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ABSTRACT
In this paper, we discuss the future of Systems-on-Chip
(SoC) design with respect to an intelligent human monitor-
ing and behavioral intervention system. This system lever-
ages the portability and energy-efficiency of wearable com-
puting on one hand and a decision-making system on the
other. In order to make this system a reality, we propose the
types of cores required, an overview of the proposed human-
computer interface and a high-level architectural overview
of the system. We also discuss enablers and limiters to the
realization of this system.
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tems; Redundancy; Robotics; •Networks → Network reli-
ability;
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1. INTRODUCTION
Computing architecture paradigms changed from 2014 to

2017 as evidenced from the list of topics in the International
Trends for Semiconductors (ITRS). During this period we
witnessed a shift in focus from specific categories, previ-
ously focused on fabrication, lithography and other process,
now discuss systems. This shift came when engineers re-
alized that Moore’s law might fail them [36], in that, we
might not maintain the trends in transistor density and fea-
ture size. Engineers cannot scale processors down further
without hitting the thermal noise threshold, incurring quan-
tum effects and massive fabrication costs for relatively fewer
performance benefits. The idea then developed to use sys-
tems that can connect smaller low-power lower performance
processors running in parallel instead of high performance
uniprocessors. This led to the era of multi-core processors.
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[9] Since the distributed computing model was easily acces-
sible, it became quite easy to build these systems by using
message passing tools which were also readily available. This
had certain advantages. First, the system operated at lower
voltages, lower frequencies but simply by rethinking the way
we rearrange the problem, compute times went down.

Systems-on-chip (SoCs) are an emerging paradigm in de-
signing hardware systems that focus on intellectual prop-
erty (IP) blocks integrated onto a single chip. [30] These
IP blocks can be memory, I/O, cores or custom FPGA’s
or ASICs. This shift in design, from process-oriented to
systems-oriented, has given us enormous heterogeneous com-
pute capability. By heterogeneous compute capability, we
mean devices that are able to process text, graphics, audio,
communication protocols like WLAN, 4G in one device.

The International Technology Roadmap for Semiconduc-
tors 2.0 (ITRS 2.0) Roadmap Executive Report [?] defined
system-on-chip as ’a single chip with multiple functionali-
ties’. Furthermore, they clarify that ’SoCs are extremely
complex systems constituted of logic, memory, graphics and
other functionalities integrated on a single die at a very at-
tractive cost’.

In this paper we discuss the future of SoC design by a
backtracing the technological innovation required to enable
an intelligent behaviour monitoring and intervention system.

In Section 2 we perform a trend analysis in terms of types
of cores, number of cores on chip, chip area consumed by
different types of cores process technology over 6 years (2012
- 2018).

In Section 3, we discuss a possible market driver for inno-
vation in systems-on-chip design. We anticipate intelligent
monitoring via multiple sensing units coupled with intel-
ligent behavioral intervention provided to reduce the inci-
dence of injury or prolonged sickness due to personal over-
sight or laxity.

In Section 4, we discuss a high-level architectural design of
the intelligent behavioral monitoring and intervention sys-
tem discussed in the previous section. This section provides
an analysis of current enabling technologies as well as an
estimation of engineering solutions required to fulfill this
model.

2. CORES : NUMBER AND TYPES

2.1 Definitions
According to ITRS [1], ”processor manufacturers now lay

out multiple processor elements on the chip. These elements
are called processor cores and can independently execute
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the full instruction set of the microprocessor. The cores can
communicate via message passing over a network or through
shared on-chip memory. Typically, the cores possess their
own local memory hierarchy in the form of cache memory,
but will also have to perform read and write operations to
off-chip memory which is typically Dynamic Random Ac-
cess Memory (DRAM).” This definition is in the context of
exascale computing, a paradigm relevant to the current ap-
plications of systems-on-chip (SoC).

IBM defines a processor value unit (PVU) as a unit of mea-
surement for determining the licensing costs of their prod-
ucts. For PVU-based licensing, IBM defines a processor as a
processor core on a chip. For example, a dual-core processor
chip has two processor cores [3].

Although these definitions are significant, they can be nar-
row in their scope. The definition of a core or a processor
is largely context-specific. We need a concrete definition in
order to market products or build software based on them.
An encompassing definition of a core could be ’a processing
unit that interprets instructions, computes results, stores re-
sults, communicates to other units, external memories and
I/O while being a key component of the hardware layer of
the TCP/IP model. A chip is essentially an integrated cir-
cuit that can have multiple cores : dual-core, quad-core etc.’

2.2 Hardware Trends
In this paper we specifically analyze the trends for Qual-

comm mobile platform processors. The reason we choose
Qualcomm is that it leads the mobile processors market.
Qualcomm processors use the ARM instruction set. The
ARM instruction set’s simple architecture leads to low power
consumption (energy efficiency) and higher integrability with
other components which makes it useful for the high volume
mobile processors platform [38, 35].

Fig.3 shows the evolution of different types of cores on
Qualcomm mobile platforms processors. The number of
CPUs shows distinct rise over the years while the newly
introduced security processing units (SPUs) will increase
slowly or more realistically, diversify into different kinds of
security.

Fig.2 shows how chip area for CPUs has reduced over the
years, taken up by other cores. This is possible due to the
process technologies shrinking over the years as shown in
Fig.1. These graphs lead us to conclude that more densely
packed cores might be possible but [36] provides evidence
that shrinking chip area is harmful to energy efficiency.

Analyzing the trends for this manufacturer over the past
6 years, we see that fabrication technology getting smaller,
new cores like Security Processing Units (SPU) introduced
in 2017 after hardware vulnerabilities were discovered and
steady increase in application-specific processors (e.g. ISPs).

The ITRS Application Benchmarking 2016 [1] team pro-
vides an analysis of market drivers to computing applica-
tions. The market drivers are identified as advances in Internet-
of-Things (IoT), Cloud Computing (CC), Cyberphysical Sys-
tems (CPS), Mobile development (Mo) and applications that
exploit the advances in machine learning and artificial intel-
ligence (AI). They identify cryptographic codec to be critical
for IoT, CPS and Mo. This leads us to predict that security
cores might require more chip area and may even diversify
into multiple cores.

Based on an analysis of the continuous increase in het-
erogeneity of cores on chip along with the above identified

Figure 1: Process Technology getting smaller over
the years

Figure 2: Qualcomm Snapdragon’s Mobile platform
showing chip area devoted to core types

Figure 3: Types of cores on chip increasing in num-
ber over 6 years

market drivers, we can see that chip manufacturers will de-
vote more and more chip area to specialized security cores.
This argument is strengthened by the fact that technologies
of the future will work with large volumes of personal data.
[31] We foresee a similar shift towards more dedicated chip
area for AI processing units.



In our data-driven world, soon each person might interact
with just as much data as a data center leading to the need
for AI cores on-chip. Therefore, machine learning algorithms
will need independent cores to execute on. In 2013, Google
faced a crossroad : to build a custom neural-specific archi-
tecture or double the number of their data centers. Google
decided to build Tensor Processing Units (TPUs) [33] one of
the first dedicated chips that handle machine learning algo-
rithms. Currently, NVidia GPUs have inbuilt capability to
handle neural networks but the new direction proposed by
TPUs and Intel Nervana Neural Network Processor (NNP)
might be cheaper and easier to run in parallel than a GPU
which can be reserved for graphics applications. NVidia’s
Volta [2] still leads the AI game.

As we observe today, wearables monitor health and fitness
of users. At the same time, lab-on-chip is touted as a major
market driver by the ITRS report (2015). Prevention being
better than a cure, wearables can be used for cholesterol
testing [24], alcohol intake monitoring [19]. When integrated
onto wearables and built into a system, these capabilities will
enable us to provide intelligent behavioral monitoring and
intervention systems as we describe in 3. This capability is
limited by reservations about integrability and scalability of
digital lab-on-chips. [11, 17, 34, 15].

3. THE NEXT HCI ENABLER

3.1 Ecosystem of Devices for Destructive Be-
havior Modification

Due to the evolution of cores on smartphones, it has be-
come possible to monitor human behavior efficaciously. Dif-
ferent apps can help monitor behaviors like vitals signs, al-
cohol intake, water intake, sleep patterns, exercise habits
etc. [18, 19]. Evolution in smartphone technology has also
led to advances in wearable computing [7]. The re-usability
and integrability of IP cores [32] have led to advances in
smartwatches which can provide gyroscope, digital acceler-
ation, magnetic field sensors along with in-built detection of
patterns and features. [21] Along with the IoT era, we can
foresee an era where an ecosystem of connected devices will
overlook human behavior and provide recommendations, in-
terventions and decision-support where necessary.

It is hard to be constantly aware of personal behavioral
patterns even if they are destructive. [26] For example,
drinking too much, scratching chickenpox, excessive eye-
rubbing, bad posture while working etc. We are already
seeing a move in the direction of users taking advantage
of devices to make themselves aware of detrimental behav-
ior. For eg : Even though social media and news outlets
are sources of distraction, we tend to unconsciously engage
in them while working. Phone applications can block cer-
tain pre-listed sites when you start a work session. The app
prioritizes for you. Recently, Ford has been advertising a
new feature in their cars. They intend to teen-proof their
cars by putting a cap on the top speed, putting a cap on
stereo volume or sending phone calls straight to voicemail
while driving. Potential apps could scan the user’s face for
evidence of eye strain or tiredness [37] and automatically
adjust blue light filters for easier viewing on smartphones.
These could be thought of as primitive examples of apps
prioritizing human behavioral activities for them.

Identifying and correcting destructive patterns of human
behavior like detecting bad posture [6] or social augmenta-

tion systems [13], [12], can be the next market driver for
systems-on-chip.

For example, patients with chickenpox generally feel an
urge to scratch or rub the affected area which is not rec-
ommended. An ecosystem of devices can provide support
by monitoring behaviors to isolate such an action and pro-
vide necessary intervention. The type of intervention could
range from simple notifications to more sophisticated forms
of feedback. Similarly, this ecosystem could monitor water
intake, vitamin D levels, mood levels and can recommend
actions like drinking water, getting sunlight or turning on
lights that promote mood elevation and tackle depression,
seasonal affective disorder (SAD) and related mood disor-
ders.

Smartphones technology has become ubiquitous in our
lives to perform functions that were previously conducted
by desktop PCs. In fact, research shows that their portabil-
ity and touchscreen interfaces have made them more likely
to be used than desktop PCs at the expense of efficiency [4].

Broadly speaking, smartphone technology faces two types
of limitations as far as interfaces are concerned; interacting
with the user [39], [27, 22] and interacting with other de-
vices [25]. This causes usability issues on the user end. For
example, changing cursor position while watching videos is
difficult because of the small screen. On the device end, the
vast array of health monitoring devices with specialized sen-
sor hardware cannot be interfaced easily with smartphones
despite having the processing capability to analyze the data
generated by these devices.

As a solution to this problem, we envision a future where
a smartphone would be integrated with multiple wearable
devices that perform the function of providing richer inter-
actions as well as high sensing capabilities to build a smart
environment.

Touchscreen or holographic interfaces will interact with
the user. Energy-efficient, safe, secure and low-latency com-
munication protocols will communicate sensor data to au-
tonomous systems like robots or wearables that will inter-
vene to correct human behavior.

This ecosystem will require the following :

1. near-field communication protocols

2. AI processors to make decisions

3. efficient storage and retrieval strategies for manage-
ment of data

4. security in communication and storage

Additionally, the sensor devices need to transfer data with
low latencies for real-time applications. The whole system
needs to operate at low power due to current power con-
straints.

In the next section, we will see how current research will
further this use case and what new innovations need to hap-
pen to make it a reality.

4. AN IMMINENT SOC DESIGN
The ecosystem of devices that we discussed in the preced-

ing sections requires high-levels of coupling and communi-
cation between interconnected devices. At the same time,
it also requires each individual device to be specialized for



Figure 4: High-level Overview of Intelligent Moni-
toring and Intervention System

particular applications. Application specificity can be guar-
anteed by Application Specific SoCs. The ecosystem is as
shown in Fig.4

Wireless IoT have many different communication tech-
nologies and protocols like Internet Protocol Version 6 (IPv6),
over Low power Wireless Personal Area Networks (6LoW-
PAN), ZigBee, Bluetooth Low Energy (BLE), Z-Wave and
Near Field Communication (NFC). [5]. We consider short-
range communication for our design. Each sensor chip could
have NFC tags that act as receptor and communicate sen-
sitive data only to secure devices. This requires very close
proximity of data collection/processing chip and sensor tag.
An alternative mode could be to use peer to peer between
two active NFC devices, one being the data processing cen-
ter and the other the sensor node. But NFC has a limited
bandwidth and very short range. It cannot extend beyond
4-10 cm. [10] The alternative of BLE (Bluetooth Low En-
ergy) also comes with associated drawbacks of low energy
efficiency, interference and privacy concerns. Visible Light
Communication (VLC) has comparatively lower energy con-
sumption but the interference and maturity issues of the
protocol will stop it from being implemented anytime soon.
Furthermore, a combination of electronics and photonics on
the same chip has proved challenging and the chip manufac-
turing infrastructure is cumbersome. [23]

Antenna design also needs a revolution in order to handle
low-power, low-latency and robustness requirements of this
scenario. Various MIMO and antenna array architectures
have been proposed but we foresee a shift from copper to-
wards novel materials to solve this problem. IoT depends on
WLAN technologies whereas wearables benefit greatly from
Bluetooth. [14] Systems that let both of these technologies
function independently of each other without interfering will
be required.

We propose a design with integrated modules for sensing

and local processing (to reduce sensor-to-backend traffic and
real-time processing), referring them to sensor nodes hereon.
A wireless, scalable network topology connects nodes to each
other and enables new devices to be integrated easily. This
network connects to cloud to offload data for permanent
storage. One or more nodes on the network include an AI
processor that monitors all inputs and learns the user’s be-
havior. It is also tasked with deciding when and what type
of intervention is required. There will be multiple hierar-
chies to this decision-making system which at the highest
level prioritizes actionable tasks targeted towards interven-
tion and at the lowest level adaptively determines optimal
thresholds for sensory inputs. This is possible because of
CPUs or GPUs located in the sensor nodes that can do min-
imal processing.

To realize the vision of multiple decision-making hierar-
chies, communication has to be very fast and low-latency.
VLC can fulfill these requirements but more work in design-
ing protocols is needed.

To realize this ecosystem of devices, we see two specific
problems from a communications perspective. First, due
to heterogeneous cores on chip the onchip network should
be capable of handling network heterogeneity. Current re-
search in networks-on-chip provides a promising future to
handle this heterogeneity. [20] Additionally, if the limita-
tions of VLC are mitigated or amortized, we anticipate a
cross-coupling between electrical and optical signals [16].
This cross-coupling is not currently supported in network
topologies without expensive routers and non-scalable static
network topologies. SoC design will be driven to find solu-
tions to these problems in order to realize ecosystems of
connected devices.

Due to the heterogeneous nature of the incoming tasks
from the lowest level of decision-making systems, the need
arises for semantic interoperability that allows heterogeneous
information structures to effectively communicate with each
other. This software layer (middleware) will follow the stan-
dard service-oriented architecture (SOA) approach that is
adopted in IoT.

New wearables will be constantly added or removed from
the network as technology progresses. Each device per-
forms a specific action and as we see today, these devices
are quickly replaced by newer models with more features. A
network topology or fabric needs to designed in order to en-
able these transitions to happen smoothly. In other words,
intelligent monitoring will require reliable, scalable and ac-
curate network management capabilities. As such scalable
network topologies are hard to design but are the need of
the hour.

As we have described, each monitoring system will have
a different software, hardware and middleware stack. A
network management service is essential in connecting all
these things together. [8] Scheduling parallel communica-
tion across an underlying network of heterogeneous links on
a local area network needs to consider node heterogeneity
along with network heterogeneity.

The architecture we device will monitor several facets of
human behaviour including facial expressions, pulse, heart
rate, glucose levels, oxygen levels. These will require ad-
vanced audio capabilities (ISPs), video (GPUs), 3-D vision
(AI processors), glucometers (lab-on-chip), to name a few.
We expect the following end-to-end processing of this data :

1. combine these inputs and derive meaningful conclu-



sions

2. process data through machine learning algorithms

3. store data efficiently in scalable memory structures

4. retrieve it for decision-making

5. perform decisions and turn them into actionable tasks

In this scenario, distributed high-performance computing,
distributed databases, collaborative multimedia applications
and heterogeneous local area clusters need to be performed
over a heterogeneous network. A discussion of network man-
agement technologies leads directly to an important perfor-
mance metric for such systems i.e. quality of service. Ho-
mogeneous networks communicate using MPI standards in
the distributed computing paradigm. Similar protocols have
been designed for heterogeneous systems but are inefficient.
[8]

The communication framework for distributed heteroge-
neous systems proposed by Bhat et. al [8] contains a com-
munication model composed of compute nodes and network
links, a scheduling formalism, scheduling heuristics and per-
formance metric in terms of completion time. However, this
model is based on the assumption that current hardware
and software in nodes do not enable multiple messages to
be transmitted simultaneously. In the scenario we propose,
each core on a node might have its own communication ca-
pability and thus, it changes the serial nature of operations
provided to network into a parallel problem. Robustness is
another performance metric used to measure the ability of
communication schedule to reach all destinations inspite of
node or link failures.

To address the issue of low-power computing, we antici-
pate the widespread use of low power nano-electronics that
provide high power-density energy generation and harvest-
ing that will enable us to design self-powered intelligent
sensor- based wireless identifiable devices.

The need of the hour is secure communication and in the
intelligent monitoring scenario we expect fast and energy-
efficient encryption algorithms as opposed to current en-
cryption algorithms. [28], [29] heterogeneity of input data
complicates the privacy and security concerns in wearable
computing.

5. CONCLUSION
To summarize, we propose an intelligent behavior mon-

itoring and intervention system to amortize oversight and
laxity errors that are potentially harmful to the user. This
system requires innovation in communication technologies
from the physical layer all the way up to the transport of
the OSI model. The networks-on-chip paradigm will en-
able this SoC design but electronic-photonic support, non-
scalable network topologies will limit it from being realized
in the near future.
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