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Abstract—Despite best efforts, integrated systems are “born”
(manufactured) with a unique ‘personality’ that stems from our
inability to precisely fabricate their underlying circuits, and
create software a priori for controlling the resulting uncertainty.
It is possible to use sophisticated test methods to identify the bestperforming systems but this would result in unacceptable yields
and correspondingly high costs. The system personality is further
shaped by its environment (e.g., temperature, noise and supply
voltage) and usage (i.e., the frequency and type of applications
executed), and since both can fluctuate over time, so can the
system’s personality. Systems also “grow old” and degrade due
to various wear-out mechanisms (e.g., negative-bias temperature
instability), and unexpectedly due to various early-life failure
sources. These “nature and nurture” influences make it
extremely difficult to design a system that will operate optimally
for all possible personalities. To address this challenge, we
propose to develop statistical learning in-chip (SLIC). SLIC is a
holistic approach to integrated system design based on
continuously learning key personality traits on-line, for selfevolving a system to a state that optimizes performance
hierarchically across the circuit, platform, and application levels.
SLIC will not only optimize integrated-system performance but
also reduce costs through yield enhancement since systems that
would have before been deemed to have weak personalities
(unreliable, faulty, etc.) can now be recovered through the use of
SLIC.
Keywords— Integrated system design; low-power design;
statistical and machine learning

I.

INTRODUCTION

The most challenging problems in science and engineering
are so incredibly complex that many have turned to statistical
learning (SL) to derive accurate models from various forms of
empirical data. Major advances in SL have resulted in
algorithms that can now cope with significant amounts of
high-dimensional data, and most importantly, are sufficiently
robust to rely upon in critical applications. A popular use of
SL is in two-step process optimization. The first step learns a
model that approximates the relationship between system
parameters and the resulting system performance. This model
is constructed on-line from data collected during system
operation. The second step uses active learning where the
learned performance model is analyzed to determine which
parameter settings to try next. Active learning trades off the
need to experiment untested areas of the parameter space in
order to gain more information for learning, against the
objective of selecting parameters that are likely to yield
optimal performance. Often the “learner” must accomplish

this in the face of non-stationarity.
The design, manufacture and operational characteristics
(e.g., yield, performance, reliability, power, security, etc.) of
modern integrated systems also exhibit extreme levels of
complexity that similarly cannot be easily modeled or
predicted from first principles. In this nanoscale era,
manufacturers find it increasingly difficult to control
fabrication, thus making every aspect of design (circuits, logic,
memory, communication networks, cores/uncores, etc.) a
grand challenge. Moreover, the operating environment of a
system which is characterized by temperature, supply voltage,
the amount of noise, etc. also adds a level uncertainty that is
extremely difficult to deal with optimally at the time of design.
Finally, the fact that the use of an integrated system may vary
widely from user to user adds yet another major source of
uncertainty. These sources all combine together in the worst
possible ways to establish an overall level of uncertainty that
leads to systems that exhibit non-optimal performance, or
require excessive resources to design and fabricate. For
example, modern portable, multimedia devices such as a tablet
computer require millions of engineering hours to integrate
several SoCs (systems on chip) including multiple radios,
DSPs, μPs, application-specific processors, display drivers,
and solid-state memories, altogether which execute a variety
of applications. The uncertainty exhibited by the integration
and use of various heterogeneous sub-systems within diverse
environments can be better optimized by learning and then
adapting.
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STATISTICAL LEARNING IN CHIP

We propose to develop new SL algorithms that enable an
integrated system to learn and adapt operation across the
system stack (i.e., the circuit, platform, and application levels)
[1]. Conventional approaches to SL assume learning takes
place on server farms characterized by virtually unlimited
compute and storage resources. Integrated systems, on the
other hand, have stringent constraints on power and security,
and thus require a more compressed learning cycle which
means a complete re-thinking of SL is necessary for it to be
effective within an integrated-system environment.
While there is a great deal of active research that
individually addresses each source of uncertainty within an
integrated system, we instead want to tackle them all
simultaneously using a universal solution that we call a selfevolving system. A self-evolving system has the ability to
adapt and evolve to changes and unknowns encountered both
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both reliability and availabillity. At the application level,
actuators may naturally exist already
a
such as the sensitivity of
a robotic prosthetic controlled by a BCI. In other applications,
actuators may not be inherentlly present, but can always take
the form of real-time optimizerrs that improve application-level
performance using various statiistical-learning techniques.
There have been many publications
p
focused on using
hardware to speedup variouss learning approaches (neural
networks, decision trees, etc.) [5]
[ [6] [7] [8] [9] [10]. It cannot
be overly emphasized howeveer, that SLIC does not fall into
that category. Our objectivve instead is to integrate a
comprehensive learning capabbility that applies to all levels
(circuit, platform and applicatioon) within an integrated system.
III.

LEARNIN
NG BACKGROUND

SLIC will have the flexibilityy to implement several specific
learning algorithms but all willl implement the forward model
illustrated in Figure 2.
Figure 1: A self-evolving system
m.

at the time of manufacturing and over thhe lifetime of the
system. Figure 1 shows a hierarchical view of a self-evolving
system that consists of a bottom layer of cirrcuits that together
form a variety of cores at the middle (platfform) layer, which
are used by various tasks at the top layer to execute one or
more applications. Sensors at the circuiit, platform, and
application levels collect various forms of daata so that the state
of the system, from various perspectives, cann be learned. This
global view is used to evolve the system intto a new state (via
the various actuators shown) for improving a wide-variety of
system attributes (performance, power, reliabbility, etc.). At the
circuit level, temperature, voltage, and frequency are likely
quantities to be sensed. For a platform of heeterogeneous cores
(e.g., computation, memory, etc.), this sam
me data would be
useful but in addition, various real-time meassures of workload,
queue occupancy, communication among different
d
modules,
etc. would be collected as well. Finally, for
f an application
viewed as a plethora of interacting tasks, sensors
s
of various
sorts are likely to already exist for enablinng the application.
For instance, the brain-computer interface (BCI) application
discussed later has a sensor array for measurring neural signals.
All of this sensed data is provided to thee SLIC (statistical
learning in chip) cores for learning how
w to improve the
behavior of the entire system which is achieeved by providing
new parameter values to the level-specific actuators
a
shown in
Figure 1. SLIC cores (SCs) perform the learning and are
employed at the circuit, platform and appliication levels, and
across levels. SCs are implemented in custom
c
hardware,
software, or even “in the cloud” depending on the amount of
data and the time allotted for active learninng. Actuators take
on various forms, but in general they are “control knobs” that
allow one or more operational parameters to be fine-tuned. For
instance, at the circuit level, these are coontrols for supply
voltage, clock frequency and body bias. At the
t platform level,
actuators can take the form of decisions on what memory
accesses to grant [2] [3], what communnication policy to
invoke [4], and what resources to utilize or
o avoid to ensure
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Figure 2: Statistical learning and
a optimization framework.

The conventional forward model accepts training data in
the form of previous parameeter settings and the resulting
performances. It builds a model that predicts what
performance will be achievved by a hypothetical, new
parameter selection. A key eleement of these predictions is that
they come with uncertainty estimates derived from the
variance in the training dataa and the amount of relevant
training data for each predictionn. A trivial example of learning
is a simple linear regression. In this case, learning is simply
the process of fitting the reegression parameters, and the
“training data” is just the data
d
used to perform the fit.
“Testing data” refers to any daata used later to query the fitted
model for checking how well its predictions perform relative
to the true values in the data. As described next, we propose
more sophisticated methods thaat can fit non-linear and discrete
models, but the basic concepts are the same.
The parameter-selection meethod uses the forward model to
select parameters for the next
n
learning cycle. Selection
typically involves addressinng an exploration/exploitation
problem where a tradeoff has
h
to be made by selecting
parameters that are expected too perform well versus those that
have uncertainty, and thus could
c
provide useful data for
improving the forward model. The selected parameters are
then applied in the target systeem and new data is collected on
the resulting performance thatt is used to update the forward
model (i.e., included in the traaining data for the model). The
algorithms developed for SLIC depend on features of the
target application. Here we outline some scenarios. The
ween scenarios is whether the
highest-level distinction betw
parameters represent a continnuous-valued space of possible
policies, or if they are a discrette set of alternative policies.
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Discrete Policy Choices. Figure 3 shows thee performance of a
hypothetical forward model where there arre four alternative
policies the system can choose. This model does
d
not attempt to
generalize what it learns between policies. The mean and
o each policy are
confidence intervals for the performance of
simply tabulated based on the data colllected when the
corresponding policy is employed. In this form,
f
the problem
is a classic multi-armed bandit [11]. Each altternative is treated
independently, and we want to learn the perrformance of each
while concentrating most of the trials on the best performers.
For instance, when dealing with memoryy accesses, policy
choices include first-come first-serve (FCFS
S), round-robin, or
row-buffer hit-first strategies to optimize thhe overall system
performance. There are two common methods for parameter
selection. The first is the UCB1 (Upper Coonfidence Bounds)
algorithm [12]. It provides regret bounds foor arbitrary reward
distributions and can be computed quickly based on the means
and numbers of samples from each policyy. The second is
Gittins indices [13]. These have the beenefit of yielding
optimal (in expectation) choices for the tim
me-discounted case
when the distributional assumptions on reeward are correct.
These two algorithms are ideal for SLIC
C since they both
require little overhead for implementation.

Figure 3: A forward model for four
alternative policies.

they provide the ability to moddel nonlinear functions and also
yield confidence intervals (not shown in the figure) on their
estimates. For example, we could use these and similar
approaches to tune the transisttor back-bias voltage to balance
performance and leakage of ann arithmetic-logic unit (ALU) or
SRAM (static random access memory). Or in a system that
implements dynamic voltage frequency scaling (DVFS), we
can use this approach to ideentify the optimal voltage and
frequency combination for a time segment of the specific
F
a BCI application, these
application workload [15]. For
techniques can be used to deal with neuroplasticity.
It has been shown that goodd empirical performance can be
achieved by modifying bandiit selection algorithms for the
continuous case even when the
t theoretical assumptions are
violated [16]. With that in mind, the UCB1 and Gittins
m the discrete alternatives case
methods can be extended from
for use with continuous param
meters. One approach simply
evaluates a point in the conntinuous space as if it were a
discrete alternative by retrieving its mean, variance, and
effective number of supportingg data points from the function
approximator. Then a set of caandidate points are evaluated as
discrete alternatives. Generalization happens through the
n explicitly considered during
function approximator, but is not
selection. In higher-dimensionnal parameter spaces, it may be
difficult to explicitly build or search the forward model
described here. This is espeecially true in non-stationarity
systems where the performaance data becomes stale long
before sufficient data has beenn collected to build a reasonable
model. For these scenarios, a “model free” approach can be
implemented based on graddient ascent [17]. The only
information stored by the forwaard model will be an estimate of
the gradient derived from the most recent data points. The
policy selection method will simply choose gradient steps.
This method however is subjject to being trapped in local
minima, but is simpler and fastter than the methods based on a
full forward model.
T examples presented so far
Reinforcement Learning. The
have assumed that the creditt assignment between a newly
chosen set of parameters andd newly observed performance
data is immediate. When timee delays in the system mean that
performance is the cumulatiive result of earlier choices,
reinforcement learning will bee used to deal with the creditassignment problem. The forw
ward modeling described above
may be used to learn value functions and the parameterselection algorithms may be addapted for Q-learning [18].

Figure 4: A hypothetical forward model with
h two
continuous parameters.

Continuous Parameters. Figure 4 is a second hypothetical
forward model where there are two parameeters that control a
policy. The circles represent data points colllected by choosing
specific parameter settings and observinng the resulting
performance. The surface is a current estimaate of the function
that maps parameter values to performance. While there are
c
produce this
many possible function approximators that could
estimate, Gaussian processes are quite inteeresting [14] since

IV.

INITIAL DEMO
ONSTRATION PROJECTS

To demonstrate the viabilityy of SLIC, several short-term
projects have been initiated. One project focuses on SLIC
demonstration at the applicaation level involving a braincomputer interface implementaation. A second project takes on
the challenge of dealing with system aging using an efficient
h
process for test, diagnosis and healing.
Brain-Computer Interface. While statistical learning has
been extensively studied for more
m
than three decades, most
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learning algorithms were developed forr general-purpose
computing via a desktop or server. On-chipp learning poses a
number of unique opportunities and constraaints that were not
extensively studied in the past. For instancee, implementing a
learning algorithm with on-chip, fixedd-point arithmetic
reduces the circuit complexity (e.g., siliicon area, power
consumption, etc.); however, fixed-point arithmetic often
mputing accuracy,
limits the dynamic range and reduces com
compared to the double-precision floatingg-point arithmetic
that is often used by a desktop or server. Forr this reason, there
is an immediate need to revise today’s learnning algorithms to
fit the applications where on-chip implementtation is essential.
We re-design the learning algorithmss by taking into
account the circuit-related non-idealities. It is
i well-known that
many learning algorithms (e.g., support vecttor machine, linear
discriminant analysis, logistic regression, etcc.) are particularly
designed to accommodate input data with embedded larget inherent errorscale noise. Hence, we take advantage of the
pruning within these algorithms to robustly handle
h
the circuitinduced errors (e.g., truncation error, quantization
q
error,
overflow, etc.) associated with digital compuuting.
In particular, we will consider the brain computer
c
interface
(BCI) as an application example to demonstrate the proposed
algorithm design and circuit implementaation for on-chip
learning. The objective of BCI is to create alternative
communication pathways for human patientts to interact with
the environment via prosthetics and/or wheeelchairs when their
normal motor function is impaired by ampuutation, trauma or
disease. Towards this goal, neural signals from
f
the brain are
sensed and decoded to control a prostheticc limb, an electric
wheelchair, or other external devices. Figgure 5 shows the
major data collection and processing steps foor a BCI system.

Figure 5: Major data collection and processiing steps are
shown for a BCI system.

Aging and Wearout Mitigation. Today's underlying
technology for integrated systems are susceeptible to wearout
and aging. While this is not a new phenomennon, the impact of
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NBTI (negative bias tempeerature instability) and PBTI
(positive bias temperature insttability) on transistor threshold
voltage is now significant in terms of the amount of circuit
slowdown that can be experrienced. Additional sources of
circuit-timing failure include hot
h carrier injection (HCI) and
time-dependent dielectric breakkdown (TDDB). The traditional
approach for coping with wearrout would be to over design the
integrated system so that any slowdown
s
experienced over the
lifetime of the system would not cause failure. Over-design
typically takes the form of eiither slowing down the system
clock, or sizing-up transistors in critical circuit paths so that no
system, regardless of its usagge pattern and manufacturinginduced variations (i.e., its peersonality), is susceptible to the
worse-possible case of slowddown. As a result, the system
suffers from performance loss and consumes excessive power.
Such an approach, while toleerable in the past, is no longer
acceptable because of the grrowing impact of wearout and
aging effects.
Another approach for copinng with wearout and aging is to
aggressively design the system
m so that it operates optimally,
but also include internal capabbility for the system to monitor
and mitigate wearout/aging. Specifically, we plan to develop
and evaluate a SLIC-based tesst and diagnostics methodology
for ensuring that aging and wearout
w
is minimized over the
lifetime of the system. In this approach, the system is
periodically tested using an approach such as the CASP
methodology [19]. Any detecteed slowdown is then pinpointed
to a certain system sub-circuuit using the on-chip diagnosis
methodology developed at Carnegie Mellon [20]. The
diagnosis information is then passed to the scheduler so that
dynamic task mapping can be invoked so that the affected
circuit can be “healed”, that is, the aging/wearout process can
be significantly reversed by cutting power to the affected
circuit and/or scheduling taskks that balances the switching
activity experienced by the affeected sub-circuit.
Diagnosis is not perfect however since there is often
ambiguity in identifying thhe failing correct sub-circuit.
Despite the use of powerrful heuristics for improving
diagnostic resolution, there is significant likelihood that the
wrong sub-circuit is healed. Suuch a situation is easily brought
to light by re-testing the affeccted circuit to determine if the
circuit failure has indeed been healed.
h
Each test-diagnosis-heal cyycle yields a data instance of
supervised-learning that can be used by a SLIC core to
continuously learn a prediiction model for improving
diagnosis. We have modified the k-nearest neighbor (kNN)
algorithm for efficient, on-chipp implementation that is capable
of incrementally learning a diagnostic
d
resolution-improving
prediction model using the laabeled data resulting from the
periodic test-diagnosis-heal cyycles used to monitor and detect
wearout and aging. (Figure 6 shows a block diagram of the
hardware implementation.) Thhe expectation is that diagnostic
resolution will be significantlyy improved which means system
operation across the hierarchy is
i improved.
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Figure 6: Cusstom hardware for adaptive learning based on k nearest neighb
bors.

V.

SUMMARY

Statistical learning in chip (SLIC) applied to the design and
on-line operation of an integrated system hass great potential to
have significant impact on a number of areass:
• Design – It is challenging to design an integrated system
c be seamlessly
so that all of its possible personalities can
handled. With SLIC, the burden on thee designer is eased
since the ever-changing personality of the system can
instead be learned and adapted to.
• Yield – Currently, an integrated system that does not meet
specifications is discarded. With SLIC, it will be possible
to increase yield since some flawss in the system
personality will be compensated based on
o learning.
• Test –With SLIC, stress testing can be
b mitigated since
changes in operation due to a subtle flaaw can be detected
and compensated for by learningg a model of
normal/expected operation.
t
performance
• Performance – SLIC allows the
optimization across the system stack, alllowing the unique
system personality to be exploited forr maximum gain.
This capability is not only critical for mobile integrated
systems but will also be quite beneficiaal for server farms
since power for such entities is also paraamount.
• Individualization – Since SLIC learnss the habits of the
user, applications that were before learrning-agnostic can
now be fine-tuned to enhance the overall experience of
every individual user. For learning-inheerent applications,
especially from the medical field, SLIC promises to usher
in a new field of personalized medical innstrumentation.
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