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ABSTRACT

One of the enablers of safety-critical and interactive cyber-physical systems, including
human-robot collaboration, wearable assistive devices and intelligent surveillance, is
real-time human motion prediction. Although the present-day deep learning models have
high levels of prediction accuracy, their execution and memory requirements are too high
to be utilised in embedded and reconfigurable systems with limited latency and energy
use. This article describes a model compression architecture low-latency design of real-
time human motion prediction that directly considers embedded constraints of hardware.
The suggested methodology combines the hardware coherent structured pruning and
mixed-precision quantization with a reconfigurable inference software, allowing to make
trade-offs between accuracy and latency through adaptive approaches on the condition
of strict real-time measures. An integrated system model is created to base compressions
decisions on the end-to-end latency, memory bandwidth, and energy efficiency as opposed
to model-level metrics. The compressed motion prediction architecture is scheduled
over a programmable embedded inference engine with pipelined programming, operator
fusion and programmable deployment. Exposure to experimental results on an embedded
platform show significant decreases in inference latency, energy usage and on-chip
memoir utilization in contrast to an uncompressed baseline, with only minor steps in
prediction accuracy. The findings confirm the suitability of compression hard-hardware
co-design in the implementation human motion prediction models on real-time embedded
and reconfigurable systems.
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INTRODUCTION

Real time prediction of human movement has become
one of the basic functions of diverse varieties of cyber-
physical systems such as human-robot interaction,
assistive wearable gadgets, autonomous movement in
human populated areas, and intelligent surveillance as
well.l'3%IMotion prediction with high accuracy in the short
horizon allows systems to recognise human behaviour
to ensure better safety, as well as facilitate proactive
decisions.? ¢ Nonetheless, when these models run on
embedded and edge devices with limited computational,
memory, and energy, it is still a daunting task to make
sure stability in prediction can be attained based on
stringent real-time requirements.!'" 2 The recent
successes in deep learning have resulted in significant
increases in accuracy of human motion prediction using

models that rely on temporal-neural artefacts like
recurrent networks, temporal convolutional networks
and attention-based mechanisms.? 7! Although successful
in the high-performance computer setting these
models are often associated with a great deal of both
computational complexity and memory bandwidth makes
them impractical in embedded application with high
latency demands without extensive optimization.® '
Consequently, real-time constraints are often broken by
direct model inference on embedded or reconfigurable
platforms, or they require too much energy to be
practical to do so (except in very simple cases).l'" '
To minimise the inference cost and memory footprint,
model compression methods, such as pruning,
quantization, and knowledge distillation, are a popular
topic of research.? ' Though these methods may be
very effective in enhancing computational efficiency,
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the current methodologies mainly concentrate on the
performance of algorithms and model-level quantifiers,
without paying much attention to hardware dataflow,
memory accessing pattern, and reconfigurable
execution.!'"> 21 As a result, bottlenecked models still
could result in inefficient latency and energy efficiency
on embedded architectures, especially in sequential
and streaming inference models such as human motion
prediction.* 1 Field-programmable gate arrays (FPGAs)
and heterogeneous system-on-chips provide special
possibilities to execute deep learning inference using
the customizable dataflow, fine-grained parallelism,
and adaptive precision support.[' 2 Nonetheless,
these capabilities can only be fully utilised with a
holistic design strategy that binds model compression
strategies and hardware architecture and execution
constraints into one.l'" Without such compression-
hardware co-design, the possibility of such benefits of
reconfigurability is not fully exploited .['? The challenges
presented in this paper are solved by introducing a
model compression framework of low latency human
motion prediction, which was clearly tailored to
embedded and reconfigurable systems. In contrast to
previous designs that view compression and hardware
mapping as separate stages,“® the current design offers
structured pruning and mixed-precision quantization
in combination with a reconfigurable inference engine
that can achieve adaptive accuracy-latency trade-offs
with hard real-time constraints.['" "2 In order to deploy
efficiently on resource-constrained systems, the system
model is presented that is based on unified decisions
in compression basing on end-to-end latency, memory
footprint, and energy efficiency considerations.!'"1 The key
contributions of this work may be summarised as below.
To begin with, a compression-conscious system model is
created that can facilitate the real-time human motion
prediction on embedded and reconfigurable system
with a stringent latency and resource constraint.l®'Z
Second, a model compression strategy is defined that
minimises both the inference latency and energy usage as
well as prediction accuracy in a manner that is aware of
hardware dataflow and implementation properties.!'" 121
Third, there is a reconfigurable embedded inference
architecture, which will support various compression
modes that will allow dynamic accuracy-latency trade-
offs to be made at runtime.['! Lastly, a comprehensive
experimental analysis is performed on an embedded
platform showing that the inference latency and energy
consumption are reduced significantly and that there is
little loss in predictive accuracy.l'" ' The rest of this
paper will be structured in the following way. Section 2
discusses the related literature on the prediction of
human motion, model compression, and embedded
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inference topologies. The proposed methodology, which
consists of the system model, compression strategy,
and the reconfigurable inference design is provided in
Section 3. Section 4 assesses the suggested approach on
embedded platform, and further discusses it in Section 5
and concluding statements in Section 6.

RELATED WORK

The study of human motion prediction has been more
advanced in the last 10 years due to its application in
human-robot interactions, autonomous navigation,
surveillance and assistive technology.!" 3> 91 The initial
methods were based on physics-based models and
probabilistic motion representation, which was
interpretable but with issues to model the time-
dependence of complex human movements.B! In the rise
of deep learning, recurrent neural network, temporal
convolutional network and attention-based models
based on data have shown significant gains in prediction
metrics through the extraction of long-term temporal
correlations on extensive motion datasets® through
deep learning.[®® Although effective, these models are
generally modelled and tested in the high-performance
computing set-ups, without much attention paid to real-
time embedded implementation.™ ! They have found
that model compression can mitigate computational and
memory complexity by pruning or quantizing models
or applying knowledge distillation techniques.t> '
Unstructured and structured pruning strategies work to
minimise the model complexity by deleting redundant
parameters, and quantization methods decrease the
numerical precision considered harmful to minimise
computation and storage area.’! Transfer predictive
capability has also been transferred using knowledge
distillation between large teacher models and small
student networks.! Even without looking at the run-to-
run latency predictability of hardware implementations
or such determinism, these designs can achieve great
model reduction making them highly efficient in terms
of their parameter counts or floating-point instructions,
although most of the existing literature focuses on model-
level efficiency measures like parameter count (without
accounting for hardware implementation characteristics,
memory access patterns, or determinism).

Simultaneous to new algorithmic developments, much
has been reported on embedded and reconfigurable
architectures towards effective deep learning inference.
1. 121 The effectiveness of customizable dataflow, fine-
grained parallelism, and adaptive precision made by
the FPGA-based accelerators, heterogeneous system-
on-chips, and edge Al platforms have proven the poten-
tial of low-latency and energy-efficient inference.l'’ 2
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Multiple literature has suggested compression-sensitive
accelerators and reconfigurability neural processing
units in order to deliver efficient implementation of com-
pressed models.!'"! Nevertheless, these architectures are
typically compared with generic vision or classification
applications, and it is not explored how these architec-
tures apply to sequential or streaming inference applica-
tions like human motion prediction.® One more recent
attempt has also aimed at exploring hardware-software
co-design approaches which optimise both neural net-
work models and accelerator architectures together.l'!: 1]
These strategies emphasise the significance of taking
decisions about compression decisions that are based
on hardware limitations to obtain optimal performance
at the system-level.l' However, the current co-design
models do not often focus on human motion prediction
in particular, or, offer reconfigurable execution models
that can be used to realise dynamic accuracy-latency
tradeoffs in response to changing real-time scenarios.['% "]
In short, although substantial separately made advanc-
es have been made regarding human motion prediction,
model compression and embedded inference architec-
tures!''?l there is yet to exist a comprehensive archi-
tecture that combines compression-aware model design
and reconfigurable embedded execution in real-time
human motion prediction. This gap is filled in this work
by the suggestion of a hardware-aligned, reconfigurable
compression framework specifically targeted at satisfy-
ing the harsh latency, energy, and memory specifications
of embedded and edge cyber-physical systems.['" 12

METHODOLOGY
Problem Formulation and System Modelling.

The paper discusses the real-time human motion
prediction on embedded and reconfigurable systems with
very stringent latency, energy and memory constraints.
This system has a stream of skeletal or pose measurements
and produces predictions of short-horizon motions
to facilitate proactive decision-making in systems of
cyberspace and bodily matter. The instantaneous human
motion state at time is represented by a skeletal feature
matrix, as defined in Equation (1),

X ERVD (1)

where J denotes the number of body joints and D
represents the dimensionality of each joint descriptor,
such as spatial coordinates or joint angles. A sequence
of such observations collected over a historical window
of length T, forms the input to the motion prediction
model. Given the historical motion sequence, the
objective of the prediction task is to estimate future
skeletal states over a prediction horizon Tp . This time-

dependent observations process to future movement is
symbolically modelled in the Equation (2) as

Xt+1:64T, = Fo (Xr—ThH:t) (2)
where F®(-) denotes the parameterized motion
nradictinn model with learnable parameters 6, and
le:HTp represents the predicted future motion
sequence. High-capacity models are more likely to
enhance accuracy in prediction, however, they highly
strain both computational and memory access under
embedded hardware implementation. To guarantee
real-time functionality, the embedded inference
process has to meet a very harsh end-to-end latency
requirement. The total execution latency is composed
of inference computation latency L ., memory access
latency L__, and control and scheduling overhead L .
This requirement is explicitly captured in Equation (3),

Linf+Lmem+Lctrl < Lmax (3)

where L denotes the maximum allowable latency
specified by the target application. In equation (3), the
idea is that real-time performance is only secured in
the process of combined optimization of computation,
memory, and control but not the complexity of the model.
According to the definitions of the equations (1)-(3),
the objective of the proposed framework guidelines is
reducing inference latency and energy usage whilst having
a reasonable prediction accuracy with stringent real-
time requirements. This is implemented by compression
design of models and reconfigurable embedded inference
pipeline that makes it provide adaptive accuracy-latency
trade-offs. Figure 1. describes the system model and
problem formulation of the low-latency human motion
prediction on embedded and reconfigurable platforms.

Compression-Aware Latency & Resource

Constraints

Streaming Input Reconfigurable Inference Pipeline

Lipgt Lyt Ly € Ly

Power Budget

@ Memory Limit

Latency & Energy Optimization Objective

Fig. 1: System model and problem formulation for
low-latency human motion prediction on embedded
and reconfigurable platforms.

The figure shows the overall end-to-end process of the
workflow of streaming human motion input (equivalent
to skeletal state vectors as shown in Equation (1)) by the
motion prediction model (Equation (2)) to the latency-
constrained execution of the embedded inference
(Equation (3)). Co-interactions between the model
computation, memory-access and the control overhead
under rigid real-time boundaries are clearly pointed out.
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Compression-Conscious and Reconfigurable Model Design.

The motion prediction model should be optimally
designed to be run on an embedded platform to satisfy
the real-time performance requirements as stated in
Section 3.1 of this paper. Instead of considering model
compression a post-processing procedure, this work
applies a compression-aware deployment approach
where pruning and quantization choices are informed
by the hardware implementation properties, memory
access policies and the network component latency
of the network components. Let denote the baseline
motion prediction model introduced in Equation (2). The
effective model parameters are subsequently pruned
and precision scaled after compression. It leads to a
compressed parameter set written as in Equation (4) as

6.=C(6;a,b) 4)

Where C(-) denotes the compression operator,
represents the structured pruning ratio, and denotes
the numerical precision (bit-width) assigned to model
weights and activations. As pointed out in equation
(4) compression is not only defined by sparsity but also
precision giving the ability to achieve a fine grained
adaption to the embedded constraints of the hardware.
To allow support dynamically-adjusted accuracy-
latency trade-offs, various compression configurations
are specified and instantiated in configurable execution
modes. The configuration of every system is chosen to
ensure inference latency is minimised with prediction
performance maintaining acceptable limits. The
trade-off is represented in the form of an Equation (5)
constrained optimization problem,

min Ly (a, b) (5)

where L,.nf (a,b) denotes the inference latency resulting
from a given compression configuration, E(6 ) represents
the prediction error of the compressed model, and is
the maximum tolerable accuracy degradation. Equation
(5) makes sure that the reduction of latency does not
interfere with the application level accuracy. The
proposed method makes it possible to create numerous
compression modes that can be dynamically chosen
during the run time by jointly controlling the pruning
ratio and quantization precision. These modes enable
the embedded system to respond to different workload
behaviours, power constraints or latency constraints
without having to retrain the model. Figure 2. depicts
the suggested compression-sensitive and configurable
model design where structured pruning and quantization
parameters defining the description in Equation (4)
are converted to various execution modes by the
optimization constraint in Equation (5).
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Baseline Model
(7}

Compression Operator

* Structured Pruning(a)
¢ Quantization (b)
C (8:a,b)

Compressed Model

Reconfigurable Execution Modes

Low-Latency Balanced Mode Accuracy Mode
Mode a=I,B,6 a=1,b=8
a=0.9b=4 @ =0.5b=6 a=0.1,b=8

Fig. 2: Compression-aware and reconfigurable model
design for low-latency human motion prediction.

The figure depicts the compression procedure totally
hardware compatible that quantifies a baseline
movement forecast model with a compressed version
that is output by means of structured pruning and
quantization as described in Equation (4). Several
reconfigurable execution configurations are obtained
to allow adaptive accuracy-latency trade-offs under
the constraint in Equation (5), to point out compression
configuration, prediction accuracy, and inference
latency interaction.

Inferential Architecture, Embedded and reconfigu-
rable.

In Section 3.2, compression-manufacturability model is
deployed to an embedded and reconfigurable inference
architecture to meet the real-time latency constraint
formulated in Equation (3). The architecture is to perform
sequential motion prediction workloads efficiently
taking advantage of pipelined dataflow, configurable
parallelism, and adaptive precision assistance that are
very important in providing low-latency execution on
resource-constrained platforms. The inference pipeline
implemented is designed as a sequence of processing
stages which comprises of input buffering, compressed
model execution and output generation. The optimization
of each stage ensures that there are few idle cycles and
memory stalls. Let denote the execution latency of the
-th pipeline stage. Latency of overall inference of the
built in architecture can be therefore represented by
Equation (6) as.

i 6

Linf - I-(Ts{tc}zge) ©

that portrays the constant latency in stability of a
pipelined execution model. This means that high
throughput, low-latency inference requires a reduction
in the latency of the critical stage as indicated by
Equation (6). The architecture has a reconfigurable
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execution mechanism to enable dynamic response to
change in workload and system constraints to support
different compression modes as characterised in Section
3.2. denote the active execution mode, where each
mode corresponds to a specific pruning and quantization
configuration. In Equation (7) the mode dependent
inference latency is modelled as

m

Lgn; :f(ﬂrm:bmnpm} (7)
where a_and b _ are the pruning ratio and bit-width
associated with mode m, and P represents the
allocated hardware parallelism. Equation (7) shows
how compression parameters and configurability of an
architecture mutually form the runtime performance.
The architecture consists of configurable processing
elements, shared on-chip memory buffers and very
simple control code to alternate between execution
modes with a low overhead. This will allow the system
to dynamically respond to changing latency, power or
accuracy requirements without requiring any changes to
the underlying hardware design. Figure 3. adds to the
embedded and reconfigurable inference architecture of
real-time human motion prediction.

Embedded and Reconfigurable Inference Architecture

| control Interface

Streaming Motion Input

o) 5
D ov=s=
ecision Signal

DEEE) D [ EEE fon
xid

el lllygo | B, llibn ®

Alocated  Assigne
Paralleism  Bit-Wi

Fig. 3: Embedded and reconfigurable inference archi-
tecture for real-time human motion prediction.

The figure identifies the pipelined arrangement of
dataflow, adjustable execution units and conventional
logic that starts the choice of compression modes guided
by the latency functions in Equations (6) and (7). The
proposed architecture allows the dynamic accuracy-
latency trade-offs to occur, and the strict real-time
constraints of embedded platforms to be met.

EXPERIMENTAL EVALUATION

The presented compression-conscious and reconfigu-
rable inference system is measured regarding the quality
of prediction, inference time, energy, and compression
efficiency with respect to an embedded platform. The
experimental study aims at proving that hardware-com-
patible compression and dynamic execution modes re-
veal real-time human motion prediction with a rigid set
of constraints in terms of latency and resource usage.
Experiments are held on streaming skeletal motion se-
quences of fixed historical and prediction horizons. The
code uses a compressed version of the baseline motion
prediction model that is executed on an embedded plat-
form that can be configured to a variety of parallelism
and accuracy. The execution modes are assessed to be
accuracy-oriented, balanced and low-latency modes,
which represent various pruning ratios and quantization
bit-widths rated in Section 3. Table 1. shows the overall
result of quantitative comparison in performance of the
baseline model with the compressed models in the var-
ious modes of execution. The metrics that are reported
are the end-to-end inference latency, energy consumed
in a single inference, on-chip memory usage and nor-
malised prediction accuracy. According to Table 1., the
suggested compression-subjective framework can result
in great latency inference and power savings and still
ensure a satisfactory prediction quality.

Table 1 shows that the low-latency execution mode
demonstrates a response time of inference that is over
four times lower than in the uncompressed baseline and
that the energy consumption is considerably minimised as
well, confirming the well-boundedness of compression-
hardware co-design. Figure 4 was used to further
examine the trade-off between prediction accuracy and
execution efficiency by plotting the relationship between
the accuracy and latency of the various compressions
configurations.

Figure 4 illustrates that with constant control over
degradation of prediction accuracy, compression level
has monotonic decreasing inference and prediction
performance. A successful operating point exists and
is known as the balanced execution mode where a
large degree of latency reduction is achieved without

Table 1: Performance comparison of baseline and compressed models on the embedded platform

Pruning Ratio Bit-Width Latency Energy Memory
Model Configuration (a) (b) (ms) (mJ) (KB) Accuracy
Baseline Model 0.0 32 18.6 12.4 820 1.00
Accuracy Mode 0.1 8 13.2 8.9 510 0.98
Balanced Mode 0.5 6 8.7 5.4 320 0.95
Low-Latency Mode 0.9 4 4.1 2.6 180 0.91
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Figure 4. Accuracy-latency trade-off across
compression-aware execution modes.

compromising the predictive performance. On balance,
the experimental findings offer supporting evidence
that the suggested reconfigurable framework allows

to

implement flexible accuracy-latency trade-offs

and is able to meet the real time requirements on
embedded generation, which is in line with the positive
goals of the optimization as defined in Sections 3.2
and 3.3.
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