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Personal Chronicles: A Study of Monitoring College Studentdafelty in 2020

SalarJafarloy PhD student in Computer Science

Abstract Recentadvancementsof ubiquitous wearable technologieshave

increasedthe reliability of suchtools in detecting and accuratelyestimating

mental states (e.g., mood, stress, etc.), offering comprehensive and

continuousmonitoringof individualsovertime. Thegoalof our studywas

1. to investigatethe capacityto more accuratelypredict affect through a
fully automatic

2. objectiveapproachusingmultiple commercialdevices

Background Affective disturbances and dysregulation or instability in
experienced affect are core facets of many types of psychopathology
Monitoring and increasedunderstandingof o n eaffect contributesto the
regulation of affect and as such is a key component of many forms of
intervention or approachesto manage affective disturbances Previous
attempts to modelani n d i v mehialasthte vgere limited to subjective
approache®r the inclusionof only a few modalities

Approach Thus, the goal of this study is to addressthe limitations of
previous studies (e.g.,, time span and partial reliance on subjective
assessment)hy both expandingthe time length of data collectionto about
12-months during the eventful year of 2020 and also by limiting to
exclusivelyuse objective measurementsto model u s e mest day affect
Using only objective measures by commercial devices to predict an
individual'saffect

A enableusto monitor mental healthin a more continuousand convenient

way
A makesmentalhealthmonitoringserviceaccessibléo more people
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Methodology and Algorithm: Consideringthe fully objective and portable

affect assessmenin this study, we only usedcommercialmonitoring devices

(i.e., Ouraring, SamsungWatch, and Android Phones)and obtained three

data modalitiesusingthe mentioneddevices We presentbelow an overview

of collectablefeaturesfrom thesemodalities

A SmartRing sleep (e.g., length of awake, deep and REMsleep stages),
physiology(e.g., heart rate, heart rate variability), and activity of users
(e.g., dailymovementandresttime, etc.)

A SmartWatch Accelerometef(ACCand photoplethysmographyPPG)

Data Collection

Data Process Maodeling

® Upload
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A SmartPhone major physical(e.g., in vehicle, still, on bicycle)and behavioralactivities (e.g., working, commuting,

relaxing)throughoutthe day.

Finally,usingthesethree modalities,we collected52 featuresandtrained different ML modelsto predict nextday affect

Randonforestsgenerallyshoweda better performance 100.00%

Results

1. Predictionaccuracyof mood and nervousnessaffectto Tayloret
al [1] showingabout 16% and 4% improvementin accuracyfor
moodandstress(i.e., nervousnessprediction, S0

2. The receiver operating characteristic (ROC) of the mood
prediction model yielding 0.82 area under curve (AUC)that has 2w
8.1% improvement comparedto the best values reported by

75.00%

81.18%

71.84%

65.80% 67.90%

Spathiset. Al[2] for mood prediction 0.00%
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A Case for Digital Therapy:
g Rt

Satisfaction, Interest, and Use of Virtual Embodied Agent
h®CBat a hospital and shelter

RIT

Funding: CBT Therapy Content & Trial, NIH RO1
DA01828401 A1l | Office of the Vice President

hY

Celeste Sangiorgio, PhD., Cassafdndbary PhD., Caroline Easton, PhD., Cory Crane, ¥k co ™

Abstract

The present study examined satisfaction, interest, and use of virtual
avatar assisted CBR|Tch®CB@a 12session virtual therapy platform

developed to mirror evidencbased treatment for caccurring
substance use, conflict, and negative mood (SADV). Pilot testing

occurred at two sites: an inpatient chemical dependency hospitalization
program (n = 10; 20% female) and a homeless shelter (n = 3; 100%

male).

Background

A Substance Use Disorders continue to increase across the US, >$700

billion annuallysamsna, 2021

A High ceoccurring rates of mental health, medical problems, &
Intimate Partner Violencgipa, 2017: sammsa, 2021)

A Digital mental health interventions are viable treatment options for

PTSD! anX|ety, ewooujaoude et all., 2020; Easton et al., 2018)

Approach:

In both sites, participants were briefed &1Tch®CBTogged into the program,
and completed a module digital avatar assisted CBT treatment. Following use of
RITch®CBparticipants were asked to rate their interest in the avatar and their

satisfaction with the platform.

APatients with  AExposure to ASatisfaction
substance VR therapy Anterest
use and platform ABehaviors
conflict AUse of VR
histories therapist

Methodology/Algorithms

Questionnaire Satisfaction
Questionnaire Interest
Performance Use
Performance Effectiveness
Results
A

(3 participants)

1 D &"DeploymentRSA Rural
OUD/SUD Grant
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Hospital site had greater success in identifying and administering treatment (10 participants) compared to shelter s

Mean Participant Weekly Ratings on a Scale

of 1-10

A Barriers at shelter site included: untreated severe and persistent mental iliness, dysregulated behavior, inability to
engage with materials
A Hospital participants had brief, structured contact with platform
A Shelter staff struggled to structure and implement platform
A Hospital participants and shelter participants that engaged with the application reported high levels of satisfaction v
the platform and interest in continued engagement
Percentage of Participants Endorsing "Agree" or "Strongly Agree"
— 10% 10
Thought Avatar was Genuine/Relatab 100% 8
80% 6
Willing to Use with Therapist! 90% 4
60% 2
Enjoyed Customizing Avat; 50% 0
100%
Enjoyed Interacting with Avatar 90%
100% AN
Easy to Use 90% &

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

mWeek 1 mWeek 2


https://www.frontiersin.org/article/10.3389/fpsyt.2020.00111
https://doi.org/10.1108/ADD-03-2018-0003
https://www.drugabuse.gov/related-topics/trends-statistics

Personicle

Mahyar Abbasian (ICS PHD), Vaibhav Pandey (Clearsense) < The digital health

platform (DHP) is an

$600 billion global architectural approach
market size in v" Unlocking the value of
healthcare data is a top

forit
8% growth JRERRSIE

?

Lack of necessary agility to
respond rapidly to changing

Healthcare Market Size business and clinical drivers
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Providing an infrastructure to help healthcare
providers build their applications on top of Personicle

* Focusing on Data Management (providing tools)
e Especially on PHN and model building

e Build and manage individuals’ health state

* Provide interoperability
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Inconspicuous Daily Monitoring to Reduce Hospitalizations in Heart Failure Patients
By: Computational Biomedicine Lab @ RIT, Ryan Missel, PhD Student in Computing and Information Sciences

Abstract Cardiovascular disease is the leading cause of deaths

worldwide and there is much interest in-abme daily monitoring

for early interventions. The Heart Seat aims to be a-imvasive
method to collect health data daily without change to patient
behavior. From this, an automated risk prediction system will be
deployed to provide health care providers with adverse event
prediction and signs of early deterioration via a clinical dashboard.

Hypothesis:Hospitalization rates and duration lengths can be
reduced through the use of inconspicuous home monitoring devices
and early interventions.

", <
|
[ i :
. o
SR
Two-Phase Study Timeline:
YEAR 1 YEAR 2 YEAR 3 YEAR 4 YEAR 5

AIM 1 (12 months) \ AIM 1 (22 months)

DEVELOPMENT DEPLOYMENT
AIM 2 (12 months)
ALERT SYSTEM
AIM 3 (24 months)
INTERVENTION STUDY

We are here

Study Aims:

1. Data Collection

2. Alert System

Aim 1 (Data Collection)Build a dataset of electronic health records, daily wellness
inputs, and seat recordings via the Heart Seat, a Wellness App, and hospitalizations.

Aim 2 (Alert System)Train timedependent machine learning models that predict daily
hospitalization risk and forecast adverse events.

AAAAAAAA

Aim 3 (Clinical Dashboard NG

PATIENT A18-0972 DAY m MONTH
Deploy the system on a e |
facing dashboard e, il = f
monitoring and rvent
prediction.

\’N e

.\'\'\ﬁ,/
72 1‘2[2'/”76 98 1 92

Supported by:Award NO: RO1INR018301,
by the National Institutes of Health (NIH) / National Institute of Nursing Research (NINF



ZotCare A Health Cybernetics Service Provider

UClI

BySinalLabbafAdvisors: Nikil Dutt & Amir Rahmani

What isZotCare
A ZotCares a BAAS for health cybernetics
A Making complex mHealth application simple

A Covers very component and service you will need
A Easy to use for ne@S researchers
A Advance mode for CS researchers to focus on problems

Data Processing

Data Flow and Control

Data Collection A Custom processing pipeline _ _
A Objectlye sensor data A Personalize feature extraction Events A Using event service to create
A Bio signalsZotCarewearable) control flow
ﬁ gifr]]?g;t)dgll Collection [ (D28 Features (> 1 Ml @ A Integrate your own logic,
A Subjective data mtgrventlon, triage, etc. .
A 7otCareMobil i | A Using personal and progressive
otCareMobile componen L models to implement learning
Models and Profiles Pt | “Wodels. || Pt methods -
. A Active learning
A User and group profiles T , A Reinforcement learning
A Personalize or progress over data Profile Changes ~ j«———— | A Memory control system
A gl:ita(‘)tfnllggtal‘lor?r personal Prompt Interactions |j«—— Actions . rg::nI;t:sﬁl
Participant Send Reminders }7
Components AHooking into the APIs Use cases AProfile personalization

AData analysis

A3 party hooks

SDK

AFor local and '8 party processing
Wearable app

ASmart data collection

ZotCareMobile app

Alnteractions (programmable by
researchers)

ADevice sync and stats

AlLocal profiles

Researcherdashboard

ATweaking the services

AOther studies
ASLIM (with Turk, Finland)

AMental Health Navigation study
A30 college students / 2 phases
ASmart interventions AHillside study

ANSF UNITE ADCcCC
A10-40 pregnant moms / 5 phases ASleepin
AActive learning AEtc.

ASmart intervention
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Dynamic Exit Selection in MuEixit Deep Neural Networks using Deep Reinforcement Learning
Abhishek Vashist, PhD Candidate, RIT

A Situation awareness for first responders in smart environments DQN-Quant P
enables m_telllgent and _faster response. _ Model Selection R BB
A Such applications requires an edge/mobile device to process o
information. . o 5
. . o t - {@CC, time, prev_exi
A Multi-exit DNNSs are used to reduce computational load and :.:Eacc. g:ﬂf prev_a} R,: {r_exit} P
. 0 . . . . - {r_qu
faster inference with static subptimal exit selection strategy. : / Float-32 |
A We propose using I_Z)ee.p Q Ngt\(vork (DQN) based technique for |~ FCout — o™ ] il T o F—,
dynamic exit selection in muléxit DNNs. ! L ! Exit Selection
—4—' |-
. Quantized
_ roach O/P: Fire, 98%
: : pp : Exit: Exitl ‘= Feout — [t ‘l‘ block| T [block—bock ——
A DOQN is trained to learn exsielection strategy \ T
A Utilizes various hardware and network state information: =e =5 | /I 5
A Accuracy, inf. Time, exits, and batteBpC Environment nputimage T gpaee
A A separate DQN is implemented for adaptive quantization. PERFORMANCE COMPARISON WITH STATE-OF-THE-ART
A At rur_rtime, exit selection and model selection is performed for Approach Network Accuracy (%)  Threshold
input images - AlexNet [6] 83.4 -
Threshold [3] B-AlexNet [3] 79.19 0.0001, 0.05
o DQN based DQN-ExitAlexNet 81.5 Dynamic
A 63.5% decrease in inference latency. - ResNet18 [1] 90 -
A 33% reduction in computation energy. Threshold [3] ~ B-ResNetl110 [3] 79.17 03,02
A Classifies 2.2X more inputs compared to static exit selection. - Exit-ResNet [4] 88.5 0.5,0.5
P p . DQN based DQN-ExitResNet 85.1 Dynamic

* A. Vashist, S. V. VidghanmughamA. Ganguly and S. M. P D, "DQN Based Exit Selection wEkiulbieep Neural Networks
for Applications Targeting Situation Awareneg§22 |IEEE International Conference on Consumer Electronics (ICCE)

Sponsors: s Ergikmxsﬁejimpliﬁedf




Drone Assisted Monitoring and Inspection in Challenged Settings

Goals and Overview

for improving situational awareness in different fire settings.

the firefighter's interest and the fire prediction.

We propose a DragonFly system, a dronbased sensor data collection platform
1) We design a rukdased system for generating drone monitoring tasks basec

2) Design the multiplerone flight planning approach to optimize the motions o

System Architecture

Task Generator

Tak Muaituring Ana

Meevsor Fire

iresmaty Gird rogian |

Track Fee Geid cegion |

Meavor Fom
Ste

AL gnds

Ground Controller

UCI

Task Generation in Prescribed Fir

Fire prediction: We use FARSITE to predict fire perimet

Rule-based Dynamic Task
Generation: 1) Model the state
of each gridA 2) Define DBF in
ground controlle® 3) Define the
e production rules.

Table: DBF in the GC

m DectectFire(g)

Initial Grid | State | EFA | Mission
<DetectFire(g) =DetectFire(g) (07 0) N 10 FT
DetectFire(g) l (0,1) B 2 M
No Fire [Burnt out] (0,2) N 5 BS
) (©) (0,3) B 1 ™M

Figure: Grid State Transition

Production Rules (exemplary rules for detect abnormal fire)

Shift(g,N, B, t) A (EFA(g) > t + d4x) = UpdEFA t)
UpdEFA(t) A State(g, N) = Add(g, FT, max(t, EFA(g

I

—d51))

drones to fulfill multiple tasks with diverse monitoring requirements. R Task Generation

A Missions in highrise fires (HF) & prescribed fires (RF) Joabomd.. f< = SUSatTaTLLoatac s
1) Fire detection (HF & RF) 4) Fire trackin : .

\ g (HF & RF) e © - Flight 1
2) Human _detectlon (HI_: & RF) 5) Fire intensity monitoringRF) S | ‘:lemer:
3) Open window detection (HF)  — [ 7'-;"1-";':'-

. i}
A Challenges in highrise fires (HF) & prescribed fires (RF) EnrichDB | ’:mafner:
1 3D space motion planning and coverage (HF) Query Data g - T Fiigit
2) Repetitive monitoring tasks (HF & RFY) Heterogenous drones (RF) R:::'};“: ' Planner | /
3) Coverage vs data quality (HF & RF) 5) |mperfect network condition (RF) =
i
Two-Step Approachfor Flight Planning Algorithms

Q1: Allocation of Monitoring Tasks: Q2: Dynamic Waypoint Scheduling:

Improve the information accuracy of
tasks assigned to each drone.

Allocate tasks by partitioning
monitoring areas.

o
) .5:.-"::: 'Q:E'ﬁ
T T R ;
e | Vo anect E; e [ E———
Bumas | Wins.on Floec 10,11, 12, 13 it LI ) -
e W W o P 0,11,1,13 T o * Tasks assigned td  Velocity Rf[[](' 4
Monitoring areas MX drone n: K', Loiter time loi»
Tasks K l Number of drones: N * WaypointsW, Current location Win(n)
* Accuracy A, Current time &, 3
Allocation of + Coverage C. Plan duration; T e
Monitoring Tasks _— -
(AMT) o '*""'u'-.,. = Dynamic Waypoint
‘l' ) D= Scheduling (DWS)
S T
L

Partition of momtormg areas’ |
M’ ={M';,... My}
Allocation of msks
K'={K';,...K'y}

Waypoint Sequence for a single drone:
= [wl,wy,...wi]

IAMT+ LU algorithm: allocate

initial monitoring tasks and

locally updating allocations to
manage updates tasks or drones/ W, Coverage matrix C, Accuracy

during execution.

Initial tasks Updates

DWSF algorithm for single
drone waypoint scheduling.

/ Monitoring tasks Kp,, waypoints

Apxk, Observation distances D.

Step 1 Waypoint Selection:
Heuristically select waypoints W'
from W to cover K, under
observation distances D.

*

L Step 2 Fast Coverage: heuristically

IAMT LU select waypoints w; € W to decrease

Algorithm Algorithm the number of tasks with AUC(k) = (
' . :
Step 3 Improvement of weighted

THSk. TaSk. AUC: heuristically select waypoint
allocation allocation w; € W to improve the minimum
@ weighted AUC of all tasks.

—

¥
S / Return Waypoint Sequence P
SN

Simulation

Setup: we use
DBH in UCI with 12

floors and 384
windows. We

simulate the fire
spread in building

tasks based on
firefighting manual.

= -#- AMT-NN
3501 —— AMT-DWS 4= KMOWS | e o 507 AMT-DWS  —— AMT-MST
§ Enter monitoring phase <" e § £ 400~ avr
93001 at 10 (KM) N\ -
- R R~ e of T 23501
2 A o El £l
£ 250 Et’ M & 300 v .,o/'
2 200 e S 2504 M{/
3 B e
2 / f g 2007
g 150 Enter monitoring 8150
< 100 Ruaseat § (AMT) < Enrer monitoring
1007 phase at 8
0 5 10 15 20 25 30
structure and gener Time (minute) o e e "
¥ - AMTOWSF - AMTNN | g 4 AMTOWSF - KM-DWSF
= AMT-DWS +—= AMT-MST 4 AMT-DWS f- KM-DWS
B 200 — AMTMI 3 X
£ c.1 6 »L
2
= 1501 £ I
g £ T
E Eld 3
; 1007 ; 13 1
-1 S S S |
£ 501 H] +
3 50 F::-_f ® |
: i
= 0 =10
3 s 7 9 %5 177 250 34
Number of Drones Mumber of Tasks
Our LU+DSWEF algorithm leads to less missing event

Fig. Building Structure

Results in Highrise Fire

N

—e— AMT-DWSF  -»- KM-DWSF Tl —— AMT-DWSF

and higher information accuracy.

Reference: FangqiLiu, TzuYi Fan, Casey Grant, Chettdsin Hsu, Nalini VenkatasubramanidiragonFly: DroneAssisted HighRise Monitoring for Fire &fety”, SRDS, 2021.
TzwYi Fan, TurChi Tsai, Chengdsin Hsu,FanggiLiu, Nalini VenkatasubramanianyVinSet The First MulttModal Window Dataset for Heterogeneous Window StatsildSys 2021



* Many older adults live in age-friendly

Goals and Overview

p first to

communities and senior health
(SHFs) that promote independent living.

+ Due to a variety of physical illnesses
(need for life-sustaining equipment,
limited mobility) and cognitive afflictions
(e.g., dementia, Alzheimer's), older
persons are frequently unable to shelter
safely in place or escape on their own
during a crisis.

P
during by
havmg seamless access to i i

oﬂerod by the CareDEX

about the living facilities (e.g., floor
plans, operational status, number of
residents), the residents (e.g., health
conditions such as the need for dialysis,
oxygen, and personal objects to reduce

y) al gi impact of a di:
event along with support for evacuation
decision-making.

gy for
well as a qualltaﬂvo analysls (by

on

tha CareDEX tochnology

Accurate Data Modeling
Community and personalized
content

Create information nuggets for
caregivers and responders

and p!

Research and Practice Questions

Creation of a scalable,
accurate and secure
information/data exchange
architecture

Semantic Data Integration
Incorporate into

needs (e.g. dementia,

P ly in
use by responders

Future Work

+Create data models and databases to ingest
and store data about facilities and
individuals. Provide Cloud-based solutions
for online access and enable real-time
linkages with local, regional agencies.

+Create for
data ingestion. Design protocols to
query/access external systems on
forecasted or ongoing disasters.

to a variety
of SHFs to record emergency plans and
track resources.

«Create different tabs for data or information
access into the CareDEX platform for the

Front Porch facility
where the CareDEX
prototype will be
deployed and tested.

UClI

dialysis/oxygen needs,
impairments)

different stakeholders.

+Allow regional data on disasters to be
and used in up g
emergency and evacuation plans.

Hurricane Katrina - 75% of deaths were 60+ yrs. Arkansas nursing home aides shielded residents
from falling debris with their bodies
Make relevant data readily

available to the responders

*Develop links with regional organizations to
maintain data consistency.

Data can be

+Design protocols that protect personal Validate
Data Security Needs ambiguous, held with local information on each resident must be CareDEX at the
caregivers, constraints on embedded in the platform. October 2022
Protect Privacy of older adults sharing/use. +Plan engagement with SHFs and rollout Great CA Annual
through drills and get ShakeOut

from stakeholders.

System Design Technology Testing, Evaluation and Validation

Finalized Wildfire/Smoke, E ti d R - > = y
inaliz re/Smoke, Evacuation and Re- m_mn_ Tin Man, Iron Man Scenario/Drill Evolution:

opening Scenario 1 Plan I"me ™ S e S
¥ - First Responders - Fire Depts,
info (Tabletop Drill: 21 MAR 22 @UCI) -Walnm\m:nesew Careglaﬂ Resident Emergency
Ingestor Processor
representation of spatial

SAGAT Methodology Team
data and resident %“’ o I Expand Scenario 1 to include
ImageCat Server:

> ¥ = - pandemic
information G | Regional-Info-Server

p ¢ Sensor == = ) ~ {
Creates and populate 2 Health » v, Wildr i + 5

space, resident and sensor Menhaving
info table with info that
Builder generates

Component Function Sensor data

Regional

Provides a tool to create

Technology Team Scenario 2

Builder

Loader Database Wildfire + Covid-19

a5 1642117670
1642117000

Scenario 3
Expand Scenario 2 to include
Earthquake
(mfras\ructure damage)

& H

Earthquake + Pandemic

Receives heterogeneous
sensor readings and ingest
to database

s UCI Server:
CareDEX-DB
Ingestor

Dashboard e - 1) Wildfire with smoke and
r— deteriorating air quality
= r, “ in Anaheim Hills and moving

west toward WV Facility

3) 5 days later: Re-
occupation of facility and
back to normal (Resiliency)

2) First responders on scene
order evacuation to mutual
aid facilities

Provides regional impact of
a disaster event and

support evacuation :
decision-making r

Regional
Information
Processor

UCl Server:

CareDEX-
Provides on-demand : f 145 0 WER
access of critical
information need for
responders in various
scenarios

Technology Validation Plan (Does
CareDEX work?)
Runs concomitant w/Scenario
- Quantitative Study
- Metrics, screenshots, observations

Mixed-Methods Research (in
progress)
Analysis of qualitative and
quantitative data will result
in published research

Technology Evaluation Plan (Did
CareDEX help?)
Post-de-facto analysis
Qualitative Study
» User comments

Dashboard

NATURAL

“ HAZARDS
bA"TCENTER

Industry

@ImageCat

i (] BRESEARCH FOUNDATION ANAHELY ]
Resilience 5 T Qf’ DAV
Partners ,7'“ M&, Cal OES HEALTH

Senior Care CENTER FOR INNOVATION
Partners AND WELLBEING

IIlIIH VIIIIN

Academia
Partners

DALTY
N
ey
Rl 4 BALL STATE BOLIldL‘
" UNIVERSITY
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MIT-PITTRW Approach to Racing

Andrew Keats, BS Student, Computer Engineering

Background:
MIT-PITTRW is a team that competes in the Indy
Autonomous Challenge (IAC). The team comprises of

students from thdVlassachusettsistitute of
Technology, University of Pittsburgh, Rochester institute
of Technology and the University of Waterloo. The
platform used for the competition is RallaraA\-21 race
car. Work has been focused on modeling and controls for
use at speeds above

LiDARs (3)
-~ Front Radar

4 Piston Racing-built Honda K20C

Adlink Onboard Computer:
64 GB RAM

Intel® Xeon® 9th Gen
NVIDIA Quadro RTX 8000

/ -
% 6 Mako G-319
Cameras
GPS Antennas

Cameras (6)
2 NovAtel PwrPak7D-E1 GNSS

Work is also currently being done to perception and track
to locate other vehicles on the track.

Methodology/Algorithms:

The current method for perception utilizes LIDAR, radar and cameras
to detect the other vehicles. With respect to LIiDAR a clustering
approach is being used to detect the other cars. The figure below
shows a LIDAR scan from the Luminar LIDAR of anoth2t Avhe
cameras on the car are use used to detect other vehicles and utilize a
custom model using data collected during testing.

————

indy_car 0.93s rrr—r—y Ymr" " -

= an

Current results show strong detection at short distances with cameras
being reliable at further distances.

Major Results:
137 MPH lap average at Las Vegas Motor Speedway. Live car
detections on track using camera and LiDAR

Acknowledgment:
Team sponsors Oracle and Mobilitas. Faculty advisor Amlan Ganguly
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Motivation

* Realistic data is necessary
to test and validate smart
space approaches with
respect to the robustness @
of algorithms, failure
testing, scalability
testing, and operation in
extreme scenarios

Challenges in obtaining
real data include the
deployment of sensors, — Sensors S = 2 e X %
the recruitment of = - . e . ‘_ o 5
participants, and the < i ==
preservation of 3 _m
participant privacy R

System Overview
SmartSPEC Overview and Architecture |
SmartSPEC Platform

SmartSPEC starts with a smart space that is instrumented with (5| Scenario Leaning
some limited number of sensors, which produce observations in
a smart space seed dataset

The seed dataset is used to learn and extract different semantic
patterns of people and their activities (Scenario Learning)
Extracted patterns are used to generate new synthetic data in a o
semantic manner (Scenario Generation) Y ‘Modj
Applications can use the new synthetic dataset for testing and @D Pepie Ew.ms,l ‘[ R.u." F'.'?m,y. .Gﬂ,'cfam,' .'f"_bm %

validation P =5 S L‘» Configure Scenario Generation |

Modes of Operation

o Define Spaces, Sensors

ﬂ[)cl’mc MetaPeople, McmE\‘cnls] 0 I Insert Seed Data |

dif " [Configure Scenario Learning]:

Event

,
\

—

v

" Synthetic Smart [
Space Data

SrverrrerresesE TN

paces Model)Sensors Model

S
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* Three modes of operation which vary in the
level of user involvement/automation are
provided in SmartSPEC

* In each step, models and data files used by

activities of people), and sensors (devices SmartSPEC are open to be modified directly

observing phenomena in the smart space) by the user for customization to a specific

= T ' CC\:) | . The;e c:ncepts are highly interrelated with scenario
) o > ot
= ‘2| E‘ = | each other

+ A smart space is characterized using spaces
(the underlying geographical layout), people
(the inhabitants of spaces), events (the

Generating realistic synthetic data using offline
modeling and simulators is equally challenging:
semantics of smart space components must be
properly modeled and faithful to reality, which can
be difficult due to the variability/dynamicity of
activities of people and their activities

Scenario Learning

Extracting semantic patterns from seed data

|Learning Events through Occupancy |
Events are learned through occupancy, an intermediate concept to
estimate when one event ends, and another starts
Define occupancy by counting the number of unique people in the
dataset that were in a space over a time period
Use the Change Point Detection algorithm to learn breakpoints between
events: the times for which there are large changes in occupancy
Apply the Agglomerative Clustering ML clustering technique to group
similar types of events, based on set of attendees, time of event, and
space

Learned Events, 2018-01-18, 3142-ciwa-2051

8

3

Number of chents.

°

£ >

E R B R R e R R N N R

£ P &
Time of day =

Breakpoints occur when there Occupancy stays roughly

are large changes in occupancy \ (consistent during an event

|Learning People-Event Interactions |

* Characterize people based on their set of attended events
« Apply the Agglomerative Clustering ML clustering technique to group
similar profiles of people, based on set of attended events

Scenario Generation

Creating new synthetic datasets with semantics

[Entity Generator: Generating Events|

« Select the type of event to create based on cluster group size

« Determine time profile of event: When will the event occur?

*+ Determine location of event: Where does the event occur?

« Determine attendance: how many of each profile of person are allowed
to attend

|Enﬁty Generator: Generating People I

« Select the profile of person to create based on cluster group size

+ Determine time profile of person: when do they enter/exit the
simulated space?

* Assign event affinity: what is the person’s likelihood of attending a

certain type of event s -

. . éj s- 1g 2018-01-15 10:07:41

Synthetic Data Generator | ;

« Each simulated person repeatedly |
selects events to attend for the
duration of time they are in the
simulated smart space
Event selection and attendance
must not violate semantic and
physical constraints on smart
space entities
Results are recorded in a log file

Assessing Realism
Quantifying the realism of synthetically generated datasets

lAssesmg Realism: Space Occupancy ]
* Occupancy: number of unique people in a space over a time period

« Extract occupancy time-series from real, simulated datasets
* Find mean-squared error between occupancy counts

E A jlf’ © * Trajectory: sequence of spaces visited
[

by a person over a time period
* Extract sets of trajectories per day from
real, simulated datasets

s Dik;DikDik, similaritvof —« Use control variables to partition
- i .. real vs simulated
i

\arnen Assessing Realism: People’s Trajectory |
8

D 8 &

P trajectories into comparable bins
< Dj, pj. pj, smilkrityof * Match trajectories in corresponding bins
D1 Tl such that the total distance between
pairs of trajectories are minimized
Interpreting Realism
* Obtain a distribution of distance difference between partitions of real
data to quantify variance in real datasets
* Obtain a distribution of distance difference between partitions of real
data and synthetic data to quantify variance in real to simulated
datasets
* Compare distributions of real vs real against real vs simulated datasets
* Interpret comparison between distributions based on which pairs of
distributions are compared
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Evaluation of 60 GHz Wireless Connectivity for an Automated Wareho._Z

E

Abstract

A Industry 4.0 autonomousmaterial handling agents demand
high-speedindoor network connectivityin warehouses
A In this paper, we evaluate the performance of a 60 GHz
wirelessnetwork insidea smart
A The performance of the network dependson Lineof-sight
(LOS)and Non Lineof-sight (nLO$ path signals,reflective
environment, and the number of autonomous material
handlingagents(AMHAs)n the warehouse
A TheSINRdistribution, throughput and latencyof the network
was studied to understandthe 60 GHznetwork connectivity
in the smartwarehouse

E

Approach

J

losses in an indoor environment.

Building External n Material Scattering
Type Walls Loss Height Loss and Reflection Loss
( ] | J
¥
Set the Building Assign S Generate
simulation |~ {Structure| . [Propagation| _|Calculate correlated
parameters Module | | conditions pathloss large scale
(LoS/NLoS) parameters
Perform Generate .

Generate random angles of B Generate
XPRs coupling |*| arrival and delays
of rays departure ROMWES
ey Apply Obtained
random | | Generate pathloss | |optained| |Model Throughput
initial [~| channel and | gnr [ traffic =
phases | [coefficients| |shadowing flow [P
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A NS3 was modified to incorporate suitable 60 GHz propagation = I
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A We noticed better signalreception in the case of shorter AP
heights (5m) and an abrupt SINRtransition from LOSto nLOS
path due to the changefrom LOSJominatedhigh SINR/aluesto
nLOSlominatedsideaisles

A A smooth transition was observedfrom LOSaislesto the nLOS
aislesfor APat 15m with overalllower SINRdue to increasein
the ARAMHA distanceand decreasein the dominanceof LOS
signals
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Motivation

“loTisa isil hnology for i

streetlights, etc.
-Different aspects need to be determined to

deployment of devices

communities with loT by generating a
and plan

+Urban planners need a tool to enhance smart

in smart ;u:h as noise
monitoring, air quality monitoring, auto-dimming

-Design of such appllca!lon is usually siloed within
each community, which results in inefficient

an urban
to multiple

tool that g
in

Goals

+The plan includes ideal d fity hysical
devices, and deployment locations

Reusability of sensors

tiple (data .
nnalyﬁcs]. I“"a’wcmm (sensmq networking, One sensor for different applications
of devices

<<ff&<;a

*Trade offs the efficiency (execution time) and
optimality of the plan under budget constraints
(deployment, operational)

-Provide flexible toolkits for urban planners to explore
different hypotheses other than the output plan

Retrofit from existing infrastructure

Reusability of the existing devices in communities

Reusability of networking devices
* One networking device transmits data between
multiple devices (sensors, computational devices)

""‘u""'“

+ Reduction of the deployment cost

* One computational device executes as many data

analytics as possible a
E-. A ﬁ

Reusability of computational devices and analytic results

Approach

Cross-Layer loT Planning - Divide the Problem into Several Layers

Layers include:
~Application - required by a location/area in
communities

_ datalsoftware to
applications
“Infrastructure — physical devices that
capture, transmit, or analyze data
I i for

phy
devices

oblu:ﬂva maximize the overall service utility
and y) under
budget camﬂralnu

Infrastructure

I*m in I ‘-?:n

Wikdfis A Quality  Gunshot
Detecti Momwnng

Algorithms

Two-Phase Computation, each Phase Provides Several Algorithms

merges MIFs in order to maximize the

Proposed Algorithms

Proposed Algorithms + Dynamic programming - recursively

+ Enumeration —exhaustive search for all
possible mappings
+ Selection — prunes out less pmmlslng

includes one MIF

SmartParcels: Cross-Layer loT Planning for Smart Communiti
ubramanian, Tung-Chun Chang NTHU: Cheng-Hsin Hsu, Chia-Ying Hsieh Télécom SudParis:

- generates | Planning Graph generation | selects and

a set of MIFs for each infrastructure flow

required by each application of a location service utility under budget constraints

- Sensing (different accuracy & range), networking
(different range), and computing

C2: Where - to put them
- Sensing device - sensing coverage
« Networking devices — communication coverage

| €3: How - to use/multiplex for different needs |

- Trade-off between accuracy and deployment
efficiency

- Expensive devices usually have a higher accuracy
* More cheap devices can have a higher coverage

| C4: How - to exploit pre-deployed infrastructure |

- Reuse existing (already deployed) devices to
reduce the cost

Date Rorsee e Sy

Prototype

Web-Based User Portal with Backend Storage and Computation Services
Frontend User Interfaces St e
+ Data hander - input and modificati f = .
d;ta ander - input and modification of @ L"w

Planning Toolkits — selects different et tonler
metheods for planning

+ Analytical Toolkits — what-if analysis
(insert hypothesis instrumentation)

one MIF with the hlghnst rounhllity

Backend Services

[utillues. efficiency &
f

Daia Slru:lure
flow for each lication —
order of softy
*Infrastructure flow for each inrnnnatlnn flow —

WMapped Infra. Flow (MIF) - |
with service utility and costs |

UCIRVINE | Vs,

data flow via devices

“Mapped Infrastructure Flow (MIF) for each Clean-Slate

flow — + Design from scratch, e.g., a
whole new communities

p
and of softy for each

device *

-Plinmnggr:ph composed of several MIFs
that ate the final across
layers

communities

B - [ S Y-
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g/
+ Retrofit— considers existing devices *
(work with enumeration and selection) then MR

ti ion Wvurage}

plus -

Profiles

Required app.

Info. flows

+ Database - stores data and results
+ Design agent- executes corresponding

core algorithms according to users’

demand

y cor
analytics based on users’ input

\nfra. fiows. Feasible

Geophysical

Candidate locations Mapping Generation

Existing devices.

- Exploit the existing devices,
.8, build on the existing

Generate a set of MIFs, Determine
geophysical mapping for each infra. flow
for each required application by a
service site of a community

under budget constraints

candidate location > Reuse the

Maping (M) 3 infrastructure

Mapping [MIF 0

+ Infrastructure mapped to the same

Build a planning graph. Select several MIFs
such that the total service utilty is maximized

MIF 1ol app.x
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Enhancing Smart Spaces with Thousands of Serverless

Background

s Adaptivity is critical for smart
spaces.

s Deep learning (DL) training costs
~$1 per 1K parameters.

s Serverless computing has become
the most cost efficient cloud
computing services.

Methodology

s Estimate memory and duration
using runtime image, data and DL
model sizes.

s Concurrently train the DL model

on images from assigned video.

Store trained DL model

parameters on an in-memory key-

value store, i.e., Redis.

s Execute weighted aggregation of

model parameters to yield single

ensemble model.

Store ensemble model to

database, i.e., AWS S3 bucket, for

on-line inference.

o«

o«
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Performance Results

s DL training jobs execute as serverless
functions with a 0% failure rate.

s Thousands of concurrent serverless
functions reduce the job duration.

Bare-metal TensorFlow . .-

m 20 | Default Serverless TensorFlow - -—
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Training accuracy is as high as a
bare-metal environment.
MNIST-Inception
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Future Work

s Explore communication strategies to
remove overheads of central storage.

s Accelerate DL training jobs with
specialized hardware, i.e., GPUs.
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Service Caching at the Edge

1 Abstract

A Increasing number of connected devices requiceel techniquesto keep
internet traffic congestion low

A Users expect high Quality of Experien€®B with smartphones, wearables,
smarthome devices, transportation and Industry 4.0 supporting devices.

A Service cachingndcomputation reusecanminimize latencywhen requesting
services.

A Challengesnclude interoperability due to device and data heterogeneity,
limited storage, computation, RAM, bandwidth, and energy on edge server
user mobility (spatial and temporal dynamics), scalability for deployment,

RIT
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Edge Clouds

(Limited Resources)

Cloud

unknown task demand and variable size, privacy and security.

A Servicecachinginvolvesstoring service code (or VMif memory at the edge,
minimizing latency and energy use when transferring programs.

A Computationreuseinvolvesstoring results of service computation for given
inputs, so results can be used in similar future requests.

A Servers can cache or offload basedpmpularity or context

A Recent efforts move away from dat@ntric network architecture by convertin
data into services.

2 Backaground

3 Approach

A Goals optimizecache hit rate minimizetask latency minimizeenergy
consumption (for transmission and computation).

A Spatial and temporal considerationsf service caching (neighboring device
local edge vs cloud, each offering different computation and storage
capabilities, consider movement and demand prediction).

A Relationship between datdtems (likelihood of access to related datapntext
is used to make these relationships wiaynitive enginesSemantic task names
are used to find matches in a heterogeneous environm@uaEimproved based
on priority (medical vs gaming vs email).

A Optimization is usually NRard.Heuristicssuch as Lyapunov optimization are
implemented, many involve integer linear programming (ILP).

A SDNcan be leveraged to implement communication & management for the
solutions within protocols with less overhead.

A Approaches should considprivacy and securitysince user data can be
sensitive.
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time Who gets priority?
Communication latency and ' ' C ion 1 d '
T = Tasks ‘ energy consumption S

energy consumption

R(T) = Results of Tasks )
Computation latency and
energy consumption

Communication latency and
energy consumption
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Milestones
A Development of new approaches and heuristifar service caching in application scenarios related to industry.

A Evaluationof initial approaches (cache hit rates, task latency, and energy consumption agfaibesof the artboenchmarks).

A Refine initial approaches targetimgteroperability.
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