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ABSTRACT
This position paper examines a spectrum of approaches to overcoming the
limited computing power of mobile devices caused by their need to be small,
lightweight and energy efficient. At one extreme is offloading of computeintensive operations to a cloudlet nearby. At the other extreme is the use
of fixed-function hardware accelerators on mobile devices. Between these
endpoints lie various configurations of programmable hardware accelerators.
We explore the strengths and weaknesses of these approaches and conclude
that they are, in fact, complementary. Based on this insight, we advocate a
software-hardware co-evolution path that combines their strengths.

Year
1997
2002
2007
2011
2013

Typical Server
Processor
Speed
Pentium II
266 MHz
Itanium
1 GHz
Intel Core 2 9.6 GHz
(4 cores)
Intel Xeon
32 GHz
X5
(2x6 cores)
Intel Xeon
64 GHz
E5-2697v2
(2x12 cores)

2016

Intel Xeon
E5-2698v4

88.0 GHz
(2x20 cores)

2017

Intel Xeon
Gold 6148
Intel Xeon
Gold 6348H

96.0 GHz
(2x20 cores)
110.4 GHz
(2x24 cores)
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→ Artificial intelligence; Machine learning.
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1

Overcoming the Mobility Penalty

At the dawn of mobile computing, it was recognized that portable
devices suffer a mobility penalty because of their need to be small,
lightweight, and energy-efficient [51]:
Mobile elements are resource-poor relative to static elements. Regardless
of future technological advances, a mobile unit’s weight, power, size, and
ergonomics will always render it less computationally capable than its static
counterpart. While mobile elements will undoubtedly improve in absolute
ability, they will always be at a relative disadvantage.

This prediction has proved to be true over a period of nearly 30 years.
Figure 1 illustrates how Moore’s Law has differentially benefited
mobile and server hardware since 1997. Each row compares a stateof-the-art mobile device and server at one point in time. Over the
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2020

Typical Mobile Device
Device
Speed
Palm Pilot
16 MHz
Blackberry 5810
133 MHz
Apple iPhone
412 MHz
Samsung
Galaxy S2
Samsung
Galaxy S4
Google Glass
Explorer Edition
Samsung
Galaxy S7
Microsoft
HoloLens
Pixel 2
Samsung
Galaxy S20
Microsoft
HoloLens 2
Google Glass
Enterprise Ed. 2

2.4 GHz
(2 cores)
6.4 GHz
(4 cores)
2.4 GHz
(2 cores)
7.5 GHz
(4 cores)
4.16 GHz
(4 cores)
17.4 GHz
(8 cores)
18.66 GHz
(8 Cores)
18.6 GHz
(8 cores)
6.8 GHz
(4 cores)

Source: Adapted by Roger Iyengar from Chen [7] and Flinn [20]. “Speed” = (number
of processors × number of cores × per-core clock speed), ignoring GPUs/ASICs.

Figure 1: The Mobility Penalty Over Two Decades
same period of time, user expectations of functionality, performance
and productivity improvement from their mobile devices has grown.
For example, even the smallest and lightest smartphone is expected
to support speech recognition today. Bridging the large gap between
user expectation and hardware reality is a perennial challenge.
One approach to overcoming the mobility penalty was first
demonstrated in 1997 by Noble et al [44] for real-time speech recognition. Sensor data is captured on the device, transmitted to a nearby
server for compute-intensive processing, and the result returned to
the device. This approach, originally called “cyber foraging” [3, 52]
and now “offloading”, has been widely used by mobile services such
as Apple speech recognition and Google language translation. A key
motivation for the recent emergence of edge computing is the ability
to perform offloading at much lower latency and higher bandwidth
on a nearby cloudlet than on the distant cloud [53] (Figure 2).
More recently, a different approach to overcoming the mobility penalty has been demonstrated. This approach uses customdesigned on-device ASICs (application-specific integrated
circuits) [13] for applications such as deep learning inference [36],
super-resolution [37] and scene analysis [42]. Since this approach
has been so successful, a question that is being actively debated
in the mobile computing research community is whether the first
approach is needed any longer. Is offloading a technique whose
time come and gone? Was it merely a transitional strategy that is
no longer needed? If it is still needed, how should designers choose
between the two approaches? Are there circumstances in which
offload is valuable in addition to ASICs? What are the tradeoffs
between efficiency and generality in hardware accelerators, and
how does one navigate them?

HotMobile ’21, February 24–26, 2021, Virtual, United Kingdom

Video & Other
Sensor Arrays

Satyanarayanan, Beckmann, Lewis, and Lucia

lowlatency
highWide-Area

Microsoft
Hololens Magic Leap

Internet

bandwidth
network Cloudlet
Cloud

Google Glass

AR Users

Tier 3

Tier 2

Tier 1

Offloading from device (Tier-3) to cloudlet (Tier-2) incurs much lower latency
than offloading to the cloud (Tier-1).

Adapted from Asanovic MICRO-25 Keynote [1]

Figure 3: Cost of Custom Chip Design

Figure 2: Three-tier Model of Edge Computing

Edge offload avoids hardware development. Being a software strategy, speed and cost of project execution are key advantages that it
holds over all strategies involving creation or integration of custom
hardware. Speed is particularly important in a highly competitive
and rapidly evolving marketplace. The Google Play Store and Apple
App Store are examples of ecosystems in which third parties can
introduce new applications and rapidly evolve them. The ability to
quickly introduce and evolve new edge-native applications [57], and
to respond with agility to competitive threats are key advantages in
this setting. A DevOps model that blurs the distinction between development and deployment can be used for extreme agility, as well
as reduction in average release cycle time from weeks to days [6, 39].
These strengths of software over hardware are not new. They are
enshrined in the concept of the microprocessor itself, which was
invented by Intel in 1971 to avoid the development cost of creating
slightly different hardware chip sets for customized realizations of
a common underlying functionality [41]. The computing world has
changed beyond recognition since 1971, but the inherent simplicity,
speed and cost advantages of pure software development remain
unchallenged by custom hardware. Figure 3 shows that the nonrecurring engineering (NRE) costs of chip design remain very high
even today. Though older manufacturing nodes can provide some
reduction in NRE, these savings come with complex tradeoffs in
performance and energy-efficiency [33].

2.3

Extending Battery Life

Under the right conditions, edge offload can reduce energy usage on
a mobile device. Figure 4 qualitatively illustrates this tradeoff space.
For the offloaded operation, the X axis shows the volume of data
transmitted and received, while the Y axis shows the total amount
of offloaded computation. The extreme points of this tradeoff space
are easy to identify. When data transmission volume is negligible,
but the amount of offloaded computation is large, offloading saves
energy on the mobile device. This corresponds to the top left region of the figure. When these traits are reversed (bottom right),
local execution uses less energy on the device than offloading. The
specifics of this tradeoff space depend on many factors, such as the
energy efficiency of the mobile device and network quality [20–22].

Less energy consumed
by offloading
(not to scale)

2 Strengths of Edge Offload
2.1 Speed, Flexibility and Cost of Development

hardware accelerator is introduced, there will be a period of time
when it coexists with one or more earlier generations of devices.
An application that can run on both old and new devices can target
a much larger market than one targeting only new devices. Edge
offload can be used to provide speedup on older devices. Of course,
upward compatibility is a double-edged sword: it reduces the incentive for a user to replace an old device. A more balanced view is
to highlight attributes such as battery life as the primary benefit of
the new device. With this evolutionary strategy, there is a sliding
window of generations of devices that can run a particular application, but the newer devices have much longer battery life. The
computer industry has learned repeatedly (dating back to IBM’s
System/360 architecture) that there is high value in helping users
and application developers preserve their legacy investments [54].

Amount of
Offloaded Computation

We address these questions in the rest of the paper. After examining the strengths and weaknesses of each approach in Sections 2
and 3, we explore in Section 4 how their strengths can be combined.
The result (Sections 5 and 6) is an evolutionary path forward that is
superior to either approach in the face of uncertainty. The primary
contribution of this paper is to bring to the attention of mobile
system designers relevant insights and experience that have been
learned by computer architects and hardware engineers over many
decades. A secondary contribution is to highlight the challenges of
building mobile computing systems to the latter community.

Less energy consumed
by local execution
(not to scale)

2.2

Legacy Support

The ability to support legacy devices is a second major strength
of edge offload. At each step of evolution, as a device with a new

Size of operands + results
Conceptual figure only, not real measurements.

Figure 4: Energy Tradeoff Space

Edge Offload versus Hardware Acceleration

2.4

All-You-Can-Eat Scale-Up

Today, edge offload is typically used when a fixed computation
must complete within a tight latency bound. For example, deeply
immersive augmented reality on a wearable device has a latency
bound of 16 milliseconds [18] for good user experience. For wearable
cognitive assistance (WCA) applications, Chen et al [8] identify loose
and tight latency bounds. Below the tight bound, the user does not
perceive any further improvement. Offloading is superfluous if the
relevant bound can be met using ASICs on a mobile device.
In contrast, unlimited scale-up may be valuable in the future.
For example, imagine WCA for business, legal or diplomatic negotiations. These are adversarial settings in which even a subtle
advantage in discerning an opponent’s weakness can be valuable.
Human communication involves many diverse inputs: the language
content and deep semantics of the words, the tone in which they are
spoken, the facial expressions and eye movements with which they
are spoken, and the body language and gestures that accompany
them. A cognitive assistant that can process all of these distinct
channels of information in real time, and also combine them with
additional knowledge from external sources will prove superior to
one that is less capable because it does not use offloading. AI-based
assistance for military applications (“Battlefield 2.0” [17]) also has
an unlimited appetite for computation within a tight time budget.
In such settings, edge offload will be valuable even with ASICs.

2.5

Aggregation

Crowd-sourced applications such as participatory sensing [5] and
communal image collection [47] are inherently multi-device. A key
decision is whether to perform processing on-device or offload
it to a cloudlet or the cloud. Often processing only on-device is
not practical: e.g., when aggregating data is fundamental to the
application, as in a shared virtual environment. Even when ondevice processing is possible, offloading can be attractive if the
amount of data from other devices exceeds that generated locally.

3 Strengths of ASICs
3.1 Ubiquity
By eliminating the dependence on edge computing, ASICs enable a
mobile device to operate anywhere. This will be especially valuable
in the near future, when the rollout of edge computing is still young
and coverage is sparse. There is a chicken-or-egg circularity to the
likely speed of this rollout. If there is rapid creation and adoption
of valuable edge-native applications, there will be high incentive
for service providers to speed up deployment of edge infrastructure
and 5G. On the other hand, the widespread deployment of edge
infrastructure is itself an incentive for creation of new edge-native
applications, while its sparseness will retard their creation. The use
of custom ASICs eliminates the risk associated with the dependence
on edge computing. However, it comes at the high NRE cost of
custom chip design (Figure 3).

3.2

Disconnected Operation

Wireless connectivity (Wi-Fi or 4G LTE) is ubiquitous today. Offloading to the cloud is thus a fallback when edge infrastructure is
unavailable. This will degrade the quality of user experience (QoE)
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for an edge-native application, because of increased end-to-end
latency. The use of 5G rather than 4G LTE will not eliminate this
problem because it only improves the final hop of a very long multihop network path from device to cloud. Application-aware graceful
degradation is feasible [28, 44, 59], but it comes at the cost of implementation complexity since multiple levels of application-specific
QoE have to be supported. The use of ASICs completely eliminates
the need for fallback mechanisms. The device is able to provide full
service even in locations without network connectivity.

3.3

Ultra Low Latency

Today, web-based interactive applications remain usable even at
mean end-to-end latencies on the order of 100 ms, with very long
tails. They achieve this latency and jitter tolerance through interaction metaphors such as hyperlinks that avoid immersivity. The
much lower latency and jitter offered by edge computing will enable
more deeply immersive interaction metaphors such as 3D collaboration [31]. Although the sub-millisecond Tactile Internet [49, 58] is
a holy grail, it is hard to beat a purely on-device solution for the
lowest latency and jitter. ASICs are thus at a strong advantage for
the most deeply immersive applications.

3.4

Scalability

The average load placed on shared edge computing infrastructure
by a typical mobile device determines the overall scalability of the
system. Higher per-device loads translate to longer queueing delays,
both for network access and for cloudlet scheduling. A system in
which most of the marginal burden of a client is borne by the client
itself is likely to be more scalable than alternative designs. This
observation is as true today as it was when first articulated more
than three decades ago [56]. The use of local computation to reduce
or eliminate offloading thus contributes to the overall scalability
of the system [59]. QoE is also improved because load-dependent
queueing delays are avoided.

3.5

Battery Life & Intermittent Computing

As discussed in Section 2.3, avoiding offloading sometimes saves
energy. Energy-efficiency increases the amount of data a device can
process before depleting its battery, or exhausting a limited number
of charge/discharge cycles. For energy-harvesting devices [11, 15,
43] that are used in intermittent computing [38], efficiency determines performance [16]. The time for a task is often dominated by
energy collection [25]; more efficient use of energy minimizes long
recharge periods, which minimizes makespan. In Figure 4, using
an ASIC enlarges the region over which local compute wins: the
separating line between the two regions is raised considerably.

3.6

Zero-Trust and Stealth Operation

A device that only computes locally need not trust any other computing resources. The use of ASICs can thus simplify the trust
model of a system, and shrink its TCB by avoiding the need to vet
or certify infrastructure used in offloading. Local computation’s
implicit trustworthiness may also be appealing to users who are especially concerned about the privacy of their data. In covert military
operations, avoiding offload lowers observability.
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Architecture
CPU (Core i7)
FPGA (Xilinx LX760)
GPU (NVIDIA GTX285)
GPU (AMD R5870)
ASIC

Efficiency (GFLOP / J)
1.14
3.62
6.78
9.87
50.73

Source: Table 4 in Chung et al [9]

Figure 5: Energy Efficiency of Matrix Multiplication Kernel

4

Merging Strengths: Considerations

Sections 2 and 3 suggest that the two approaches to overcoming
the mobility penalty are complementary. Can we combine their
strengths and neutralize their weaknesses? A hint on how to do
this comes from the observation that creating an ASIC for a mobile device is similar in spirit to extending its instruction set with
complex instructions. A wealth of insights has been gained in the
multi-decade CISC versus RISC debate. Two observations from this
large body of knowledge are of particular value to us. The first is
by Saltzer et al on end-to-end arguments [50]:
The arguments that are used in support of reduced instruction set computer (RISC) architecture are similar to end-to-end arguments. The RISC
argument is that the client of the architecture will get better performance
by implementing exactly the instructions needed from primitive tools; any
attempt by the computer designer to anticipate the client’s requirements for
an esoteric feature will probably miss the target slightly and the client will
end up reimplementing that feature anyway.

Trying to anticipate the functionality of an ASIC for a specific
application is risky even when its algorithms are well understood.
It is better to implement the application entirely in software, and
easily modify it as the application evolves rapidly through actual
usage. When the code stabilizes, it can be carefully reviewed to
extract the interface for hardware acceleration. Such an empirical
approach is less risky than premature specification of the ASIC.
The second observation is by John Cocke in his Turing Award
lecture about the evolution of RISC technology [10]:
Avoid complex instructions whenever the same effects can be realized just
as quickly by sequences of simple instructions. For a given application,
cache will become the equivalent of fast ROM for the macro-instructions
most commonly used by that application.
(Italics in the original)

This maxim reinforces the previous point about using empirical
data to design the ASIC. If traces of the actual instructions executed
during a typical run of an application are available, the empirical
analysis suggested by Cocke is possible. Without such empirical
analysis, there is high risk that a proposed ASIC may not provide
the expected speedup. A designer’s intuition is only a weak guide
to ensuring that creation of an ASIC will be worth the effort.
These arguments apply equally well today, and suggest that there
will always be a role for general-purpose processors that expose
simple primitives as building blocks for larger computations. RISC
CPUs lie at one extreme, but there is an increasingly rich landscape
of “programmable accelerator” designs that strike a balance between
the generality of CPUs and the efficiency of ASICs. FPGAs and
GPUs are popular examples of programmable accelerators. Figure 5
shows that programmable accelerators significantly improve energy
efficiency over CPUs. Though ASICs are far more efficient (Figure 5
and [9, 30]), recent research has narrowed this gap [26, 45, 46].
Since programmable accelerators improve efficiency by specializing hardware, the key tradeoff in their design is between programmability and efficiency. Hardware specialization increases
efficiency primarily by eliminating overheads paid by the CPU:
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control overheads, such as repeated and unnecessary instruction
fetch and decode operations, and data movement overheads, such as
repeated and unnecessary reads and writes to a register file. At the
extreme, the direct implementation of frequently executed application logic in specialized circuits can completely eliminate control
overheads. However, this limits use of the device to that specific
application. Instead, a programmable accelerator provides high efficiency for a broad class of workloads by partially, but not completely,
specializing hardware to suit the class’s common characteristics.
This suggests a complex tradeoff between programmability and
efficiency, ranging from the flexible, bit-level reconfigurability of
an FPGA to the restricted but efficient operation of many machinelearning accelerators, with many design points in between.
Programmable accelerators often require non-trivial software
engineering effort to port applications to specialized interfaces,
such as CUDA for the GPU [35, 60], or Chisel for the FPGA [2]. But
this effort is orders-of-magnitude less than the NRE cost to redesign
an ASIC, especially as accelerator interfaces grow more CPU-like
and compiler support improves. Significant progress has been made
on streamlining programming interfaces for programmable accelerators, avoiding the need for hardware description languages or
hand-coded assembly [26, 45, 46]. However, software development
cost remains a challenge for programmable accelerators. Although
unlikely to universally replace ASICs, programmable accelerators
are often useful as stepping stones between the initial (software)
offload version of applications and their eventual (hardware) ASIC
implementations. Furthermore, for applications that are updated
regularly or whose efficiency is close to an ASIC on a programmable
accelerator, implementing an ASIC is probably not worth the cost.
In such cases, programmable accelerators may remain fielded for
long periods of time or, possibly, even indefinitely.
Programmable accelerators may play a particularly important
role in Tier-2 (cloudlets) [55], where energy-efficiency requirements
are less stringent. There is substantial experimental evidence from
many edge-native applications [8, 29, 32] that offloading to CPUonly cloudlets does not provide sufficient speedup — it is necessary
to use cloudlets equipped with programmable accelerators such
as GPUs. Cloudlets may prefer the flexibility of a programmable
accelerator to support a wider range of applications, whereas ASICs
may be more attractive in a mobile device, where energy efficiency
is paramount, or in the cloud, which has the scale to amortize NRE
by keeping ASIC utilization high [33]. Ultra-low-power systems
and energy harvesting devices [12, 24] are likely to benefit most
from an ASIC. However, as applications for these emerging devices
continue to mature [40, 48], programmability is likely to remain an
important issue for a long time to come.

5

Merging Strengths: How to Do It

These considerations lead to the evolutionary path shown in Figure 6. In this figure, time flows from left to right. Since this is a
logical diagram, it is not drawn to scale. What matters are the
milestones shown, not the distance separating them. The evolution begins with a software-only release (A1 ) of a new edge-native
application, A. In many cases, the offloaded code may include support (B1 ) from a programmable accelerator at Tier-2. Based on
usage experience and response to competitive threats, A may go

Edge Offload versus Hardware Acceleration

Application
Software
(Tier-3 & Tier-2)

Programmable
Accelerator
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many releases of A

many more releases of A
A3

A2

A1

many more releases of B

many releases of B
B1

B3

B2

(Tier-2)

New ASIC

C1

(Tier-3)

C2

Tier-2 not needed

C3

Not to scale. Only the concepts of the milestones labeled A1 , A2 , and so on are significant, not their horizontal separation.
A1

Initial edge-native release of A

A2

Mature A after many releases

A3

First no-offload release of A

B1

Programmable accelerator code for A1

B2

Programmable accelerator code for A2

B3

Last necessary version of B

C1

Clarity in specs of ASIC

C2

ASIC available in volume

C3

First mobile device with ASIC

(may continue as legacy support)

Figure 6: Logical Timeline: Combining Edge Offload & ASICs
through extensive improvement and refinement over a period of
many months or possibly years. During this phase of extensive evolution, agility is paramount. Remaining software-only is advisable.
Eventually, the application stabilizes at a point A2 , with programmable accelerator support B2 . Although the application may
continue to evolve, its rate of change is far lower than in the early
stages. Since further change tends to be incremental, widely used
software engineering practices such as modularity, separation of
concerns, and use of design patterns can be leveraged to avoid
major disruptions to the code base. It is at this point that the risk of
mis-targeting highlighted by Saltzer et al [50] becomes low enough
to consider creating an ASIC for this application. Prior to this point,
such efforts run too high a risk of premature optimization, leading to an ASIC that rapidly becomes obsolete. Approaches such as
aspect-oriented programming [34] can be used to minimize code
changes for determining when this point has been reached.
As recommended by Cocke et al [10], empirical studies of the
code sequences of A2 and B2 can now be performed to quantitatively establish the performance and energy benefits of a proposed
ASIC. This is not an exercise in the abstract, because it is based
on actual trace data from live executions of A in real use. This exploratory design work leads to the complete design and fabrication,
C1 , of a new ASIC. It is in the creation of C1 from empirical data
available through A2 and B2 that the high NRE costs referenced by
Asanovic [1] are incurred. Using early samples of C1 , a no-offload
version of A can be created, and the performance and energy wins
can be validated. If needed, the design of C1 can be tweaked in
response to shortcomings revealed by actual experiments.
At this point, the development of a validated ASIC for A is
complete. Effort can then be focused on high-volume production
and yield optimization, resulting in C2 . Concurrently, the design
of a new mobile device that leverages C2 can proceed. This leads
to C3 , where a new mobile device with the new ASIC is available
in quantity. Upon release, it is able to run A3 , the first no-offload
release of A. There will typically be a period where both legacy

devices and new devices are supported. Hence, both no-offload and
offload versions of A will need to be maintained. Eventually, the
offload version of A can be end-of-lifed.
The entire discussion above assumes that a new ASIC is created to support a single application, A. In practice, a new ASIC
may support multiple new applications. This would modify Figure 6 to include dependence of C1 on quantitative insights from
software-only implementations of multiple applications (including their programmable accelerator code). C3 would then enable
no-offload versions of all those applications (e.g., A3 ) on new ASICequipped mobile devices.

6 Discussion
6.1 Variants of the Logical Timeline
Figure 6 depicts one plausible timeline for the lifecycle of an application in a world where hardware spans the full range from
general-purpose CPUs and programmable accelerators to fixedfunction ASICs. Other timelines are also possible, driven by technology changes, market pressures, and application requirements.
Below, we discuss some possible variants of the canonical timeline.
Technology changes are always a major influence on the design
timeline. For example, entering the era of “dark silicon” [19] left
chip designers with ample chip real estate for a large number of miscellaneous ASICs. Taken to an extreme, this design strategy yields
a collection of ASICs with some of the behavior of a programmable
accelerator. This “garden of ASICs” model develops along a timeline
with many new implementations, one for each new ASIC. Each
ASIC has lower NRE than shown in Figure 3, due to (a) high reuse
across designs and (b) very low configurability demanded by the
rigidly-constrained functionality of each ASIC.
Market pressure could influence this timeline, providing an incentive to hardware developers to avoid programmability. Producing
ASICs despite changing application requirements requires consumers to upgrade, lest they be unable to access a device’s latest
features. For a captive consumer market, a new device is the only
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option. In this case, the cadence of the green circled points (Ci ) on
the “new ASIC” timeline would be spaced out over time in bursts
corresponding to a product cycle. This timeline is unlikely to include programmable acceleration as intermediate or terminal points
(i.e., entirely omitting the timeline of blue circled points, Bi ). Such
an ASIC-only approach carries substantial development risk, as it
precludes incremental patching even in early-phase development.
Finally, application evolution and user demand are likely to be
the most urgent and direct drivers of system design. In situations
where application requirements do not stabilize in a few months to
a few years, long-term flexibility with efficiency becomes crucial.
This makes a strong case for permanent adoption of programmable
accelerators rather than ASICs. The resulting timeline would look
substantially different from Figure 6. A long period of high NRE cost
would first produce a mature programmable accelerator for this
genre of application. By leveraging (re-)programmability in the field
and efficiency approaching ASIC levels, applications would avoid
ever making the jump to a stand-alone ASIC. The programmable
accelerator itself will accumulate optimizations over multiple generations of design and deployment, raising the bar for an ASIC to
provide an efficiency advantage. This approach is low risk for the
designer and provides high value to the consumer, but it depends
upon the architect having the foresight to create an accelerator
with just the right balance of generality and efficiency.

6.2

Enabling Tools and Practices

For the developer of a mobile application, it would be ideal to
abstract where code executes: offloaded to Tier-2, or locally on an
ASIC. In practice, the implementation of code offload requires more
machinery than local execution. This includes code to manage
the network connection to Tier-2, to serialize input and output
parameters for network transmission, to validate results, and to
deal with connectivity problems. This support can be provided in
many ways: within libraries, within language-based frameworks
such as Java RMI [27] and MAUI [14], or as plugins to integrated
development environments (IDEs) such as Eclipse or Visual Studio
Code. Tools for developers to control where a function executes can
be helpful in the debugging and performance tuning aspects of the
timeline shown in Figure 6. Also valuable will be tool suites (such as
those of Balan et al [4]) that simplify the use of edge offload when
porting legacy desktop or cloud applications to mobile devices.

6.3

Business Model Implications

For the evolution in Figure 6 to be self-sustaining, it must offer
business viability for all stakeholders in the 3-tier model of Figure 2.
At Tier-3, mobile devices are typically purchased by end users for
their own use. The purchase price of a new device can include a
premium for the new ASIC(s) needed to support application A. This
premium will reflect the marginal cost of the ASIC(s) in the device,
plus the amortization of a large fixed cost across millions of devices.
That fixed cost includes the high NRE cost of ASIC development
(Figure 3), as well as the multi-year application-specific research
and development cost leading to that ASIC design (i.e., the cost
of the entire green timeline in Figure 6). This approach is well
established as a successful business model at Tier-3.
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Paying for Tier-2 services (for points Bi on the blue timeline) is
more challenging, especially in a fragmented ecosystem. Most end
users are unaware of edge offload, so direct billing is unlikely to be
successful. Pricing this cost into A may more successful, but it is
difficult to align incentives for optimal low-latency offload between
application creator and Tier-2 service provider. Operating Tier-2 at
low utilization is conducive to low end-to-end latency, but increases
the capital investment necessary. Aligning these incentives is easier
in a monolithic ecosystem that is dominated by a single entity.
At the heart of these business challenges is the transparency
of offloading. This is the secret to its technical success, but it also
hides value from end users. In addition, operational costs tend to
be higher at Tier-2 than at Tier-1. This reflects lower economies of
scale in system management, arising from the dispersed nature of
Tier-2 relative to an exascale cloud data center. These are some of
the complications faced by the approach we advocate in this paper.

7

Closing Thoughts

One of the strongest forces in mobile computing today is the hunger
for parallelism. Modern ASICs and programmable accelerators
achieve one to two orders of magnitude higher degrees of parallelism than general purpose CPUs (103 to 104 GPU cores versus 102 CPU cores). Yet, both at Tier-2 and Tier-3, the versatility
and open-endedness of CPU cores are also valuable. This tradeoff
between scale and versatility in parallelism reflects the venerable simd/mimd taxonomy of Flynn [23]. Today, the architecture
community advocates exposing the inherent parallelism in an application through a higher-level, abstract representation, such as
dataflow, and then using compile-time or runtime mapping to diverse simd/mimd micro-architectures. One can view Figure 6 as
conveying a similar message of delayed binding:
Design your mobile application ignoring whether parallelism is achieved by
an ASIC on Tier-3, or via edge offload to Tier-2. Optimize later.

Viewed as autonomous mobile computing systems with built-in
sensing, processing, and persistent storage, humans achieve amazing feats of cognition and perception without offloading. The ASICs
represented by our neural circuts are clearly the secret to this success. Their designs were honed over a billion years of evolution. Our
chances of improving upon nature in a decade, or even a century,
are negligible if we are bound by the same rules as biological evolution. Offloading is a way to “cheat.” It allows us to leverage compute
resources that are larger, heavier, more energy-hungry and more
heat-dissipative than could ever be carried or worn by a human
user. At least for the next decade, and likely well beyond that, we
see edge offload as the enabler of new transformative applications
on wearable devices. It is the key to accelerating by many orders
of magnitude the discovery of ASIC designs that will become the
building blocks of future cyber-human systems.
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