ratio,
one has to tune hyper-parameters with different compression
ratios along each layer to strike an ideal trade-off between model
accuracy and compression ratio. Such exhaustive trial-and-error
process inevitably leads to labor-intensive human intervention,
which is computationally expensive and infeasible for real-time

HAR with tiny or shallow networks. To avoid the drawback,
the proposed approach seeks to simultaneously handle both
sparsity and low-rankness in pre-trained networks. That is to say,
such collaborative compression would be an inference-time or
post-training algorithm, which is easier to implement in practical
HAR environment compared with training-aware ones. To this
end, the compression sensitivity of each layer is in detail ana-
lyzed through exploring the relationship between the compres-
sion ratio and information loss on sensor data. It can be found that
an exponential decay curve can well fit the relationship, in which
the compression sensitivity can be approximately modeled as a
first-order derivative of exponential function. On this basis, a
global compression ratio optimization process is constructed to
generate the best possible compression ratio of each layer under
a global target compression ratio, which allows an automatic
control in the compression ratio. Once the compression ratio
of each layer is determined by above optimizing process, we
could easily compress every layer according to an importance
metric in an independent and synchronous manner. The effec-
tiveness of the proposed collaborative compression scheme is
validated on four publicly available HAR benchmark datasets
including WISDM, PAMAP2, UCI-HAR, and UniMiB-SHAR.
Practical implementation is evaluated on a resource-limited
embedded platform. We summarize our main contributions as
follows:

® We propose a new collaborative compression framework
towards a fast and efficient activity inference using sen-
sor data, which combines channel pruning and tensor
decomposition to simultaneously handle sparsity and low-
rankness in weights when fully considering mutual in-
ference between both, hence leading to better trade-off
between model accuracy and compression ratio compared
with a single compression operation.

e Since analyzing exactly compression sensitivity of each
layer is extremely expensive even for tiny networks, we
approximate it with an exponential function under a target
compression ratio, resulting in a global optimization cri-
terion to yield an automatic control in compression ratio
of each layer, which is easy to implement in existing HAR
environment with minimal computational overhead over
training.
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¢ Given the whole network compression ratio, a comprehen-
sive analysis is provided to identify the level of compres-
sion sensitivity in different layers. Extensive experiments
on several HAR benchmark datasets verify that our col-
laborative compression approach could decrease memory
footprint and accelerate activity inference at difference
compression ratios, without requiring any specialized deep
learning libraries or hardware.

Below, Section II first reviews previous literatures of and
outlines main distinctions between them and our collaborative
compression approach. Section III then gives an overview of the
collaborative compression framework and introduces the details
of our approach. The main experiment results and a series of
ablation studies on four popular HAR benchmark datasets are
presented in Section I'V. Finally, Section V concludes this article
with the summary and discussion.

II. RELATED WORK

During recent years, deep CNN models have been extensively
applied in sensor-based human activity recognition commu-
nity [4], [5], [6], [10]. Zeng et al. [10], Ronao et al. [6], and
Yang et al. [7] at the earliest time exploit CNN models to
identify human activities by automatically extract discriminative
features from multivariate time series sensor data. Despite supe-
rior accuracy, deep CNN models are typically resource-hungry,
the early CNN model like AlexNet [11] consists of five con-
volutional layers and three fully connected layers, which has
61 M parameters (249 MB memory footprint) and needs to
implement 1.5B high precision operations to make a prediction.
Thus, it is important and essential to address the issue of high
computational cost caused by deep CNN models to realize fast
and reliable human activity recognition on mobile or wearable
devices. For example, [24] provides a feasible solution by min-
gling handcrafted and deep features to reduce computational
cost, in which handcrafted spectral features are integrated with
only one convolutional layer and two fully connected layers
for real-time activity recognition. The feasibility of such hybrid
usage is validated on two smartphones, which requires only
tens of milliseconds inference time for one prediction. Refer-
ences [24], [25] also shows the combination of deep neural
networks and handcrafted features is a potential strategy to
implement real-time activity inference on resource-limited mo-
bile devices. Another intuitive strategy is network quantization,
where both memory usage and model size are greatly reduced in
contrast to full-precision networks [24]. Though there has been
a great amount of literature on model compression [18], [26] in
the latter years, little attention has been devoted to accelerating
activity inference based on deep learning. In particular, the
direct application of channel pruning or tensor decomposition to
sensor-based activity recognition that has not been seen before
according to existing literature. The main reason is that such
compression strategies are labor-intensive and very costly, and
require time-consuming human analysis with trial-and-error to
obtain a satisfactory compression ratio. The whole network
compression ratio is difficult to control, which restricts their
potential use in ubiquitous HAR scenario.
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During recent years, there have been several appealing stud-
ies including Ding et al. [27], Liebenwein et al. [28], Dong
etal. [29], which perform automatic per-layer compression ratio
decisions for deep neural networks. Built on these prior studies,
in this article, we focus on both channel pruning and tensor
decomposition, which are most related to our work. Channel
pruning suggested by Wen et al. [30], Luo et al. [31], Liu
et al. [18], etc. mainly aims to reduce model size and accelerate
inference via removing redundant channels or the related filters
from the network, resulting in structured sparsity. Therefore, the
pruned network has almost the same architecture but with fewer
channels, which could yield smaller memory footprint and faster
inference without needing any specialized hardware or software
support. From another perspective, tensor decomposition [19],
[20], [22], [26] primarily seeks to factorize large convolutional
kernels into a series of tensors with fewer parameters, which
makes network smaller and faster. Intuitively, tensor decompo-
sition might be complementary to channel pruning, and both
could be combined together to yield a higher compression ratio
than using a single compression operation. To this end, previ-
ous works [21], [32] ensemble multiple compression strategies
and sequentially perform one compression operation at each
stage in a separate manner, but inevitably ignore the mutual
interference between different compression operations, which
leads to a considerable accuracy drop. In this article, we focus
our attention on extending previous studies in HAR environ-
ment with a new collaborative compression criterion, which
combines channel pruning and tensor decomposition to handle
sparsity and low-rankness from the trained model. Moreover,
unlike applications in vision domain, how to control the whole
network compression ratio still remains a challenging problem,
which has rarely been explored in HAR area. Through in detail
analyzing the compression sensitivity between information loss
and compression ratio, we construct a global compression ratio
optimization process based on sensor data to resolve this issue.

III. MODEL
A. Preliminaries

Deep CNNSs can be seen as multi-layer feed-forward architec-
tures that transform raw sensor input into certain output tensors
through a sequence of operations. Formally, given the [th convo-
lutional layer that transforms an input tensor X' € R *hin X Wi,
to an output tensor Y'! € R™ *hou xwou et W e R™''*'1' pe
the network weights with regard to the /th convolutional layer,
where ¢! and n! denote the number of input and output channels
respectively. Here h! and w! represent the height and width
of the input tensor, while h! , and w!, represent the height
and width of the output tensor. In fact, heterogenous sensor
modalities always remain a critical concern in HAR. To remove
the impact of different sensing modalities, following previous
literatures including Yang et al. [7], Zeng et al. [10], and Ronao
et al. [6], we only perform one-dimensional (1D) convolutions
along temporal dimension of multivariate time series sensor
signals, where all the feature maps from different sensor modal-
ities are merged before feeding into final fully-connected layer.

Thus, the filter size is set to k* x 1!. The normal convolutional
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operation can be expressed as
Yi=wleXx!, 1)

in which ® denotes the convolutional operation and bias terms
are ignored in our formulation for simplicity.

Channel Pruning. Without loss of generality, to induce
sparsity, we treat the compression process as a function W=
f(W,0), in which o is equivalent to a corresponding compres-
sion unit index that would be removed [17], [18]. Based on above
equation, when every channel is regarded as an individual com-
pression unit, the channel pruning could be easily formulated as

J# o

j =o.

@)

l
FOV0) =W =7 = {
Tensor Decomposition. The main goal of tensor decomposi-
tion scheme is to find a low-rank approximation of W' that facil-
itates more efficient computation over CNN models according to
a simple and natural idea: replace the original convolution with
two light convolutions by W} @ W{ @ X. The model weights
could be decomposed by using singular value decomposition
(SVD) [19], [33] in a stable way. The original tensor Wt is
first transformed into a matrix M! € R? *(¢'k'1Y) "and the SVD
of M' is then denoted as UZZZVZT, in which U! € R *n'
and V! € R(¢'*1)x(¢'K'1) The number of singular values, i.e.,
non-zero diagonal elements of M' is equivalent to the rank
rl = min{n!, k'1'}. In such manner, the weight matrix M
could be decomposed into M} = U'V/S! and M} = VEIVY,
whose number of non-zero singular values, i.e., 7 is much
smaller than 7' = min{n!, ¢'k'1'}. Finally, both M} and M! are
mapped back to W} € R **'x1x1 and W e R xe'xk 1 for
implementation [19], [20]. Similar to above (2), when the index
of non-zero singular values is regarded as the compression unit
index o, the compression process is formulated as

1 .
Ej7lj7 ] # 0’ (3)

_ Tl Iy AT S/
o) =T = o (') 5 = (D S22

where ¢ is an operator that is in charge of mapping M' €
R *(€F1Y) back to W € R F1,

Combining Channel Pruning and Tensor Decomposition. Dif-
ferent from previous compression methods [26], [32], instead
of sequentially performing one compression operation at each
time in an isolated manner, we adopt a new collaborative com-
pression scheme [34] to accelerate online activity inference.
For notational continence, let K be the set of indices for all
candidate compression units at the /th layer. Noting that there is
overall ¢! + 7! candidate compression units, one could achieve
the compressed network weights by simultaneously removing
both ¢; input channels and ¢, singular values according to (2)
and (3)

Wll c R(T"ftz)x(c'ftl)xklxll’

_ Tl —
f(WaO)_W - ’WéERnlx(r’ftz)xlxl.

“
In an extreme case when 5 = 0, only the channel pruning, i.e.,
W e R/ x(r=t)xkix1t g employed to compress the network
weights. On this basis, the whole compression ratio at the /th
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convolutional layer can be represented as

(P — t2) % [( = t2) x K x 1 4]

Rl=1-
nt x c x kl x 1!

®)

Moreover, if to = 0, the compression ratio could be further
simplified into 4.

B. Collaborative Compression

As mentioned before, the collaborative compression seeks
to remove the unimportant ¢; and ¢ compression units from
a well-trained CNN model for model acceleration while mini-
mizing an accuracy drop. Overall, our method consists of three
main steps: (1) perform a fast per-layer compression sensitivity
analysis; (2) determine the best compression ratio of each layer
by solving a simple optimization problem under the target global
compression ratio; (3) implement a multi-step collaborative
compression according to an improved importance metric. The
overall working pipeline of the algorithm is illustrated in Fig. 2.
The details of the three steps are provided as follows.

Per-Layer Compression Sensitivity. We first perform per-layer
compression sensitivity analysis. As indicated in [35], [36],
the compression sensitivity is possibly variable across different
layers, where the compression ratio could be higher for the in-
susceptible layers while lower for the sensitive layers. Following
previous literature [17], [34], [37], we adopt a first-order Taylor
expansion to approximate the information loss of the Ith layer
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on the compressed weights W'

7 [L (Wl) —L(Wl)r ~ Z <58WI//ZZ * (Wf - Wzl))

1eQ!

5| (6 (7 - )] ©

in which ! denotes indices of all entries in W/ and the operator
S[] represents the sum of all elements. G € R™ *¢ <K' x1" jg
the average gradient of the information loss with regard to the
network weights W already pre-trained over the whole dataset.
Based on above simplified first-order Taylor approximation,
previous methods [35], [36] generally analyze the compression
sensitivity of each layer by removing a certain ratio of compres-
sion units and then determining which compression units really
contribute more to the discriminative ability of CNN model
according to their importance. One compression unit could be
regarded as an important one only when the information loss
would drastically increase without it. However, as mentioned
before, such process is very costly and labor-intensive, which
needs to iteratively compute the information loss under different
compression ratios.

To address this issue, taking an inspiration from [17], [34],
[35], [37], we employ a greedy algorithm to fast measure com-
pression sensitivity of each layer under different compression
ratios, where the compression sensitivity can be treated as a point
set D! that is used to describe the relationship between informa-
tion loss and compression ratio. In contrast to full combinatorial
search, we refer to the simplified approximation as a first-order
greedy search. Let D' be empty at first. To obtain the information
loss under different compression ratios, one could progressively
remove candidate compression units based on their importance,
i.e., the information loss in (6). When one candidate compression
unit is removed, both the corresponding information loss I*
and compression ratio R' can easily be computed according to
Algorithm 1. After that, the compression sensitivity curves from
the point set D' are plotted in Fig. 3, where both I’ and R! are
normalized into an interval [0, 1]. By measuring the compression
sensitivity of all the layers across various HAR benchmarks, we
empirically verify that the curve of point set D! could be well
fit by an exponential function I' = ale? B where a! and b' are
learnable parameters through least squares. This is in well line
with previous observation in [34] as well as common intuition.

Global Compression Ratio Optimization. Given the whole
network compression ratio C, the compression ratio of every
layer can be determined by solving the following optimization
problem:

I 2
min R-F—C-F| VMle{1,2,...,L}, (@
i (; 1 Bl ) { )
in which the set R = { Ry, ..., Ry} represents the compression
ratio at different layers. F' and F; denote the computational cost
(i.e., FLOPs) of the whole network and /th layer respectively.
However, it is difficult to directly optimize (7). Instead, the
optimization problem could be simplified through transforming
the optimized variables from R' to I’ according to the following
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Algorithm 1: Compression Sensitivity Learning Algorithm.

Input: Pre-trained weights W' at the /th layer; The
corresponding average gradient G!; The set K of indices
for ¢! + r! candidate compression units; The empty set A;
The point set of compression sensitivity D'.

Output: An exponential function I! = ale?'®',

Set W' <~ W, D! « ¢, Al + ¢,t1 + 0,t5 < 0.

fort < Otoc +r'do

Find the index:

o=y (Je'+ (¢ (7))}

W= f(W',o).
Il letwiwh3
IGHW3
if compression unit index o in the ¢! then
tl < tl =+ ].;
else
to «— to + 1;
end if
Compute R! based on (5).
Let Al < A'U {0}, D! < D' U {(R', I")}.
t<—1t+1.
end for
Exploit the exponential function I' = ale?' ' to fit D!
based on least squares.

formula [34]:

l T/
I' = % =alble! R = Rl = %log (cz{bl> . (®
Keeping I’ the same for all layers, one could fit above expo-
nential function with a' and b’ across different layers based on
the point set D! in order to ensure the sensitive layers have
lower compression ratio while the insusceptible layers higher
compression ratio. Thus, the problem (7) could be reformulated

as
L = 2
In_in( FZlog<{Z>—C-F> , )
o\ b a'b

which is easier to optimize by a gradient descent algorithm, as
shown in Algorithm 2. On this basis, one could determine the
compression ratio of every layer according to (9) under global
target compression ratio.

Multi-Step Collaborative Compression. Once the compres-
sion ratio is determined, a multi-step collaborative compression
scheme is then employed to compress each layer’s weights.
Through calculating the importance of each compression unit
and then sorting them ascendingly, we progressively remove
the least important unit step by step. Such compression process
would be repeated until the obtained compression ratio is smaller
than or equal to the target compression ratio at the [th layer. In
fact, prior most works assume that both channel pruning and
tensor decomposition are totally orthogonal, which separately
deal with the sparsity and low-rankness in an isolated manner,
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without considering their mutual inference. On the contrary, dynamic importance metric
our approach seeks to jointly handles the sparsity on channel 1
. 7 . 1t
pruning and low-rankness on tensor decompensation in a unified Sf,’(t) =1 (l,’(t) + WW I ili ) , (10)
compressed framework. However, as aforementioned, it is worth | | T T ieKLM\o

noting that removing an individual candidate compression unit
might potentially affect the importance of the remaining com-
pression units due to the mutual influence when two compression
operations are mingled. To resolve this concern, we have to per-
form a multi-step compression process by iteratively removing
the less important compression units step-by-step. However, the
aforementioned importance metric, i.e., (6) is static, which only
exploits fixed weights to compute the importance metric once
at the beginning, hence making (6) to be no longer effective
for such dynamic multi-step process. To avoid the drawback,
taking an inspiration from the value function in Markov Decision
Process [34], [38], [39], we further modify above (6) as a

where K*(®) is an index set used to represent the remaining
compression units that have not been removed after -1 steps.
Both Ll;(t) and / fl’(gt) are respectively denoted as follows:

10 =5 [(ara (10 -w1) )] 20— (2.

(11)
and
st () = (0.

12)
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Algorithm 2: Compression Ratio Decision Algorithm.
Input: The FLOPs of the whole network F'; The FLOPs of
each layer F={F!, ... FL}; Global compression ratio
C'; Learning rate 7; The exponential function of each layer
{I' =ate? B TF = qLeb"B"}; The compression
sensitivity I’
Output: The optimized compression ratio of each layer

{R,...,R"}.
Set I’ < 0.1.
do
Fl j/ l
=1 =1
I'=TI-ng

L Rl I ’
while { ) 5 log (albl> —~CF| >10":
=1

Return: {R! = b%log(%)}le-

Specifically, in (11), the first term is used to denote the impor-
tance of the oth compression unit over WD at the (t—1)th
step, while the second term is used to estimate an average
information loss that is calculated by iteratively removing each
compression unit from the remaining compression space. -y is
a hyper-parameter used to trade-off mutual influence between
them. At each step, one can dynamically calculate the im-
portance of one candidate compression unit according to the
improved importance metric while fully considering the mutual
inference between the removed compression unit at current step
and the remaining compression space (i.e., these unremoved
compression units). That is to say, the unified collaborative com-
pression pipeline can keep more information to progressively
reach a given target compression ratio by iteratively pruning
less important channels or removing smaller singular values
in a mingled way. In such a way, one can compress all layers
parallel, and then fine-tune the compressed network to regain
accuracy.

IV. EXPERIMENTS

In this section, we empirically evaluate the performance of the
collaborative compression scheme on a variety of HAR bench-
mark datasets. To investigate the effectiveness of the proposed
approach, we adopt the following state-of-the-art methods as the
baselines for study: channel pruning, tensor decomposition, and
the combination of two compression operations. Furthermore,
we perform ablation studies with variations of several crucial
hyper-parameters in order to analyze their effects and explore
the best variant. Finally, we demonstrate the effectiveness of
our collaborative compression approach via measuring practical
activity inference time over Raspberry Pi 4 B+ platform.

3265

A. Benchmark Datasets

We conduct our experiments on four popular HAR bench-
mark datasets including UCI-HAR [40], WISDM [41], UniMiB-
SHAR [42] and PAMAP2 [43], which have been collected
through multiple sensors attached to different body positions in
various environments and conditions. As shown in Fig. 1, raw
sensor data has to be first preprocessed to filter out noise signals
and normalized into the range of [0, 1]. Then the preprocessed
data is segmented with proper window lengths that are likely
to contain the whole information about target activities, where
an overlap rate between two adjoining windows is allowed to
maintain the continuity of activity data. During training stage,
the ground truth labels and activity features extracted from
each window are used as input to train one CNN classifier. For
comparison purpose, following the previous literature [10], [40],
[41], [42], we still adopt the same parameter settings such as
window length, overlap rate, etc., as summarized in Table I.

UCI-HAR Dataset [40]. This dataset was built by a research
team from the University of California Irvine to benchmark var-
ious machine learning algorithms for activity recognition task.
There have been thirty volunteer subjects whose ages range from
19 to 48 years old asked to perform 6 types of activities including
‘walking’, ‘walking upstairs’, ‘walking downstairs’, ‘sitting’,
‘standing’, and ‘lying’. Raw sensor signals were recorded at
a constant sampling frequency of 50 Hz through triaxial ac-
celerometer and gyroscope embedded a Samsung Galaxy S II
smartphone wore on the waist. Following the original segmen-
tation method in [40], the whole dataset is randomly split into
two parts, where 70% for training and 30% for test.

WISDM Dataset [41]. The dataset was collected by the
WISDM research team from Fordham University. In a super-
vised condition, twenty-nine subjects are instructed to perform
6 kinds of daily activities consisting of ‘walking’, ‘jogging’,
‘upstairs’, ‘downstairs’, ‘sitting’, and ‘standing’. Raw sensor
data is collected by triaxial accelerometer embedded in several
brands of Android phones such the Nexus One, HTC Hero placed
in front pants leg pockets. The accelerometer data is recorded
every 50 ms, which yields 20 samples per second. All data is
randomly partitioned into three parts, of which 70% are used as
the training set, 10% as the validation set, and 20% as the test
set.

UniMiB-SHAR Dataset [42]. The dataset has been designed
to benchmark activity recognition and fall detection, which
includes total 11,771 samples from 30 persons whose ages range
between 18 and 60 years old. All samples could be divided into
17 fine grained categories, which include 8 types of activities
of daily living (ADL) such as ‘walking’, ‘standing’, ‘sitting’,
etc., and 9 types of falls such as ‘falling leftward’, ‘falling
rightward’, “falling backward’, etc. Each person wore a Samsung
Galaxy Nexus 19250 phone in his/her front trouser pocket. The
sensor data was sampled at a fixed frequency of 50 Hz by an
embedded triaxial BMA220 accelerometer. We use five-fold
cross-validation to evaluate the performance of the model on
this dataset.

PAMAP2 Dataset [43]. The dataset has been collected from
the whole nine volunteers, who were instructed to perform 18
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TABLE I
DATA PREPROCESSING (A=ACCELEROMETER, G=GYROSCOPE, M=MAGNETOMETER)

Dataset

. UCI-HAR  WISDM  UniMiB-SHAR  PAMAP2
Attribute
Activity classes 6 6 17 12
Windows size 128 200 151 171
Overlap rate 50% 95% - 50%
Sampling rates 50Hz 20Hz 50Hz 100Hz
Sensor types A, G A A A, G M
Number of subjects 30 29 30 9

types of physical activities, including 12 types of specific activ-
ities (walking, cycling, rope jumping, etc.) and several types of
optional activities (watching TV, playing football, driving, etc.).
Every volunteer wore three Inertia Measurement Units (IMUs)
nodes placed on each dominant’s chest, hand, and ankle. The
data was recorded at a sampling rate of 100 Hz, which was then
sub sampled to 33.3 Hz for further study. A heart rate monitor
with a sampling rate of 9 Hz was used to estimate motion inten-
sity. The splitting strategy is consistent with previous successful
work, where Participant 6 constitutes the test set, Participant
5 constitutes the validation set, and the remaining participants
used to train the model.

B. Implementation Details

The proposed collaborative compression approach is imple-
mented by using PyTorch. We apply the convolutional architec-
ture described in [6], [7], [44] for our evaluation. The network
consists of five convolutional and one linear layers with ReLU
activation and Batch Normalization (BN) operation inserted
between them, where the linear layer has a small input size
and less hidden units, which does not occupy large portions of
parameters. All the layers are arranged in the following order:
C-B-R-C-P-R-C-B-R-C-P-R-C-B-P-R-L (C: Conv, R: ReLU,
B: Batch Normalization, P: Pooling, L: Linear) where each
convolutional layer has a certain number of channels or neurons,
as shown in Fig. 5. For example, on UCI-HAR, the second layer
has 32 input and 64 output channels and filters of size 9x1; On
WISDM, the third layer has 64 input and 128 output channels
with filter size of 3x1, etc. All networks are trained for 300
epochs by using the mini-batch size of 64. The weight param-
eters are optimized via stochastic gradient descent (SGD) with
momentum 0.9, where the initial learning rate is set to 0.01 thatis
divided by 10 every 50 epochs. Based on the pre-trained models,
the proposed collaborative compression scheme is employed to
determine the desired compression units. We consider only four
intermediate convolutional layers that constitute around 80% of
inference time without compressing the first and the last layers.
Once the global compression ratio is set, one could decide what
percentage of compression units to be removed from each layer,
where the number of removed compression units has a direct
correlation with acceleration. However, it would be destructive
to model performance after removing too many compression
units. We adopt above multi-step compression and layer-wise
iterative fine-tuning (retraining) strategy to recovery accuracy.
Specifically, the compressed network is retrained (fine-tuned) on

validation data for 20 epochs to regain the accuracy. In particular,
v to set to 0.5 for controlling balance in the importance metric.
Finally, the performance is evaluated by both accuracy and
F1-score due to potential class imbalance in activity data [41].

C. Main Results

We analyze the performance of collaborative compression
scheme via comparing against a single compression operation
(either channel pruning or tensor decomposition) and two com-
pression operations. To investigate the effect of setting different
target compression ratios, we remove a certain portion of can-
didate compression units and measure the accuracy obtained
from the compressed models on UCI-HAR, WISDM, UniMiB-
SHAR, and PAMAP2. Experimental results are shown in Fig. 4.
It can be seen that the performance of the compressed models
becomes worse with the increase of compression ratio. However,
our compression method with a 50% rate is close to the pre-
trained model, with only 0.15% reduction in accuracy. Overall,
the performance degradation of our collaborative compression
is smaller than that of other methods at the same compression
ratio. To ensure fair comparisons, we measure the accuracy
while fixing similar reductions of parameters and FLOPs, i.e.,
the same target compression ratio, or measure the reductions of
parameters and FLOPs while fixing the accuracy to be close to
the baselines.

On one hand, we perform the single view evaluation by
measuring the accuracy while fixing the same compression ratio,
as shown in Table II. Here the results of “channel pruning
+ tensor decomposition” are obtained via first pruning those
candidate channels (removing ¢; compression units) and then
implementing singular value decomposition (removing ¢ com-
pression units), which is regards as an intuitive combination of
two compression operations without considering their mutual
interference, i.e., (10). It can be seen that our approach achieves
the best performance, which is more accurate than either channel
pruning or tensor decomposition alone, also outperforms its
simple combination. For example, under the same compression
ratio, our collaborative compression method maintains a higher
accuracy compared with channel pruning (e.g., 96.64% versus
95.72% on UCI-HAR, 97.59% versus 96.53% on WISDM,
75.77% versus 74.51% on UniMiB-SHAR, and 92.65% versus
91.20% on PAMAP2). Meanwhile, our method outperforms
tensor decomposition, which leads to 0.51%, 0.60%, 0.97%, and
1.30% improvement in accuracy (e.g., 96.64% versus 96.13%
on UCI-HAR, 97.59% versus 96.99% on WISDM, 75.77%
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Fig. 4. Comparison of the accuracy under different compression ratios, TD means tensor decomposition.
TABLE I
Data . T ﬁ ﬁ_ COMPARISON OF THE PERFORMANCE AT THE SAME COMPRESSION RATIO
Preprocessing C=0.5
Method |Accuracy Accuracy.Drop  Fl-score  Fl-score.Drop
UCI-HAR
Baseline | 96.89% - 97.02% -
Pruning | 95.72% 1.17% 95.67% 1.35%
TD 96.13% 0.76% 96.16% 0.86%
Pruning+TD| 96.30% 0.59% 96.34% 0.68%
CC(ours) |96.64% 0.25% 96.62% 0.40%
WISDM
Baseline | 98.04% - 97.96% -
| Pruning | 96.53% 1.51% 96.51% 1.45%
: Conv2(CC),64 Conv2,64 | TD 96.99% 1.05% 97.05% 0.91%
L Maxpool Maxpool | ! Pruning+TD| 97.13% 0.91% 97.08% 0.88%
| ‘u\ Comm(cc)st Conv3,128 /«' : CC(ours) 97.59% 0.45% 97.52% 0.44 %
| e BN BN . UniMiB-SHAR
|ReLU ReLy| Baseline | 76.18% - 79.43% -
|| Conv4(CC).256 Conv4 256 | /| Pruning | 7451%  1.67% 78.20% 1.23%
I/ Maxpool Maxpool ) | TD |7480%  138% 78.34% 1.09%
I \_[Conv5(CC),384 Conv5,384 | /| Pruning+TD| 75.52% 0.66% 79.02% 0.41%
: ’ BN Maxpool BN ,Maxpool i | CC(ours) |75.77% 0.41% 79.28% 0.15%
e J PAMAP2
yRely Baseline | 92.80% - 9477% -
‘ FC-Layer | Pruning | 9120%  1.60% 93.74% 1.03%
TD 91.35% 1.45% 93.85% 0.92%
. . L. . Pruning+TD| 91.49% 1.31% 93.87% 0.90%
Fig. 5. Brief description for architecture. CC(ours) |92.65% 0.15% 94.55% 0.22%

versus 74.80% on UniMiB-SHAR, and 92.65% versus 91.35%
on PAMAP2). Lastly, it shows better performance than Channel
Pruning + Tensor Decomposition (e.g., 96.64% versus 96.30%
on UCI-HAR, 97.59% versus 97.13% on WISDM, 75.77% ver-
sus 75.52% on UniMiB-SHAR, and 92.65% versus 91.49% on
PAMAP2), which emphasize the benefit of considering mutual
interference between two compression operations.

On the other hand, we measure the reductions of parame-
ters and FLOPs while maintaining the comparable accuracy.
As shown in Table III, our collaborative compression method
surpasses its counterparts in two aspects including FLOPs and
parameters reduction. For example, our collaborative compres-
sion yields larger FLOPs reduction (e.g., 63.2 M versus 105.3 M
on UCI-HAR, 44.4 M versus 61.5 M on WISDM, 13.6 M
versus 35.4 M on UniMiB-SHAR, and 62.1 M versus 99.3 M on
PAMAP?2) while greatly reducing the model complexity (e.g.,
0.43 M versus 0.72 M on UCI-HAR, 0.41 M versus 0.57 M on
WISDM, 0.18 M versus 0.47 M on UniMiB-SHAR, and 0.44 M
versus 0.70 M on PAMAP?2 for parameters), which significantly

outperforms channel pruning. Compared with tensor decompo-
sition, it further relieves memory overload (e.g., 0.43 M versus
0.63Mon UCI-HAR, 0.41 M versus 0.52 M on WISDM, 0.18 M
versus 0.45 M on UniMiB-SHAR, and 0.44 M versus 0.58 M on
PAMAP2) and accelerates the computation (e.g., 63.2 M versus
91.9 M on UCI-HAR, 44.4 M versus 55.5 M on WISDM, 13.6 M
versus 33.9 M on UniMiB-SHAR, and 62.1 M versus 82.3 M
on PAMAP?2). Finally, in comparison with Channel Pruning
+ Tensor Decomposition, it leads to faster acceleration (e.g.,
63.2 M versus 86.2 M on UCI-HAR, 44.4 M versus 52.2 M on
WISDM, 13.6 M versus 22.6 M on UniMiB-SHAR, and 62.1 M
versus 72.5 M on PAMAP?2) and more compact parameters (e.g.,
0.43 M versus 0.59 M on UCI-HAR, 0.41 M versus 0.49 M on
WISDM, 0.18 M versus 0.30 M on UniMiB-SHAR, and 0.44 M
versus 0.51 M on PAMAP2), which is fast enough to be deployed
on embedded platform.

We also compare our approach with other compression
strategies based on single compression operations including
knowledge distillation [16] and network quantization [45]. We
implement all the results. As shown in the following Table IV,
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TABLE III
COMPARISON OF THE COMPUTATIONAL COMPLEXITY UNDER THE CLOSE
ACCURACY
Method |Accuracy FLOPs FLOPs.Drop Param Param.Drop
UCI-HAR
Baseline | 96.89% 191.5M - 1.31M -
Pruning | 96.00% 105.3M 86.2M 0.72M  0.59M
TD 96.07% 91.9M 99.6M 0.63M  0.68M
Pruning+TD| 96.13% 86.2M 105.3M 0.59M  0.72M
CC(ours) | 96.17% 63.2M 128.3M  0.43M  0.88M
WISDM
Baseline | 98.04% 111.0M - 1.04M -
Pruning | 97.02% 61.5M 49.5M 0.57M  0.47M
TD 97.10% 55.5M 55.5M 0.52M  0.52M
Pruning+TD| 97.15% 52.2M 58.8M 0.49M 0.55M
CC(ours) |97.20% 44.4M 66.6M 041M 0.63M
UniMiB-SHAR
Baseline | 76.18% 75.3M - 0.99M -
Pruning | 74.01% 35.4M 39.9M 047M  0.52M
TD 74.04% 33.9M 41.4M 0.45M  0.54M
Pruning+TD| 74.10% 22.6M 52.7M 0.30M  0.69M
CC(ours) |74.18% 13.6M 61.7M 0.18M 0.81M
PAMAP2
Baseline | 92.80% 206.9M - 1.46M -
Pruning | 90.02% 99.3M 107.6M 0.70M 0.76M
TD 90.11% 82.3M 124.6M 0.58M  0.88M
Pruning+TD| 90.16% 72.5M 134.4M 0.51M  0.95M
CC(ours) [90.23% 62.1M 144.8M  0.44M 1.02M
TABLE IV

COMPARE WITH KNOWLEDGE DISTILLATION AND MODEL QUANTIFICATION
(PR DENOTES PRUNING RATIO)

Benchmark Method | Accuracy | FLOPs(PR) #Param.(PR)
Baseline 96.89% 191.5M 1.31M
KD 96.03% | 97.8M(48.9%) | 0.67M(48.9%)
UCI-HAR CC(C=0.5) | 96.64% | 95.8M(50.0%) |0.66M(49.6% )
Quantization | 94.67% | 49.2M(74.3%) | 0.34M(74.0%)
CC(C=0.76) | 95.34% | 45.9M(76.0%) |0.32M(75.6%)
Baseline 98.04% 111.0M 1.04M
KD 96.91% | 57.8M(47.9%) | 0.54M(48.1%)
WISDM CC(C=0.5) | 97.59% | 55.5M(50.0%) |0.52M(50.0%)
Quantization | 96.03% | 28.2M(74.6%) | 0.27M(74.0%)
CC(C=0.76) | 96.47% | 26.6M(76.0%) |0.26M(75.0%)
Baseline 76.18% 75.3M 0.99M
KD T4.72% | 42.4M(43.7%) | 0.56M(43.4%)
UniMiB-SHAR | CC(C=0.5) | 75.77% | 37.7M(49.9%) |0.54M(45.5%)
Quantization | 73.14% | 19.3M(74.4%) | 0.25M(74.7%)
CC(C=0.76) | 74.43% | 18.0M(76.1%) |0.24M(75.8%)
Baseline 92.80% 206.9M 1.46M
KD 91.93% | 107.2M(48.2%) | 0.82M(43.8%)
PAMAP2 CC(C=0.5) | 92.65% |103.2M(50.1%)|0.76M(47.9%)
Quantization | 85.98% | 53.3M(74.2%) | 0.36M(75.3%)
CC(C=0.76) | 87.36% | 49.6M(76.0%) |0.36M(75.3%)

the collaborative compression scheme can yield superior per-
formance gains over previous ones. For example, compared
to knowledge distillation [16], the collaborative compression
scheme with C' = 0.5 leads to better performance (75.77%
versus 74.72%) with higher FLOPs reduction (49.9% versus
43.7%) on UniMiB-SHAR. In the meanwhile, compared to
8-bit quantized network [45], our method with C' = 0.76 also
achieves higher FLOPs reduction (76.0% versus 74.2%) with
higher accuracy (87.36% versus 85.98%) on PAMAP?2. Overall,
our collaborative compression method has significantly fewer
parameters and inference costs than using a single compression
operation, which has a great potential to better accelerate activity
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Fig. 6. Independent influence of Compression Ratio Optimization (GCRO)
algorithm and Multi-Step Compression (MSC) on PAMAP2.

recognition without sacrificing too much accuracy, showing that
the sparsity and low-rankness of model weights could serve as a
discriminative property for removing the redundant compression
units.

D. Ablation Study

There are several crucial hyper-parameters that affect our
proposed collaborative compression scheme. In this section, we
investigate the effect in more detail via conducting extensive
ablation studies on their variants.

1) Effect of Two Main Components: In this part, we analyze
the effectiveness of the Global Compression Ratio Optimization
(GCRO) in PAMAP?2 dataset, as well as the proposed Multi-Step
Compression (MSC). The main goal of collaborative compres-
sion (CC) is to reduce the number of parameters and FLOPs.
To the best of our knowledge, there have been several state-
of-the-art works that set a target fraction to uniformly remove
the C fraction of compression units from each layer. For fair
comparisons, we first run the uniform compression strategy via
removing the same C' fraction of compression units from each
layer in the pre-trained model and retraining the compressed
model (i.e., CC w/o GCRO). Besides, we study the effect of
the non-uniform compressed strategy obtained by GCRO (i.e.,
CC). Then we replace above multi-step compression (MSC)
and again run the uniform compression strategy via compute
the conventional importance metric, i.e., (6) only once rather
than T = 7! + ¢! steps (i.e., CC w/o MSC). Fig. 6 presents
the results of collaborative compression on PAMAP2 dataset
with three variants for different target compression ratios, which
shows that there is a considerable performance degradation of
the compressed model when removing either GCRO or MSC.
It can be seen that MSC has a larger effect than GCRO in our
unified collaborative compression scheme, which implies that
the multi-step compression strategy is more important than the
global compression ratio decision.

2) Effect of the Trade-Off Hyper-Parameter v: We study
the impact of the trade-off hyper-parameter  via setting dif-
ferent global compression ratios on UniMiB-SHAR dataset
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with different . Here, a larger ~ suggests that one would
put more emphasis on the average information loss, which is
able to more fully consider mutual interference between chan-
nel pruning and tensor decomposition (Also see (10)). From
Fig. 7, it can be seen that the performance of the compressed
model first improves and then gradually decreases with in-
creasing . It is worth noting that exploiting the improved
importance metric could better contribute to performance of
the compressed model when + is larger than 0, which strongly
supports our motivation to fully consider mutual interference
between two compression operations. On the whole, since all
compression ratios achieve an acceptable accuracy drop when
v is set to 0.5, we use it as an initialization value of ~ in all our
experiments.

3) Impact of the Compression Order: As mentioned before,
one is able to obtain the architecture of the compressed network
after iteratively removing the ¢; channels and ¢4 singular values
during collaborative compression. We further study the impact
of different compression orders with regard to the performance
of the compressed network by comparing our method with its
two variants. The first variant, i.e., “Tensor Decomposition —
Channel Pruning” means that one first decomposes the network
and then prunes the decomposed network, while the second
variant, i.e., “Channel Pruning —Tensor Decomposition” rep-
resents a reverse order. As shown in Fig. 8, it can be easily
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layers of PAMAP2.

found that the compression order has a negligible effect on
final classification performance. The main reason is that the two
variants could yield the same compressed network architecture
as our collaborative compression, which use the same t; and
to, but with only difference between compression order. That is
to say, the compressed network architecture is more dominant
than the compressed weights in the collaborative compression
scheme.

4) Compression Percentage Analysis: Under different target
compression ratios, Fig. 9 illustrates the per-layer compression
ratio from bottom to top layers generated by the global com-
pression ratio decision method on PAMAP2 dataset. We further
measure the proportion of removed compression units within
each layer caused by channel pruning and tensor decomposition
respectively, as shown in Fig. 10. Overall, the first and second
layers contribute more than the third and fourth layers. For the
same compression ratio, it can be seen that the first convolution
layer in the compressed model pays more attention to generate
sparse weights rather than low-rank weights, which reveal that
the diversity of input features is more important for achieving
the desired compression objective. Instead, the final layer with
the different compression ratios generally tends to generate more
compact features.

5) Confusion Matrices: We further show the classification
performance of the collaborative compression method via
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Fig. 11.  The effectiveness of Collaborative Compression.

computing the confusion matrices on PAMAP2 dataset at differ-
ent compression ratios. In fact, it is easy to quantitively inspect
the confusion matrices for wrong predictions. The results clearly
indicate that there is total 25 activity samples labeled as ‘walk-
ing’ that has been wrongly predicted as ‘rope jumping’ by the
pre-trained baseline model because of their very similar signal
waveforms. Increasing the compression ratio does not yield a
drastic decrease in the value. For example, the collaborative
compression scheme only leads to overall 27 and 29 samples
of wrong predictions at and without a considerable decrease
in prediction performance. This verifies that our collaborative
compression method is able to significantly decrease the com-
putational overhead at the cost of lower accuracy drop.

6) Visualization of Feature Maps: To figure out to what
extent the proposed collaborative compression method benefits
actual activity inference, we conduct an additional visualizing
analysis with regard to PAMAP2 dataset to analyze the effect
of different sensor modalities attached to different body posi-
tions. We visualize the feature maps generated by the second
convolutional layer (i.e., conv2) from the compressed network.
The results are shown in Fig. 11. We compare the feature maps
of the ‘Runing’ and ‘Ironing’ activity according to different
sensor modalities in Fig. 11, where both x and y axis respec-
tively denote different sensor modalities and time steps that are
down-sampled via pooling operation. Deeper color represents
larger value. After the collaborative compression, some feature
values might become smaller (brighter). It can be seen that
the feature maps of the compressed model (See Fig. 11(b) and
(d)) are still informative compared with those of the pre-trained
ones (See Fig. 11(a) and (c)). The pre-trained model treats all
the sensor modalities more equally, but places higher emphasis
on the ankle sensor (Accl, Acc2) and the arm sensor (Accl)
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Fig. 12.  Real-time HAR system on Raspberry Pi 4 B+.
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Fig. 13.  Inference speed over 200 times.

after collaborative compression. This observation is reasonable
and in well line with common intuition, which proves that the
proposed collaborative compression could remove redundant or
useless information and at the same time maintains a strong
discriminative ability for activity inference.

7) Runtime Analysis: FLOPs has always been a popular per-
formance metric commonly used to compare the computational
cost, which is simple to compute and could be done statically.
However, such indirect performance metric is somewhat ir-
respective of the actual software implementations and target
hardware platforms. Therefore, we present a study of runtime
analysis in activity inference. Because saving and loading mod-
els across different mobile devices is relatively straightforward
using PyTorch, we experiment the proposed collaborative com-
pression scheme on WISDM dataset via running PyTorch mod-
els on the Raspberry Pi 4 B+ platform. To this end, an application
program is developed in Python for activity inference, where
its main window of user interface is shown in Fig. 12, which
contains a graphic representation and predicted probability of
current performed activity, as well as the corresponding runtime.
In order to measure actual runtime of activity inference, we
implement two main steps: 1) pre-training our CNN model and
then implement the collaborative compression with different
compression ratios; 2) save and load the compressed networks.
Then a timer would automatically start when launching the
compressed model to read an activity sample, and then stop
once a predicted result is returned. Fig. 13 and Table V summa-
rize actual runtime over total 200 activity samples (Fig. 13). One
could observe that the native uncompressed runtime is: 53.02 ms
per-sample (i.e., per-window), while our actual compressed

Authorized licensed use limited to: Peking University. Downloaded on October 23,2026 at 02:18:07 UTC from IEEE Xplore. Restrictions apply.



LIANG et al.: COLLABORATIVE COMPRESSION SCHEME FOR FAST ACTIVITY RECOGNITION

TABLE V
INFERENCE TIME
Dataset Method Inference Time (ms)
Baseline 53.02
WISDM CC(C=0.5) 39.39
(windows/ms) | CC(C=0.7) 31.47
CC(C=0.9) 20.64

runtimes are 39.39 ms, 31.47 ms and 20.64 ms respectively at
different compression ratios. Due to memory access and other
overheads, though theoretical FLOPs reduction does not indicate
an actual speedup, our method achieves around 1.34x, 1.68x,
and 2.56 x acceleration rates, which is considerably faster on the
hardware and could better meet the real-time requirement.

V. CONCLUSION

Although deep neural networks have shown a powerful ability
for activity recognition, they are computationally expensive
and memory intensive, which impedes their practical usage on
resource-limited mobile devices. In this article, we propose a
new collaborative compression scheme that aims at decreasing
the runtime and memory footprint for HAR with tolerable ac-
curacy drop, which is achieved by simultaneously enforcing
the channel-level sparsity and low-rankness in a simple but
effective way. Specifically, the proposed method mainly consists
of two stages: Global Compression Ratio Decision Optimization
and Multi-Step Collaborative Compression, where the former is
in charge of deciding the compression ratio of each layer via
solving a simple optimization problem according to compres-
sion sensitivity measurement, while the latter is in charge of
independently compressing each layer via iteratively removing
the least important compression units one-by-one until the target
compression is achieved. Extensive experiment analyses on vari-
ous HAR benchmarks show obvious advantages of collaborative
compression over a single compression operation, which would
be useful for further understanding and compressing the network
architectures for accelerating activity inference.

During recent years, sensor-based HAR has gained a lot
of attention due to its wide range of applications in activity
monitoring, healthcare, etc. The prominent drawback of deep
learning-based HAR lies in its resource-intensive nature, which
renders practical HAR deployment onto resource-limited de-
vices often infeasible. Such on-device HAR requires lightweight
models so as to be compatible with the low-power computational
platform and tight memory requirement in fitness-tracker-like
wearable devices [4]. To the best of our knowledge, different
compression strategies could provide an effective solution for
image classification problem based on deep learning. However,
the usage of these combined techniques for HAR has been
rarely explored. Though there are a series of works showing the
theoretical effectiveness of deep learning for HAR in terms of
recognition accuracy Yang et al. [7], Zeng et al. [10], and Ronao
et al. [6], these approaches have never been actually deployed
on-device, because of their limited memory requirements or
large number of operations for realtime activity inference. For
this reason, the development of resource-efficient HAR powered
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by deep learning still remains an interesting and challenging
problem in the research field [46]. To bridge the gap between
on-device HAR and deep learning, this article explores a new set
of optimizations for model compression targeted at on-device
HAR. Different from most existing works [34], we propose
to tackle above challenge with compact one-dimensional (1D)
Convolutional Neural Networks (CNNs), which analyzes dif-
ferent orthogonal strategies (i.e., channel pruning and tensor
decomposition) to remove redundant and irrelevant compres-
sion units based on input sensor data, thus resulting in a more
lightweight solution for on-device HAR. While our approach
concentrates on collaborative compression that enables realtime
activity prediction with low inference cost and simple soft-
ware implementation, it could potentially be combined with
other compression strategies for pursuing higher computational
efficiency at inference stage. In particular, beside theoretical
efficiency, actual on-device HAR implementation is evaluated.
In a future study, we will incorporate the per-layer compression
ratio into a more delicate global optimization, and combine our
method with other compression strategies to further reduce the
runtime and memory footprint for online activity inference.
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