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ENERGY-EFFICIENT, MODULARIZED
UNCERTAINTY QUANTIFICATION AND
OUTCOME PREDICTION IN MOBILE
DEVICES

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This patent document claims benefit of priority of
U.S. Provisional Patent Application No. 62/268,427 entitled
“ENERGY-EFFICIENT, MODULARIZED UNCER-
TAINTY QUANTIFICATION AND OUTCOME PREDIC-
TION IN MOBILE DEVICES,” filed on Dec. 16, 2015. The
entire content of the aforementioned patent application is
incorporated by reference as part of the disclosure of this
patent document.

TECHNICAL FIELD
[0002] This patent document relates to uncertainty quan-
tification.
BACKGROUND
[0003] Currently, many mobile systems that acquire data

from sensors rely upon transmission (e.g., wirelessly) of
acquired data to external devices with high computational
capabilities that perform uncertainty quantification and deci-
sion-making. For example, many mobile devices simply
acquire data, digitize the data, and wirelessly transmit the
data to a cloud server. However, wireless transmission of
data is one of the most energy consuming tasks in these
mobile devices. Moreover, in many mobile devices, the
output of any uncertainty quantification and/or decision-
making is given back to the human user or the actuator at the
mobile device. Also, latency incurred in wireless transmis-
sion can be problematic for time-critical applications where
the timeliness of a decision based upon the quantified
uncertainty is crucial.

[0004] However, computing a posterior distribution is not
always obtainable. Methods such as Markov Chain Monte
Carlo and Variational Bayes have been used to approximate
posterior distributions and provide uncertainty quantifica-
tion of the decisions performed with the data but these
methods may not be scalable or readily amenable to use in
mobile applications.

SUMMARY

[0005] The exemplary embodiments overcome the draw-
backs of previous technologies by providing a method to
compute a statistically complete representation of the uncer-
tainty in desired unobserved parameters (e.g., the posterior
distribution) locally and in an energy-efficient manner. The
exemplary embodiments send only (if any) the most perti-
nent information to, for example, a human, an actuator, or a
cloud server. Within a Bayesian context, the complete rep-
resentation of the statistical uncertainty in the unobserved
parameters can be utilized to attain an optimal decision (e.g.
one that minimizes an expected cost). In some contexts, the
representation of the uncertainty can be transmitted and an
optimal decision can be computed remotely. In other con-
texts, aspects of the uncertainty can be provided to a human
being so that they make a decision. In yet other contexts, the
method for performing optimal decision making can also be
implemented on the mobile device, and thus a closed loop
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system of measurement, inference, and decision making can
be implemented with minimal (if any) need of transferring
data for remote calculations.

[0006] In an exemplary embodiment, a mobile device is
disclosed for determining uncertainty quantification of bio-
metric data, the mobile device comprising: one or more
sensors capable of collecting biometric data, a processing
unit electrically coupled to the one or more sensors and
capable of executing an uncertainty quantification algorithm
on the biometric data collected by the one or more sensors,
a wireless transceiver electrically coupled to the processing
unit, and a display operatively connected to the processing
unit.

[0007] In an exemplary embodiment, the uncertainty
quantification algorithm is capable of finding a posterior
distribution.

[0008] In an exemplary embodiment, the wireless trans-
ceiver is capable of wirelessly sending a representation of
the posterior distribution to a cloud server.

[0009] In an exemplary embodiment, an actuator can be
capable of one or more of receiving a representation of the
posterior distribution, performing an action, or outputting a
signal received by the mobile device. In an exemplary
embodiment, the actuator capable of performing the action
can include calculating an optimal action based upon the
posterior distribution.

[0010] Inan exemplary embodiment, the actuator includes
any one or more of a speaker, an visual display, a drug
delivery mechanism, and an electrical stimulator.

[0011] In an exemplary embodiment, the display is
enabled to represent the posterior distribution for interpre-
tation.

[0012] In an exemplary embodiment, the uncertainty
quantification algorithm includes a Bayesian inference algo-
rithm.

[0013] In an exemplary embodiment, the one or more
sensors comprise electrocardiograph (EKG) monitors.

[0014] In an exemplary embodiment, the one or more
sensors comprise adhesive-integrated flexible electronics for
recording physiologic signals.

[0015] In an exemplary embodiment, the one or more
sensors comprise electroencephalograph (EEG) epidermal
electronics.

[0016] In an exemplary embodiment, the one or more
sensors are enabled to measure one or more of maternal
temperature, fetal heart rate, fetal movement, or uterine
contractions.

[0017] In an exemplary embodiment, the uncertainty
quantification algorithm is capable of determining a quan-
tification of uncertainty.

[0018] In an exemplary embodiment, one or more of the
display or the sensors are enabled to display an alert based
on the quantification of uncertainty. For example, one or
more of the display or the sensors are enabled to display an
alert based upon decision-making method that takes as input
the quantification of uncertainty

[0019] In an exemplary embodiment, the one or more of
the display or the sensors is enabled to display a green light
when the quantification of uncertainty is within a range. For
example, the green light can be displayed when a function
of the quantified uncertainty is within a range.
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[0020] In an exemplary embodiment, the one or more of
the display or the sensors is enabled to display a yellow light
when a function of the quantified uncertainty is close to a
threshold of a range.

[0021] In an exemplary embodiment, the one or more of
the display or the sensors is enabled to display a red light
when a function of the quantification of uncertainty is
outside a range. For example, the red light can be displayed
when a function of the quantified uncertainty is outside a
range.

[0022] In an exemplary embodiment, the processing unit
is enabled to receive and process one or more of tolerance
settings or a range of a quantification of uncertainty from a
remote device.

[0023] In an exemplary embodiment, the processing unit
includes a plurality of modules wherein a first set of one or
more modules are enabled to in parallel implement point
estimation, and a second set of one or more modules are
operatively connected to an output of the first set of one or
more modules, wherein the second set of one or more
modules are enabled to aggregate results of the first set of
one of more modules and provide the aggregated results to
the first set of one or more modules. In an exemplary
embodiment, the point estimation comprises solving
LASSO problems.

[0024] In an exemplary embodiment, the plurality of mod-
ules includes one or more analog solvers.

[0025] In an exemplary embodiment, the processing unit
includes a graphic processing unit.

[0026] In an exemplary embodiment, the processing unit
includes a processor.

[0027] In an exemplary embodiment, the processing unit
is enabled to execute one or more of voice commands or
voice recognition.

[0028] In an exemplary embodiment, the biometric data
includes physiologic time series data.

[0029] In an exemplary embodiment, a method for deter-
mining uncertainty quantification of biometric data imple-
mented by the exemplary mobile device.

[0030] In an exemplary embodiment, a computer-readable
program storage medium having code stored thereupon, the
code, when executed by a processor, causing the processor
to implement the method recited for the exemplary mobile
device.

[0031] In an exemplary embodiment, it is desirable to
reduce wireless transmission of data while conserving a
robust manner of representing the data at least because the
performance of the mobile device is constrained by its
battery energy.

[0032] In another exemplary embodiment, a huge savings
in terms of latency, energy, privacy, and security is advanced
if there is an opportunity to bypass the need to wirelessly
transmit to an external device, process data, and then have
the results transmitted from the external device back to the
mobile device.

[0033] Disclosed are energy-efficient, modularized sys-
tems and methods for local uncertainty quantification and
outcome prediction in mobile devices.

[0034] In an exemplary embodiment, the disclosed tech-
nology for local uncertainty quantification and outcome
prediction can be implemented in a system with one or more
sensors with energy limitations and wireless connectivity to
a mobile device, the cloud, or both.
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[0035] 1In another exemplary embodiment, the disclosed
technology for local uncertainty quantification and outcome
prediction can be implemented in a mobile device with (less
stringent as compared to the system with one or more
sensors) energy limitations and wireless connectivity to the
cloud.

[0036] In yet another exemplary embodiment, the dis-
closed technology for local uncertainty quantification and
outcome prediction can be implemented in the cloud with
virtually unlimited processing capability.

[0037] In general, a system with one or more sensors and
mobile devices tend to perform limited processing. The
disclosed technology enables in such sensors and mobile
devices more sophisticated data interpretation methods that
quantify uncertainty and either directly alert the user at the
sensors, with wireless transmission to the mobile devices, or
wireless transmission to the cloud only when the uncertainty
is such that a human needs to help with interpretation of the
situation or it has been determined there is an emergency. In
an exemplary embodiment, mobile devices and sensors can
analyze data in a local manner and perform uncertainty
quantification on the estimable parameters of interest. This
in turn can enable the device to give feedback to a human
user at specific times about the interpretability of the param-
eters. For example, the device can give feedback to a human
user about physiologic time series data (e.g. heart rate,
temperature, brain rhythms, pregnancy monitoring, etc.)
collected with wearable sensors. In addition, the disclosed
system enables for alerting a user or a physician whenever
there is an emergency as determined by the analysis of the
data.

[0038] The disclosed technology can be used to quantify
uncertainty at mobile devices without wireless transmission
to the cloud only when the uncertainty is such that a human
needs to help with interpretation of the situation or it has
been determined there is an emergency.

[0039] The disclosed technology can allow sensors and
mobile devices to perform processing of a large class of
uncertainty quantification and approaches that deal with
physiologic time series data (e.g. heart rate, temperature,
brain rhythms, pregnancy monitoring, etc.) that can be
measured with small wearable sensors, which are not typi-
cally processed by the device.

[0040] In an exemplary embodiment, the disclosed system
can include an actuator that is activated by the device when
an event occurs. For example, an insulin administration can
be given to a diabetic patient whenever the device detects
that glucoses levels have exceeded a predefined threshold. In
general, a device can perform optimal decision making as it
achieves an accurate representation of the data by comput-
ing, for example, a posterior distribution.

[0041] In an exemplary embodiment, the disclosed tech-
nology can be implemented using architectures based on
digital or analog circuits. These architectures perform math-
ematically precise computation of desired uncertainty
parameters, and in a manner that is computationally effi-
cient. Specifically, the exemplary embodiment comprises
many parallel sub-systems that implement methods for point
estimation, and then aggregate. Each individual sub-system
in parallel can for example comprise one of many existing
energy-efficient and low-latency methods for point estima-
tion. The disclosed technology utilizes any such existing
method for point estimation, integrates many such methods
on parallel systems that pass messages iteratively with
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efficient linear algebra aggregation steps so that after mul-
tiple iterations, a precise quantification of uncertainty (e.g.
posterior distribution) is represented as a set of coeflicients
of polynomials. These coeflicients can then be used to draw
statistically independent samples from a posterior distribu-
tion. In the exemplary embodiment, the independent
samples from the posterior can be combined with a cost
function to identify a decision that minimizes expected cost.
In other settings, a point estimate can be appended with
“error bars” or its “uncertainty profile”. When this uncer-
tainty profile is within a specified range, this can be deemed
“normal” and a “green light” is provided on the sensor to the
user. However, if the point estimate along with it “uncer-
tainty profile” lie outside a pre-specified range, then this is
deemed abnormal and an feedback indication, such as a “red
light” is provided to the user. Similarly, there can be an
intermediate other indicators, such as a “yellow light”. In
yellow and red scenarios, the sensor then and only then can
transmit wirelessly to a smart phone or to the cloud. Because
this happens much less often, much more energy savings can
be achieved.

[0042] Moreover, the aforementioned exemplar embodi-
ment allows for a red light to be immediately given to a
human user so that they may take appropriate action. This
can provide great utility, for example if someone wearing an
EKG monitors is at risk of a heart malfunction; the red light
indication can alert the user in real to get medical attention.
The same analogy holds for pregnancy monitoring; a preg-
nant woman with a high risk pregnancy can wear a mobile
sensor that notifies here when the fetal heart rates and uterine
contractions give rise to an emergency where an obstetrician
should be contacted. In this setting, the full uncertainty
quantification can identify more information about the status
of the pregnancy beyond simply a point estimate: a function
of uncertainty and its relationship to a threshold can help
determine of contacting an obstetrician is necessary. More-
over, the decision to alert a pregnant woman or not, when
implemented with a Bayes optimal decision making strategy
that averages across samples taken from the posterior dis-
tribution, will result in lower false positive rates for the same
level of false negatives. If the same level of false positive
and false negative rates were desired with current existing
approaches, the streaming of all the data to a non-worn
mobile device would result in a huge battery requirement—
thus questioning notion of a “wearable” because of its
requirement for a large battry. The disclosed technology
providing an extensible framework to quantify uncertainty
and affort optimal decision making, without the need for
persistent transmission to a non-worn mobile device, thus
resulting in less energy requirements, smaller batteries, and
smaller architectures that are more likely to be adopted as
truly “wearable.”

[0043] The disclosed technology can apply to a large class
of physiologic processes—not specifically one. The algo-
rithm and the underlying sub-algorithm of each parallel unit
can be configured in a context-specific manner to perform
appropriate estimation and uncertainty quantification.

[0044] In addition, the exemplary technique according to
the disclosed technology can enable a remote device (e.g.
from a physician’s console, or from the internet or from
another mobile device) to adjust parameters pertaining to
computation of the optimal decision making method. For
example a remote device can reconfiguring the thresholds
for when functions of the uncertainty render one decision or
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another (e.g. red, green, yellow). The disclosed technology
can enable bi-directional communication between the sen-
sors, mobiles devices, and the cloud to allow such recon-
figuration.

[0045] In another aspect, the disclosed technology can be
used for auditory processing applications. For example,
many current voice recognition and command systems with
intelligent systems on mobile phones or tablets acquire data
voice data from the user, then send it to the cloud for
interpretation the data, and then send it back to the mobile
device. This latency can adversely affect the human expe-
rience. The disclosed technology can allow for optimal
Bayesian classification by first computing the uncertainty in
latent parameters, and then drawing independent samples
from their posterior distribution to minimize an expected
loss function pertaining to optimal classification. Using the
disclosed methods, the voice recognition and command
system in the mobile phone/tablet will no longer be
adversely affected by the need to transfer data back and forth
from the cloud, and thus lead to improved user experience,
while still affording optimal Bayesian classification perfor-
mance. In the event of a medical context, this saving in
latency can be the difference between life and death.
[0046] The disclosed technology can be implemented to
provide a method of coalescing N chips, cores, or modules
that perform “simple,” “dumb” estimation. By carefully
interconnecting and passing messages back and forth
between the N chips, cores, or modules, the disclosed
technology can achieve a sophisticated, “smart” estimation
aggregate system. The disclosed technology can not only
estimate an underlying signal from a sensor’s noisy mea-
surements, but it also can quantify its uncertainty.

[0047] The disclosed technology can allow the aggregate
size and energy expenditure of the aggregate system to be
small and energy eflicient. For example, the disclosed tech-
nology can be implemented on analog integrated circuit
architectures that are extremely small spatially as well as in
terms of energy expenditure.

[0048] The disclosed technology can enable embedding
these small architectures unobtrusive wearable devices with
low energy expenditure.

[0049] The disclosed technology can enable a framework
of interpretation of data, with uncertainty profiles, and
stratification in terms of alerts, such as red, yellow, and
green lights.

[0050] The disclosed technology can enable a framework
of an adaptive way to intermittently, only when statistically
necessary, move data back and forth for more high-power
computational, human interpretation, or both.

[0051] The disclosed technology enables a framework for
a human or cloud to adjust the tolerance settings remotely,
based upon data that has been collected so far.

[0052] Exemplary systems implementing the disclosed
technology can be applied to a large class of uncertainty
quantification and approaches that deal with physiologic
time series data (e.g. heart rate, temperature, brain rhythms,
pregnancy monitoring, etc.). For example, the disclosed
technology can be applied to multiple EEG physiologic
signals (sleep and attention features).

BRIEF DESCRIPTION OF THE DRAWINGS

[0053] FIG. 1A shows a conventional wireless transmis-
sion schemes where signals are acquired and wirelessly
transmitted.
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[0054] FIG. 1B shows an exemplary analog-to-informa-
tion scheme where inference is performed locally and only
the posterior distribution is transmitted.

[0055] FIG. 1C shows an exemplary schematic of pro-
posed system and method for uncertainty quantification
prediction, uncertainty outcome prediction, or both.

[0056] FIG. 2 shows an exemplary schematic of a proces-
sor in a mobile device.

[0057] FIG. 3 shows calculating the posterior distribution
with a plurality of analog solvers.

[0058] FIG. 4 shows an exemplary sensor and an exem-
plary detection of alpha waves.

[0059] FIG. 5A shows exemplary posterior samples over
three of seven frequency bands generated from EEG win-
dows during REM and light sleep.

[0060] FIG. 5B shows an exemplary histogram of losses
of Bayesian LASSO (Least Absolute Shrinkage and Selec-
tion Operator) vs. LASSO decisions.

[0061] FIG. 6 illustrates a comparison of linear regression
estimates on diabetes data LASSO, MCMC, and the exem-
plary method trace plots for estimates of the diabetes data
regression parameters.

[0062] FIG. 7 illustrates an exemplary block diagram of
the various components of exemplary device.

[0063] FIG. 8 illustrates an exemplary flow diagram of the
exemplary device.

DETAILED DESCRIPTION

[0064] 1. Introduction

[0065] As high-dimensional and complex datasets become
the norm, uncertainty quantification is crucial to decision-
making applications. It is imperative to “have error bars in
all our predictions,” as statistician Michael Jordan has
expressed. From a Bayesian point of view, an accurate way
to represent uncertainty and minimize risk in decision-
making is via the posterior distribution. However, a way of
accurately calculating the posterior has been traditionally
unobtainable.

[0066] Bayesian inference can be cast as a problem of
finding a nonlinear map that transforms samples from the
prior to samples from the posterior. Under log-concavity
assumptions, a Kullback-Leibler (KL) divergence minimi-
zation framework results in a convex optimization problem.
The latter problem can be iteratively solved using a series of
quadratically-regularized convex point estimation problems.
[0067] The exemplary embodiments can be implemented
for applications in which a latent signal can be modeled as
sparse. This is a natural model for many applications in
statistics, signal processing, and compressed sensing. In
practicality, these applications solve a sparse approximation,
or LASSO, problem which reconstructs vectors in terms of
a basis to obtain a sparse representation of the input. Many
efficient algorithms for solving LASSO have been proposed
over the years. Moreover, recent work has introduced a class
of analog-implementable LASSO solvers that open the path
to energy-efficient computations in hardware. However,
LASSO solutions are point estimates and thus lack the
ability to quantify the uncertainty associated with their
approximations. Work in the past has introduced Bayesian
LASSO, a way to calculate the posterior which relied on
Markov Chain Monte Carlo methods, but these methods
remain non-scalable and thus limit their implementation in
many applications.
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[0068] Emerging applications such as wearable electron-
ics and the internet-of-things not only generate large and
high-dimensional data but necessitate wireless transmission
of these datasets. As an example, consider an ultrasound-
on-a-chip idea in which numerous sensors at the acquisition
end generate large and high-dimensional data. The standard
protocol is to digitize and wirelessly transmit sensor signals
to an external server for analysis and processing. Even under
substantial compression of data, this communication flow
leads to high energy costs and exposes devices to security
attacks. It is therefore desirable to bypass large-scale trans-
mission of data and transmit a concise and complete repre-
sentation of the data (such as the posterior) only at infre-
quent events.

[0069] This patent document discloses, among other fea-
tures, that:

[0070] 1) Bayesian LASSO can be solved by linear
algebra updates and a series of LASSO problems.
Further, a quadratically regularized point estimation
problem is equivalent to LASSO.

[0071] 2) The framework is instantiated with a low-
energy, analog-implementable solver with results
shown.

[0072] With this framework an ‘analog-to-information’
framework can be implemented in which the posterior is
calculated locally within a device and only a few variables
representing the posterior are wirelessly transmitted in the
event of abnormality, obviating the need to transmit large
data sets.

[0073] Emerging applications such as wearable electron-
ics and the internet-of-things necessitate energy-efficient
frameworks for processing large and high-dimensional data.
The standard protocol is to digitize and wirelessly transmit
sensor signals to an external server for analysis of these
datasets. Even under substantial compression of data, this
communication flow leads to high energy costs. It is there-
fore desirable to bypass large-scale transmission of data and
transmit a concise and complete representation of the data
only at infrequent events.

[0074] A framework is considered for a complete repre-
sentation for sparse representation of signals, a standard tool
in signal processing. The most widely used algorithm in
sparse approximation is the LASSO (Least Absolute Shrink-
age and Selection Operator) which simultaneously induces
shrinkage and sparsity in the estimation of regression coef-
ficients. The formulation of the standard LASSO is as
follows:

x* = argminly - @l + Allal, (1a)
xeR?

[0075] where y ER” is a vector of responses, ® is a nxd
matrix of standardized regressors, and x ER  is the vector
of regressor coeflicients to be estimated.

[0076] A variety of algorithms for solving the standard
LASSO problem are typically applied including iterative
soft-thresholding and its successors. It has been observed
that the LASSO can be interpreted as a Bayesian posterior
mode estimate with a particular prior. However, obtaining a
point estimate of a posterior distribution such as the mode
cannot provide information about the uncertainty of the
estimates. A fully Bayesian approach can not only provide
methods for finding point estimates but also leads to optimal
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decision making, risk minimization, and uncertainty quan-
tification of the lasso regression coeflicients via confidence
intervals. Transmitting the parameters that specify a poste-
rior distribution can lead to a concise and statistically
complete representation of the data therefore reducing trans-
mission overheads.

[0077] However, computing the Bayesian LASSO poste-
rior is not generally tractable.

[0078] Furthermore, this patent document addresses the
need for scalability and energy-efficiency by introducing a
parallelizable Bayesian Lasso that can be implemented in
energy-efficient architectures. Producing a posterior distri-
bution has been traditionally expensive both in a computa-
tional and energy sense. Markov Chain Monte Carlo meth-
ods are sequential in nature, thus often do not scale well with
dataset size or model complexity. In contrast, a scalable and
parallel framework for Bayesian inference can be utilized
using a measure transport methodology. In an exemplary
embodiment, these methods are adapted to the Bayesian
Lasso.

[0079] Finally, in an exemplary embodiment, Bayesian
Lasso can be implemented in computationally and energy-
efficient architectures. Graphics Processing Cards have been
recently used to alleviate the scalability issues in MCMC
algorithms and accelerate Gibbs sampling methods. How-
ever, widespread adoption of GPU accelerated sampling
remains a challenge, as these algorithms require high level
functions that are not provided by the current low-level
nature of GPU programming languages.

[0080] In the exemplary embodiments, the proposed
Bayesian Lasso can be implemented in a GPU and an
energy-efficient analog-solver.

[0081] FIGS. 1A and 1B shows applications where the
analytics are performed at the wearable end instead of in
external servers. FIG. 1A shows exemplary wireless trans-
mission schemes where signals are acquired and wirelessly
transmitted. FIG. 1B shows an exemplary analog-to-infor-
mation scheme where inference is performed locally and
only the posterior distribution is transmitted.

[0082] Examples of implementations of the disclosed
technology can provide for an energy-eflicient, modularized
system and method for local uncertainty quantification and
outcome prediction in mobile devices. For example, as
shown in FIG. 1C, an exemplary system (100) implementing
the disclosed technology includes a mobile device (102) that
can include at least one sensor (104) and a processor (106)
sitting within an energy-efficient architecture. The processor
can run an uncertainty quantification (e.g. Bayesian infer-
ence) algorithm on the data collected by the sensor and can
characterize the uncertainty (e.g. the full posterior distribu-
tion (108)) around latent variables of interest. The architec-
ture for this algorithm can be de-centralized, and can involve
simple energy-eflicient procedures that are implemented in
parallel and in an iterative fashion, so that it can allow for
an aggregately fast, precise, and energy-efficient hardware
embodiment of uncertainty quantification. Full quantifica-
tion of uncertainty in estimates enables more robust predic-
tions and decision-making. As shown in FIG. 1C, a statis-
tically complete representation of the data (e.g. a succinct
parameter that enables sampling from the posterior distri-
bution) can then be sent to a human (114), to an actuator
(112), or to a cloud server (116) for subsequent decision
making.
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[0083] FIG. 1C illustrates an exemplary schematic of
proposed system and method for uncertainty quantification/
outcome prediction. FIG. 1C illustrates a mobile device
(102) with a sensor (104) to collect data to compute a
posterior distribution using, for example, a processor (106)
in an energy efficient manner. Using the posterior distribu-
tion, the processor (106) can send a summarized report of
the state of the system to an actuator (112), to a human (114),
or to a cloud server (116) by using, for example, a wireless
transmitter (110). In the case of transmission to the actuator
(112), the actuator (112) can perform an action and its output
is sensed by the device in a feedback loop.

[0084] The exemplary method is modularized and is uni-
versally applicable to different types of sensing, different
statistical models, and is thus applicable to many different
contexts (eg. Speech, video, physiologic monitoring, etc.).
This modularization enables encompassing different statis-
tical models within a single energy-eflicient architecture.
[0085] The exemplary methods reduce the reliance of the
mobile device on wireless communication, which is very
energy costly, to allow for external systems to perform
uncertainty quantification. In an exemplary embodiment,
when a mobile system includes an exemplary embedded
architecture, an actuator (e.g., a speaker, an LED, a drug
delivery mechanism, an electrical stimulator, etc.), such an
exemplary system can allow for a closed-loop sensing,
interpretation, and actuation without the need for relaying
information wirelessly to an external device. Such an exem-
plary system can provide energy savings as well as security
advantages.

[0086] Computing the full posterior distribution enables
uncertainty quantification and robust outcome prediction.
However, obtaining the full posterior distribution in a
Bayesian sense is traditionally difficult, since leading algo-
rithms to compute the posterior are computationally ineffi-
cient and/or non-scalable. For example, classification algo-
rithms developed in hardware traditionally rely on
computing only the most likely explanation of the data and
do not quantify uncertainty because of the computational
costs to do so with existing architectures. Such algorithms
are more error-prone because estimates do not quantify
uncertainty for robust classification. Other hardware archi-
tectures wirelessly transmit acquired data to the cloud and
allow for sophisticated algorithms to be implemented there,
but such systems incur latency, privacy and energy short-
comings.

[0087] In an exemplary embodiment, a method is intro-
duced to compute the full posterior distribution in a paral-
lelizable manner that can be implemented in energy-efficient
architectures. This modularized method is precise, energy-
efficient, and obviates the need for wireless transmission.
Moreover, the exemplary modularized approach applies to
many statistical models and contexts, thus possessing the
ability to solve a variety of statistical models with a single
energy-efficient architecture. This differs from the leading
algorithm to compute the posterior: Markov Chain Monte
Carlo, as changing the statistical model changes the formu-
lation of the algorithm drastically.

[0088] This exemplary framework can reside within a
mobile device that collects data from a subject or from the
environment. The state of the subject or environment can be
inferred in a robust manner within the processor of the
device and only a representation of the posterior distribution
is transmitted when necessary.
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[0089] Furthermore, the exemplary embodiment can
include at least one sensor for collection of data of interest.
The sensor(s) communicates with a processor directly or via
a preprocessor. The processor can run an optimization
algorithm to calculate the posterior of the data from the
sensot.

[0090]

[0091] FIG. 2 illustrates an exemplary schematic of a
processor in a mobile device. As illustrated in an exemplary
embodiment of FIG. 2, the optimization to compute the
posterior is decomposed into modules that can run in par-
allel. The processor (204) is comprised of N modules. The
N-1 modules (208) can be identical, can have the exact same
function, and can run in parallel. The Nth module (210) is
context specific and aggregates the N-1 modules’ results.
This flow proceeds in an iterative fashion until the optimi-
Zzation solution converges.

[0092] FIG. 3 illustrates an exemplary embodiment for
calculating the posterior distribution with the exemplary
analog solvers. The exemplary processor (302) with N
components can have N-1 components (304) comprised of
equivalent circuit analog solvers. As illustrated in an exem-
plary embodiment of FIG. 3, the N-1 modules (304) can be
comprised of analog circuits (306) that work in parallel, lie
within a parallelized Graphics Processing Unit solution, or
make the use of another energy-efficient architecture. The
first N-1 modules can solve a single part of the optimization
and send their solutions to the Nth module (the aggregator
module) (308). This flow can continue in an iterative manner
until the Bayesian algorithm has converged. Then the pro-
cessor (302) can output a representation of the posterior
distribution to be sent to the actuator, a human, or to a cloud
server as shown in the exemplary embodiment of FIG. 1C.

[0093] III. Bayesian Lasso in a Distributed Architecture

[0094] The exemplary embodiments disclosed herein
include a distributed framework for finding the full posterior
distribution associated with LASSO (Least Absolute Shrink-
age and Selection Operator) problems. The exemplary
embodiments can leverage the results of formulating Bayes-
ian inference as a Kullback-Leibler (KL) divergence mini-
mization problem that can be solved with linear algebra
updates and a series of convex point estimation problems.
The exemplary embodiments show that drawing samples
from the Bayesian LASSO posterior can be done by itera-
tively solving LASSO problems in parallel. Motivated by
wearable applications where (a) the energy cost of continu-
ous wireless transmission is prohibitive and (b) cloud stor-
age of data induces privacy vulnerabilities, the exemplary
embodiments include a class of ‘analog-to-information’
architectures that only transmit the minimal relevant infor-
mation (e.g., the posterior) for optimal decision-making.
This result can be instantiated with an analog-implementable
solver and the posterior can be calculated with systems of
low-energy analog circuits in a distributed manner.

[0095] The Bayesian LASSO renders the posterior distri-
bution for the Lasso problem and is traditionally computed
via Gibbs sampling. However, Gibbs sampling methods
suffer from lack of scalability and samples from this meth-
odology are necessarily correlated. An exemplary measure
transport approach is provided to compute uncorrelated
samples from the Bayesian Lasso posterior that is distributed
and only requires a series of Lasso solvers and linear algebra
solvers. Inspired by applications in wearable electronics,

II. The Processing Unit
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This formulation is amenable to implementation in comput-
ing systems that leverage parallelization and architectures
that are energy-eflicient.

[0096]

[0097] The following generative model show how a latent
and sparse X ER“ relates to a measurement Y ER ™

IV. Lasso and Bayesian Lasso

Y=PX+E (1b)

and the measurement noise satisfies € ~A (0, o°I). Aniid.
Laplacian statistical model X is assumed; specifically, for
any X €ER%

d
plx) = ]_I ge’a"‘i‘, xeR?

i=1

Throughout this discussion, it is assumed that ® and o are
fixed and known. The negative log posterior density of X
given Y=y satisfies

~log plxly)x|ly-@al,* Al )

where A is a ratio between o and o°. As such, the standard
LASSO problem

x* = argminlly - @x||3 + ||, )
xele

is a maximum a posteriori estimation problem for the
Laplacian prior in (2).

[0098] Imposing a Laplacian prior is equivalent to
L,-regularization, which has desirable properties, including
robustness and logarithmic sample complexity. Various
algorithms for solving (4) are typically applied including
iterative soft-thresholding and its successors. These methods
are scalable, yet only provide point estimates. For optimal
Bayesian decision making, the full posterior distribution (or
a way to draw ii.d. samples from the posterior) is required.
A framework is considered to be able to generate samples
Zy, ..., 7y from the posterior distribution on X, given by
(3). With this information, for any set of possible decisions
D, and any loss function T: R“xD —R , the Bayes optimal
decision d* (y) can be performed by minimizing the (appro-
priate) conditional expectation, given by:

K )

. !
argmin E[I(X. d)|¥ = ] = argmin= > /(3. d)
d=D deD =l

Other approaches have been developed involving Markov
Chain Monte Carlo algorithms, however the samples 7, . .
., Zx are necessarily correlated. Here, a scalable way to
generate 7, . . ., 7 is presented so that they are 1.i.d. from
the posterior, are exact, and are built upon a convex opti-
mization formulation that can be solved in a distributed
manner.

[0099] The Bayesian inference is casted as a problem of
finding a diffeomorphism S: R “— R  that pushes the prior
in (2) to the posterior of the Bayesian Lasso.
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[0100] Definition II.1. Define the density of the prior as p
and the density of the posterior as q. A map S pushes p to q,
i.e. it transforms a sample W from p into a sample Z-S(W)
from q.

[0101] V. Distributed Bayesian Sparse Approximation
[0102] This section provides some background and solves
Bayesian LASSO by solving, in parallel, a batch of LASSO
problems, which themselves can be solved with existing
sparse approximation algorithms. This section also provides
background on measure transport theory and show that a
map S can be found that pushes samples from the prior to the
Bayesian Lasso posterior. The ADMM framework can be
utilized to develop a distributed Bayesian LASSO solver.
Furthermore, the Bayesian LASSO can be formulated as a
batch of LASSO problems, which themselves can be solved
with existing sparse approximation algorithms in a parallel
manner.

[0103] A. Convex Optimization and Fully Bayesian Infer-
ence
[0104] For the problems where the prior and likelihood are

log-concave, developing a map that transforms i.i.d. samples
from the prior into i.i.d. samples from the posterior can be
performed with convex optimization. Here, that background
information is provided.

[0105] The starting point is that all monotonic diffeomor-
phisms are considered as the set of maps with positive-
definite Jacobian:

MDi 25 RiSR g0l

If density of the prior is defined asp and the density of the
posterior is defined as q, then it is known that there always
exists an S€MD + that pushes p to g, e.g., it transforms a
sample W from p into a sample Z=S* (W) from q. Given an
arbitrary S€MP 4, the p, for which S pushes P to q is given
by the Jacobian equation:

Ds(u)=q(S(u)) det (Jg(u)) for all u eR« (6)
By defining
2(2)® - [log (312 +log fi (2)] ™

S* satisfies the following Kullback-Leibler (KL) divergence
variational equation:

S* = argmin D(Pll f’g) ®)
SeMDs

= argmaxEp[-g(S(X)) + log det(J5(x))] ©
SeEMD,

Moreover, when q is log-concave (equivalently when g is
convex), this (infinite-dimensional) optimization problem is
convex.

[0106] Polynomial Chaos Expansion: Any SeMDP 4+ is
approximated as a linear combination of basis functions
through a Polynomial Chaos Expansion (PCE), where 0 are
the polynomials orthogonal with respect to the priorp:

S = b (10
=

f SO px)de = 5, (1)
x=X
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with 9, ; being 1 if i=j and 0 otherwise. Now define K=
J and we have that for X cR:

F=1[b,... ,bgl, dxK (12)
AW = [0V, ... L¢P, Kx1 13
S(x) = FA(x), dx1 (14)
3¢t (15)
Jx)=|—Ww)| , Kxd
[ij L‘
Js(x)=Fl(x) dxd. (16)

Then the expectation from (9) can be approximated using an
empirical expectation based upon i.i.d. samples from p.
Letting A2 A(X,) and J,2J(X,), we arrive at the following
finite-dimensional problem:

1 & %))

F* = argmax—z g(FA) +log det(FJ)
FEIp0 N &

Whenever q is log-concave (equivalently g is convex), this
is a finite-dimensional convex optimization problem. More-
over, as K—«, from the PCE theory, the map F*A (x)
converges to the optimal map S* that pushes p to q.

[0107] B. Parallelized Convex Solver With Admm

[0108] A scalable framework can be used to solve (17)
which only requires iterative linear algebra updates and
solving, in parallel, a number of quadratically regularized
point estimation problems. The distributed architecture
involves an augmented Lagrangian and a concensus Alter-
nating Direction Method of Multipliers (ADMM) formula-
tion:

1 2
E‘D”Fi - Bl

N
!
i ﬁ;g(pi)—lcg det Z; +

141 1
_ _ T _ 712
v él sz\BA‘ pillz + szIBJ‘ Zill;

st BA;j=pi: oy (dxD)
BJi=27  Bi(dxd)
Fi-B=0: «a; (dXK)
Z; >0

for any fixed p>0 .

[0109] A penalized Lagrangian is solved iteratively by first
solving for B+

(18)

i

1 N
B = = > ol +phaT + 20D+ kAl 4 BT +fIM
i=1

M2E

-1
1 N
p[[ + NZ AT + J,-J‘-TH
i=1
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and then solving, in parallel for 1=i=N, the other variable
updates:

et =~ Lor g (1%
==l
7= 070" 190)
) 1 (19)
pk*! =argmin g(pi) + 5 plIB 4 =1 pill +94" (pi = B )
Pi
Yo = o 4 p(phtt - LA (194)
B =+ pZ - B (19%)
oL = of 4 p(FAHL - gty (19¢)

ADMM guarantees convergence to the optimal solution. To
emphasize, each ith update in (19) is parallel. As (19b) is an
eigenvalue-eigenvector decomposition, it follows that all the
updates involve linear algebra with the exception of (19¢),
which is a quadratically regularized point estimation prob-
lem.

[0110] C. Efficiently Solving the Bayesian Lasso

[0111] Here, the unique problem structure of Bayesian
LASSO is exploited to simplify a scalable implementation.

[0112] 1) Polynomial Chaos Expansion for Bayesian
Lasso
[0113] Here, as shown, the prior distribution (Laplacian)

for Bayesian LASSO has a closed-form PCE.

[0114] Lemma II1.1. The PCE for the Laplacian distribu-
tion is @; (x)=0; (Ix|) where 0 are the Laguerre polynomials.
Proof
[0115]

. . 20
I B e

o1
=2 f ¢IE(X)¢?;(X)§PE(|X|MX
0
=4

Where the first equality holds because the Laplacian density
p; (%) is related to the exponential density px (x) by

1
pLx) = sz(lxl),

the second equality holds by symmetry of the function being
integrated, and the third follows because the PCE for the
exponential distribution is obtained with the Laguerre poly-
nomials @,

[0116] 2) Bayesian Lasso Via Admm

[0117] Itis now shown that for Bayesian LASSO, the only
ADMM update that is not linear algebra is simply a LASSO
problem.

[0118] Theorem III.2. For the Bayesian LASSO statistical
model given by (3), the ADMM update (19¢) is a d-dimen-
sional LASSO point estimation problem:
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K+l 2h

. 2
P = agmi -6 + il
i

where & and § satisfy

. 1
§d-0"o+ S0l

N 1 7 1 gl
p=([y70s goear - 570

and &* represents the pseudo-inverse.

Proof Dropping indices of (19¢), becomes

p* = argmin quad{p) + A pll; 23
P

1
quad(p) & pT(be@ + Epl]p +07 =270 - p(BA)p

YN
=p'® &p+ (7 -2y"0 - p(BAY )p

where (23) follows from performing a Cholesky decompo-
sition to build a unique ® ER % and then zero padding to
build & ER™ the relationship given in (22). Then the
square is completed in order to get an equation of the form

|®pll?~29p19],>=(5-Dpl},*:
-2,78 =y"-2, " d-p(BA) .

[0119] Remark 1. The problem of finding a map S* to
generate 1.1.d. samples from the Bayesian LASSO posterior
can be solved iteratively. Each step involves solving—in
parallel—linear algebra problems and d-dimensional
LASSO problems (4).

[0120] VI. An Analog-Implementable Solution to the Pos-
terior
[0121] The results are instantiated with the Local Com-

petitive Algorithm (LCA) first presented in which is an
analog dynamical system inspired by neural image process-
ing and exactly solves (4). This system has already been
implemented in field-programmable analog arrays and inte-
grate-and-fire neurons, thus showing promising results for
reduced energy in hardware implementations. Any solver for
(4) is compatible with the exemplary framework; here, the
existence of a compatible solver is demonstrated, which
shows the potential for energy-efficient computation of the
full Bayesian LASSO posterior.

[0122]

[0123] Inthe LCA, aset of parallel nodes, each associated
with an element of the basis ®, € ®, compete with each
other for representation of the input. The dynamics of LCA
are expressed by a set of non-linear ordinary differential
equations (ODEs) which represent simple analog compo-
nents. The system’s steady-state is the solution to (4). Using
the formulation presented in Theorem I1I.2, we solve (19¢)
by presenting the LCA dynamics in terms of § and @

A. Locally Competitive Algorithm
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ITra PN
(1) = [(q)m-, 9) — (1) - Z <®ma (Dn)an([)

T
n¥Em

anlt) & Tulonn(0) = max(®, sm,(1) — A)

T, is a thresholding function that induces local non-linear
competition between nodes.

[0124] Remark 2. Here, N of these dynamical systems are
run in parallel. For 1<i<N the ith LCA system corresponds
to the ith update in (19¢).

[0125] B. Spectral Analysis of Eeg Data

[0126] The results on the instantiation of full Bayesian
LASSO simulating N parallel LCA systems is presented.
Two cases of spectral analysis of electroencephalogram
(EEG) recordings are shown using the exemplary frame-
work. In both instances, in (1b), Y is a time series of
band-limited EEG; ® contains the sin and cos functions of
the Fourier representation of a signal, and X represents the
coeflicients. The sparsity assumption on X follows since for
these EEG applications, most power is concentrated in a
small number of frequency bands. Furthermore, recent work
has shown that a sparse assumption on an EEG spectrum can
lead to higher time and frequency resolution than standard
spectral analysis methods. In the first instance, EEG is
recorded using epidermal electronics and performed two
separate Bayesian inference problems: one under the con-
dition of eyes open (no alpha waves) and another under eyes
closed (alpha waves). As shown in FIG. 4, the Fourier
coeflicients sampled from the posterior under eyes closed
(alpha waves) are larger in amplitude as compared to when
eyes open (no alpha waves).

[0127] In the second instance, sleep EEG recordings from
PhysioNet.com was analyzed and seven equally-spaced fre-
quency bands from 0.1 Hz-50 Hz were considered. Two
30-second windows corresponding to light and REM sleep
respectively were picked. For both windows, samples were
generated from the posterior within the 95% Bayesian
credibility intervals, which can be obtained from the optimal
map. FIGS. 5A and 5B shows that the two groups of samples
visually separate (left) and that the empirical losses for
optimal decision making, when using the log loss (whose
use can be justified from Bayesian decision theory), are
more concentrated towards zero when incorporating the full
posterior—as compared to the Bayes optimal point estimate
(right).

[0128] VII. Applications

[0129] The exemplary embodiments have been imple-
mented within a portable, multi-core processor (e.g. the
Parallela system). The exemplary embodiments are also at
the state of development in a Graphics Unit Processing
(GPU) solution, which also allows for parallelized compu-
tation. These can be implemented in wearables, mobile
phones, or tablets.

[0130] In addition, the exemplary embodiment has been
simulated at the state of a working computer model simu-
lation of an analog solver. The analog solver is comprised of
N circuits that solve point estimation problems. This sug-
gests it can be implemented in future analog hardware
systems that are being established in industry.

[0131] The commercial applications of this product
encompass a wide variety of mobile applications. Many
current applications where a decision has to be made based
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on data collected within a mobile device that rely on
communication with external servers can be replaced by the
exemplary framework.

[0132] The exemplary embodiments can be used in medi-
cal mobile applications for health monitoring and patient
compliance. A sensor takes physiological data from a patient
and the patient can monitor their own condition, the device
can send a summary of the state to the doctor via wireless
transmission for further analysis.

[0133] VIII. Finding the Bayesian Lasso Parameter
[0134] The parameter of the standard LASSO in (5), A, can
be chosen by cross-validation, generalized cross-validation,
and ideas based on unbiased risk minimization. A simplified
Expectation Maximization algorithm is proposed to calcu-
late a marginal Maximum Likelihood Estimate of .. More-
over, the exemplary methodology allows for drawing of
uncorrelated samples from the posterior leading to faster
convergence of a Monte Carlo EM algorithm as compared to
the Bayesian LASSO Gibbs sampling.

[0135] In the usual Expected Maximization framework, A
has a likelihood function that may be maximized to obtain
an empirical Bayes estimate given by

POINA Py h)dx @4

[0136] The E-step of the kth iteration involves taking the
expected values (with respect to the posterior distribution) of
the data log likelihood under the iterate A* to get

O(MN)=log(~W)+E,,[log(p(x)]+C (25)
[0137] where C represents terms not involving A.
[0138] Thus the sequence
Al = argmaxQ(A | a4 (26)
A
[0139] converges to the MLE of A. Automatic because the

expectation is taken with respect to the posterior. Thus we
need only sample z,, . . . Z,, from the posterior

[0140] For the exemplary Bayesian Lasso the steps are as
follows:

[0141] 1) Choose an initial A

[0142] 2) Generate N samples from the posterior distribu-

tion as z=5(x) for j=1 . . . N where x; is a sample from the
prior in (3).

[0143] 3) (E-Step):Approximate the expected complete
data log likelihood by substituting averages for the expec-
tation in

[0144] 4) (M-step) Let A*** be the value of A that maxi-
mises the expected log likelihood of the previous step.

[0145] 5) Return to step 2 until convergence.
[0146] The M-step leads to a simple analytical solution.
2L v @n
2 Eyellwi]
[0147] Where the expectation is calculated with samples

from the posterior distribution.

[0148] The proposed EM algorithm was ran using samples
from the Bayesian LASSO Gibbs sampler (ran for 1000,
10,000, 100,000 iterations) by Park and Casella, and with
the exemplary independent samples from the posterior dis-
tribution of the proposed Bayesian Lasso. The EM algorithm
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converges faster (for a certain degree of convergence)for
samples from the exemplary proposed Bayesian Lasso as the
samples are truly uncorrelated.

[0149] IX. Comparison to other Approaches

[0150] FIG. 6 compares the exemplary Bayesian Lasso
posterior median estimates with the ordinary Lasso and the
Gibbs sampler posterior median estimates. The vector of
posterior medians is taken so that that it minimizes the L,
norm loss average over the posterior. For both the exemplary
proposed method and the Gibbs sampler method, the Bayes-
ian Lasso estimates were computed by sweeping over a grid
of ) values. The Bayesian Lasso was run with a PCE order
of 3, and N=500. The specifications for the Gibbs sampler
were 10 use a scale-invariant prior on p? and run for 1000
iterations of burn-in.

[0151] Despite the Bayesian-frequentist approach, the L,
paths are very similar to the Bayesian Lasso with a prior on
p°. The Bayesian Lasso paths are smoother than the Lasso
estimates.

[0152] X. Efficient Implementation and Applications
[0153] The fundamentally parallel nature of the exemplary
Bayesian Lasso formulation allows for solution implemen-
tation on a variety of platforms. A case-study is presented for
platforms that can be used in applications for wearable
electronics and the internet-of-things. This patent document
suggests a framework for these applications to bypass large-
scale transmission of data and transmit a concise and com-
plete representation of the data (the posterior distribution)
only at infrequent events.

[0154] In order to leverage the parallel nature of the
algorithm presented above, in an exemplary embodiment,
this patent document present implementation with a Graph-
ics Processing Unit solution as well as an analog imple-
mentable solution. These implementations attest to the capa-
bility of Bayesian learning within currently relevant
applications such as wearable electronics and the internet-
of-things.

[0155] A. GPU Implementation

[0156] In the last several years Graphical Processing Units
(GPUs) have gained significant attention for their parallel
programmability. Multiple libraries and frameworks have
evolved to assist in solving parallel problems. One such
library is ArrayFire (REF) which provides a user friendly
framework for building highly parallel applications. Beyond
abstracting the low level programming tasks which can be
cumbersome for GPUs, ArrayFire also provides highly
parrallelized and optimized linear algebra algorithms.

[0157] Using ArrayFire, a generalized iterative
re-weighted least-squares (GIRLS) algorithm was imple-
mented to solve N LASSO problems of dimension d. The
GIRLS algorithm requires solving only least-squares sub-
problems with linear algebra operations.

[0158] FIG. 4 shows the results of electroencephalography
(EEG) signal analysis using the exemplary GPU solver. In
typical EEG signals, the majority of the power is concen-
trated in a small number of frequency bands. The EEG was
recorded using epidermal electronics and two separate
Bayesian inference problems were performed: one under the
condition of eyes open (no alpha waves) and another under
eyes closed (alpha waves). Y represents the time series from
band-limited EEG, and X are the Fourier coefficients of the
data. Due to the concentration of power in EEG, the sparsity
assumption in X is preserved.
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[0159] XI. Conclusion

[0160] FIG. 7 illustrates an exemplary block diagram of
the various components of exemplary device. In an exem-
plary embodiment, a mobile device (700) can determine
uncertainty quantification of physiological data. The mobile
device (700) includes one or more sensors (702) that can
gather biometric data, a processing unit (704) connected to
the one or more sensors (702) and capable of executing an
uncertainty quantification algorithm on the gathered biomet-
ric data, a wireless transceiver (706) connected to the
processing unit, and a display (708) connected to the pro-
cessing unit (704).

[0161] FIG. 8 illustrates an exemplary flow diagram of a
method 800 implemented by an exemplary device. In an
exemplary embodiment, biometric data can be collected in
step 802. In step 804, an uncertainty quantification algorithm
can be executed on the biometric data. In step 806, data
related to the processed data can be transmitted or received.
In step 808, the results of the analysis can be presented on
a display.

[0162] A distributed and scalable algorithm is presented
that finds the Bayesian LASSO posterior by finding a map
which transforms samples from the prior into samples from
the posterior. The exemplary approach only requires itera-
tively implementing linear algebra updates and LASSO
point estimation updates. The exemplary framework was
instantiated within an ‘analog-to-information’ context by
finding the optimal map with a low-energy, analog-imple-
mentable LASSO solver. Consistent with FIG. 1C, this
suggests that the optimal map can be found within an
energy-constrained device, and only the coeflicients pertain-
ing to the map need be wirelessly transmitted. Moreover,
this can facilitate optimal decision-making for any Bayesian
decision-making problem: performing empirical risk mini-
mization using posterior samples as in (5) can be done in the
cloud. Future work can entail developing more energy-
efficient architectures, and/or developing algorithms that
only transmit when the posterior distribution reflects an
abnormality.

[0163] The Bayesian Lasso can be solved with a measure
transport framework by finding a map that translates
samples from the Laplacian prior to the posterior distribu-
tion. A map can be produced that once computed can always
be used to generate more samples from the posterior distri-
bution simply by drawing samples from the Laplacian prior
distribution. There is a clear advantage to drawing i.i.d.
samples from the Bayesian Lasso posterior that is seen in the
faster convergence of the EM algorithm to select the lasso
parameter. Similarly, other hierarchical methods that are
dependent on marginalization and computation of moments
can experience a boost in convergence.

[0164] A parallelized version of the exemplary algorithm
is shown that requires only Lasso solvers and linear algebra
libraries for implementation. This formulation enables the
leverage of the diversity of lasso solvers to compute the full
Bayesian Lasso posterior.

[0165] The exemplary embodiments show the first steps of
implementation of a GPU and an energy efficient architec-
ture. Further iterations of implementation can lead to energy
efficient and fast algorithms that house Bayesian LASSO in
embedded systems for use in medical applications/wearable
electronics.

[0166] While this patent document contains many specif-
ics, these should not be construed as limitations on the scope
of any invention or of what may be claimed, but rather as
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descriptions of features that may be specific to particular
embodiments of particular inventions. Certain features that
are described in this patent document in the context of
separate embodiments can also be implemented in combi-
nation in a single embodiment. Conversely, various features
that are described in the context of a single embodiment can
also be implemented in multiple embodiments separately or
in any suitable sub-combination. Moreover, although fea-
tures may be described above as acting in certain combina-
tions and even initially claimed as such, one or more features
from a claimed combination can in some cases be excised
from the combination, and the claimed combination may be
directed to a sub-combination or variation of a sub-combi-
nation.

[0167] Similarly, while operations are depicted in the
drawings in a particular order, this should not be understood
as requiring that such operations be performed in the par-
ticular order shown or in sequential order, or that all illus-
trated operations be performed, to achieve desirable results.
Moreover, the separation of various system components in
the embodiments described in this patent document should
not be understood as requiring such separation in all
embodiments.

[0168] Only a few implementations and examples are
described and other implementations, enhancements and
variations can be made based on what is described and
illustrated in this patent document.

1. A mobile device for determining uncertainty quantifi-
cation of biometric data, the mobile device comprising:

one or more sensors capable of collecting biometric data;

a processing unit electrically coupled to the one or more

sensors and capable of executing an uncertainty quan-
tification algorithm on the biometric data collected by
the one or more sensors, wherein the uncertainty quan-
tification algorithm is capable of finding a posterior
distribution or determining a quantification of uncet-
tainty;

a wireless transceiver electrically coupled to the process-

ing unit; and

a display operatively connected to the processing unit.

2. (canceled)

3. The mobile device of claim 1, wherein the wireless
transceiver is capable of wirelessly sending a representation
of the posterior distribution to a cloud server.

4. The mobile device of claim 1, further comprising:

an actuator capable of one or more of receiving a repre-

sentation of the posterior distribution, performing an
action, or outputting a signal received by the mobile
device, wherein the actuator capable of performing the
action comprises calculating an optimal action based
upon the posterior distribution, and wherein the actua-
tor includes any one or more of a speaker, a visual
display, a drug delivery mechanism, and an electrical
stimulator.

5. (canceled)

6. (canceled)

7. The mobile device of claim 1, wherein the display is
enabled to represent the posterior distribution.

8. The mobile device of claim 1, wherein the uncertainty
quantification algorithm includes a Bayesian inference algo-
rithm.

9. The mobile device of claim 1, wherein the one or more
sensors comprise electrocardiograph (EKG) monitors, adhe-
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sive-integrated flexible electronics for recording physiologic
signals, or electroencephalograph (EEG) epidermal elec-
tronics.

10. (canceled)

11. (canceled)

12. The mobile device of claim 1, wherein the one or more
sensors are enabled to measure one or more of maternal
temperature, fetal heart rate, fetal movement, or uterine
contractions.

13. (canceled)

14. The mobile device of claim 1, wherein one or more of
the display or the sensors are enabled to generate an alert
based on the quantification of uncertainty.

15. (canceled)

16. The mobile device of claim 14, wherein

the one or more of the display or the sensors is enabled to

display a green light when the quantification of uncer-
tainty is within a range;

the one or more of the display or the sensors is enabled to

display a yellow light when the quantification of uncet-
tainty is close to a threshold of a range; and

the one or more of the display or the sensors is enabled to

display a red light when the quantification of uncer-
tainty is outside a range.

17. (canceled)

18. (canceled)

19. The mobile device of claim 1, wherein the processing
unit is enabled to receive and process one or more of
tolerance settings or a range of quantification of uncertainty
from a remote device.

20. (canceled)

21. (canceled)

22. (canceled)

23. (canceled)

24. (canceled)

25. (canceled)

26. The mobile device of claim 1, wherein the biometric
data includes physiologic time series data.

27. (canceled)

28. (canceled)

29. (canceled)

30. A method of determining uncertainty quantification of
biometric data implemented by a mobile device, comprising:

receiving biometric data from one or more sensors;

executing an uncertainty quantification algorithm on the
received biometric data,. wherein the uncertainty quan-
tification algorithm is capable of finding a posterior
distribution or determining a quantification of uncet-
tainty;

displaying the posterior distribution or generating an alert

based on the quantification of uncertainty.

31. The method of claim 30, wherein the uncertainty
quantification algorithm includes a Bayesian inference algo-
rithm.

32. The method of claim 30, wherein the one or more
sensors comprise electrocardiograph (EKG) monitors, adhe-
sive-integrated flexible electronics for recording physiologic
signals, or electroencephalograph (EEG) epidermal elec-
tronics.

33. The method of claim 30, wherein the one or more
sensors are enabled to measure one or more of maternal
temperature, fetal heart rate, fetal movement, or uterine
contractions.
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34. The method of claim 30, wherein the biometric data
includes physiologic time series data.

35. A computer-readable program storage medium having
code stored thereupon, the code, when executed by a pro-
cessor, causing the processor to implement a method com-
prising:

receiving biometric data from one or more sensors;

executing an uncertainty quantification algorithm on the

received biometric data, wherein the uncertainty quan-
tification algorithm is capable of finding a posterior
distribution or determining a quantification of uncer-
tainty;

displaying the posterior distribution or generating an alert

based on the quantification of uncertainty.

36. The computer-readable program of claim 35, wherein
the uncertainty quantification algorithm includes a Bayesian
inference algorithm.

37. The computer-readable program of claim 35, wherein
the one or more sensors comprise electrocardiograph (EKG)
monitors, adhesive-integrated flexible electronics for
recording physiologic signals, or electroencephalograph
(EEG) epidermal electronics.

38. The computer-readable program of claim 35, wherein
the one or more sensors are enabled to measure one or more
of maternal temperature, fetal heart rate, fetal movement, or
uterine contractions.

39. The computer-readable program of claim 35, wherein
the biometric data includes physiologic time series data.
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