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Got 1% Of Your Day To Spare?

15 mins of heart pumping activity is all you need
to reap the health benefits it brings. Find a fun
exercise and get moving now!

BULB

Remember To Wear Your Tracker!

Remember to wear your tracker everyday to
capture your daily step count!

Batch scoring
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Loss Functions
Pointwise Loss (e.g., log loss)

» Treats the recommendation task as a classification problem
» Optimizes for the prediction scores to be close to the target scores

» Applications: Rating Prediction, CTR Prediction .
e.g., segment -> Propensity

P(i)

L= ) —yulogo@u) — (1= yu) log(1 - 6@ur)
(w,i,X) €0

Pairwise Loss (e.g., Bayesian Personalized Ranking (BPR) loss
» Treats the recommendation task as a ranking problem

» Optimizes for the relative order between observed and unobserved interactions
» Applications: Top-N Recommendation, Preference Ranking

e.g., Marker -> Next Best Activity A; A,

L= Z _lno'(j}ui_yuj)
(w,i,j)eo

FIG. 11
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1200

Candidate Item Generation: General |Idea

Step 1: Generate Data Instance

Take each participant (user) and their context (e.g., markers, segments) and generate a user-item pair (u, i) or if
side-information (c) is available, then a trio (u, i, ¢). Transform each pair or trio into a separate data instance.
Step 2: Feature Representation

Represent each data instance using hand crafted features or features learnt via representation learning (e.g., deep
Learning).

Step 3: Prediction on Data Instance

Perform predictions or rankings based on user-item-knowledge interaction modeling using matrices or graphs.

0 Data Instance Feature Prediction on Yui
(w,i) or (u,i,c) Representation Data Instance i1 >i3>...> 0

@) [T ] Prediction / Rankings
u: User ,
i: ltem il [ [ [ [ []
c: Context

FIG. 12
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Candidate Item Generation: Major Issues

Issue 1:

Data sparsity issues might arise if we treat each user-item pair (u, i) or user-item-context trio (u, i, c) as an
independent separate data instance. As the data instances are limited, we will not be able to learn good
representations for users that are not as active or items or contexts that are not as common.

Data Instance Feature ) Prediction on Vui
(u,i) or (u,i,c) Representation | Data Instance L >i3>...>10;

@[ 1] Prediction / Rankings
u: User .
i: Item il [ [ | [ ] ]
c: Context
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1400

Candidate ltem Generation: Major Issues

Issue 2:
Suboptimal representations of unseen or infrequent user-item / user-item-context interactions would result in

poor prediction performance and hence bad interaction models.

o Data Instance 1 Feature Prediction on Yui
(w,i) or (u,i,c) | Representation Data Instance ‘ iy >izg>...> 0y

(u:) I:I:]:] __________________________________ Prediction / Rankings

u: User .
i: ltem (u, L C) | I | | | I |
c: Context

FIG. 14
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Candidate Item Generation: Major Issues

Issue 3:
The learned model is a black box where the recommendation cannot be reasoned or explained.

Why i; recommended to user u;?

4

0 Black Box
° Data Instance Feature Prediction on Vui
e (u,i) or (u,i,c) Representation Data Instance L >i3>...>10;
@[ T ] Prediction / Rankings
u: User .
i: Item i [ [ [ [ ]]
c: Context

FIG. 15
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2100

Session-based Recommendation

e aims to predict which item a user will click next

e solely based on the user’s current sequential session data
without accessing to the long-term preference profile.

e user identification is unknown and only the user behavior
history during an ongoing session is available

FIG. 21
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Challenges

Limitations of previous work:

1. Difficulty in estimating user representations without adequate user behavior in one

session
2.  Only modeling single-way transitions between consecutive items and neglect the

transitions among contexts
3.  Assumes each user only accesses one item at each timestep

§

00
o0
\2) )

QIQ)
&

FIG. 22
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SOI ution Session-based Recommendation with Graph Neural Networks

<
[y

)

o =
OO ORI § v . ©
NN — 7 {111 s« & & £ @
Mo A = 8 , S [TT11}-§ (T1111E @

NSRS~ D N\ / | = 2 = )
ORONO/ER VR s (1111 . §
[ \NE/) \ \\// %; g 52 {vy, va} a % -
NONR : “ o A II11[}3 @

o B :

1.  Model all session sequences as session graphs

2. Latent vectors for all nodes can be obtain through graph neural network

3. Each session is represented as the combination of the global preference and local interests of this
session, which is composed by latent vectors of nodes

4. Predict the probability that each item will appear in the next itemset of the session

FIG. 23
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1. Constructing Session Graphs

Each session sequence modeled as a directed graph
e Node represents item
o Edge represents successive clicks

Assign each edge with a normalized weight, calculated as the occurrence of the edge divided by the
outdegree of start node

v; A A v, v; v, V3 A
Vi 0 2/3 1/3 0 0 2/3 1/3 0
v, 2/5 0 1/5 2/5 2/5 0 2/5 1/5
V3 1/6 2/6 2/6 1/6 1/4 1/4 2/4 0
Vg 0 1 0 0 0 2/3 1/3 0

FIG. 24
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2. Learning Item Embeddings on Session Graphs

Obtain latent vectors for each node through gated graph neural network

A=A v v H4b, a

zi ;=0 (W.al,+U,v;), (2)

v ri,=c(W,al,+Uwvi"), A3)

—{ 1T+ !
-:-'@/ § v, v! = tanh (Woag,z + U, (rf3 ; © vf 1)) , (4)
/A = [ [

O 8 “ vi=(1-z,;)0vi " +2,0v] )

O==CN il = GrUG), ") © |

o vectors of neighborhoods propagates to current node

e candidate state constructed by the previous state and
the current state. Reset gate as described in Eq. (4).

e The final state is combination of the previous hidden
state and the candidate state, controlled by update
gate.

FIG. 25
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3.Generating Session Embeddings

L4

LI T T _

Session embedding: combine global preference and ﬂ\:va:DH é s 53_3' .
current interests of the session Vs g D:]ﬁ:[:] N % ST T T
« local embedding s,is defined as the SOTTT2 w3

average of the node vectors of the *[l:]vj:l:)—’ = g

last-clicked itemset
» global embedding s; is obtained by

aggregating all node vectors within Q; = qT oc(W1ivyn + Wavi +¢c),

each itemset using soft-attention 1 & (6)

mechanism and averaging across all 5g = — Z (Z aivi)

itemsets. j=1 \i=1

e hybrid embedding s, is obtained
by taking linear transformation sy, = W3 [Sl; Sg] , (7)
over the concatenation of the local
and global embedding vectors

FIG. 26
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4. Making Recommendation and Model Training

e« compute the score z; for each
candidate item v; by multiplying
its embedding v; by session Z; = shT Vi. (8)
representation sy,

y = softmax (Z) , 9)

e For each session graph, the loss
function is defined as the cross-

entropy of the prediction and T |

the ground truth w | i

| i z g Ly @ :

s {112 &« 2 a2 O

: v ; —[ITITTT} : —EEEED?' i H@ |

S I I I i '

i |

FIG. 27
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CueRank Pipeline
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Database

‘ Training ‘

N N
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Construction Model Training KGAT Model

Inference

Knowledge Graph

Construction .
Connected Participants

00000
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% Prediction
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CueRank Pipeline

‘ Training ‘ *’ @ " @) " I@l
— y’’ '

Knowledge Graph

Construction Model Training KGAT Model

—[—=2.
(—-o/ -

Honezcomb
Database Knowledge Graph

Construction

Connected Participants
00000

Model

- " yc)@ ] Prediction —* -:CP%

Each participant will have a list of =  — °oo
candidate cues, which are cues that can Candidate Cue i Y, Recommended Response to
be sent to them. A cue becomes 2 Selection Disconnected Participants = \"3 Cues Cues
candidate cue when its target segment

matches that of the participant. Random

Selection

FIG. 30



System and Method for Facilitating Compliance and Behavioral Activity Via Signals Driven by Atrtificial Intelligence

31/62

2900

CueRank Pipeline

e @
Training — —_— @‘ —_— 8
. ¢ ~

Knowledge Graph
Construction

Model Training KGAT Model

)

Honeycomb

Database Knowledge Graph
Construction

Connected Participants
00000

e — —
o
Qe Ch
) [y} )
Candidate Cue N/T Recommended Response to
- > —_—
Selection Disconnected Participants &= \"> Cues Cues
Random
Selection

* Connected participants: Participants with

at least 1 marker [ segment / cue
connection in the knowledge graph (KG).
Disconnected participants: Participants
without any connections in the KG.

Since the KG is dynamic, a connected
participant becomes disconnected if he
does not have any static markers (e.g.,
Sex | IsMale), and he loses his remaining
marker, segment and cue connections
due to inactivity.

FIG. 31
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CueRank Pipeline

— @ B
& .

Knowledge Graph

. | ini
Construction Model Training KGAT Model
—» w
w > The following responses to the cues
are collected:
Honeycomb * Whether the participant opened
Database Knowledge Graph the cue.

* The feedback (positive / negative)
that the participant gave, if any.

Construction

Connected Participants
Inference

00000

Model

' ; ; Prediction ~
OFo19 %

) N2 .
Candidate Cue = Y Recommended Response to
Selection Disconnected Participants = \\"} Cues Cues
Random
Selection

FIG. 32
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Knowledge Graph Attention Network (KGAT)

Attentive Embedding Propagation Layers
1=3 (3)
fﬂh LT Jed
Collaborative Knowledge Graph G =2 Q I:D:l o)

- :
ll

= u
=2 Oy :
——— [ [ [
" - d LT ] <
: L R 1
> it
— [T e
topics ; bt
e . 2. Attentive Embedding Propagation Layer
types
e.g., behavior Information Propagation AL = Z ni(hy T they, (3)
(h,r,t)EN},
" Knowledge-aware — ik
1. CKG Embedding Layer Attention m(hy7,t) = (Wrey) Ttanh((Wren + o)) @)
— 2
TransR  g(h,1,t) = |Wrep +er — Wret||5, 1) Information Aggregation e[h” =LeakyReLU[‘-‘M’|(eyl + e_N’h]] + LeakyReLU(Wz(e}l ® e,\rh]). (5)
Pairwise [xc= 3 -l G(Q(h,r.t'] —g(hgﬂt)]- ()
Loss h,r,t,t")eT (=1 _ (1-1)
EEhSIE Recursive Propagation €Ny, Z nh, T tle (6)

(hyr ) EN;,
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Knowledge Graph Attention Network (KGAT)

Attentive Embedding Propagation Layers Prediction Layer
1=3 3 3. Model Prediction
i=2 Q D > I:I:l:l eim Concatenate node’s representation at each layer
t=1 .Q‘ — " . = ... olt
D [T T Ja et = e lleld, et =) [e{". ()

N u
i1

(]

Score user-item pair

. 9w, i) =€}, ef, ®)

& Fuyiy L= Y —hofg(ui) - 9. ©)
(u,i,j)eO
1=3
(3)
- I e, . s e
t=2 I Q m I:l:l:le(;) 4. Model Optlmlzatlon
>
D] ;
e Objective Function

P

U1

- |:|:|:| e© LGAT = Lk + LcF- (10)
uy
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KGAT to CueRank Knowledge Graph Attention
Network (CRKGAT)

KGAT CRKGAT

Users are only connected to items. Users are connected to items (cues) and

User connections
other entities (markers and segments).
KGAT is not able to handle a cold CRKGAT can easily handle a cold start
Cold start scenario start scenario and is only able to scenario and make predictions on
make predictions on entities that unseen entities without the need to
were seen during training. retrain the model.
7 model parameters. 9 model parameters, 7 from KGAT and 2
Model Parameters are new parameters: neg_slope and
train_kg.
Model Outputs Returns a prediction pru'obabﬂl'ty on Rethns a ranked list of items (cues) for a
whether a user would like an item. user in order of user preference.

FIG. 35
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CueRank Knowledge Graph Attention Network

(CRKGAT)

Qutput: Recommended Cues

Input: Knowledge Graph

participant_id recommended_cues

1COUNH
v | BUMULU

96L9AP
,
‘ - %

Participant Segment

T250RB

i !

(296, 268, 275)
[275, 325, 347)
(296, 334, 297)
(297, 325, 347)
[334, 283, 347)

Here's a good deal!
Enjoy healthier food

and get rewarded at
the same time

You're on a roll! You
averaged 10,000 steps
daily last weelk. Keep
your 10k streak alve
and add anather day of
10,000 steps today!

@ .
& =55

> Topic Type

g
2
]l
i
E

Cue 268

FIG. 36

Getting groceries? Try
going for Healthier
Chaice products such

as wholemeal bread
for your family!

Cue 275
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CueRank Knowledge Graph Attention Network

(CRKGAT)

No. Model Parameters Description Example
1 entity dim The entity embedding size. 100
2 relation_dim The relation embedding size. 50
3 conv_layers The output sizes of every aggregation layer. The length of conv_lavers [100, 50]
represents the number of layers used.
4 dropout The probability of dropout in each layer. 0.1
5 age tvpe The type of aggregation to use from {gcn, graphsage, bi-interaction}.  gcn
6 neg slope The negative slope of the LeakyRelLU. 04
7 LR The learning rate. le-4
8 L2 The L2 regularization. le-5
S train_ke 0: Train model only on CF loss, 1: Train model on both CFand KGloss. 0

FIG. 37
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CueRank Knowledge Graph Attention Network

(CRKGAT)

Initial Experiment Results
model id ;entlty_dlm _relation_dim conv_layers :dropout agg_type ‘neg_slope

P e
N s W N = O

50
50

50

50
50

50

100
100
100

100

100
100
100

100

100
100
100

50/(50)

50/(50)

50(50]

50/(50)

50/(50)

50 [50]

100 (100)

50/(100)

50/ (100, 100)
50[100,50] |
50/ (100, 100, 100)|
50,100, 50, 25)
50/ (100, 50)

50 [100, 50]

50, (100, 50)

50 (100, 50)

50 (100, 50]
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0.1 gen 001
0.1 gen 0.1
0.1 gen 0.3
0.1 gen 05
0.1 gen 0.2
0.1 gen 04|
0.1 gen 04
0.1 gen 04
0.1 gen 04
0.1 gen 04
0.1 gen 04
0.1 gen | 04
0.1 graphsage | 04
0.1 bi-interaction 04
0.3 gen 04
0.1 gen 04|
0.1 gen 04

FIG. 38
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Topics

. ro: opened cue
r ry:insegment

4
5 c rs
r2: has marker
. BMI | BMIT Steps | Physical Actrvity | rs: has audience
I I .

[ BMI| M&L ][ Sex | bMale ][ IsHealthyBMI ][ EVeryHighBMI Is10kStepper HighAerobicActivity re: has goal
rs:includes
rs: excludes

* Yo simplify the graph, not
all entities, relctions and
connections are shown

FIG. 39
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become diabetic. Please increase

‘ A high BMI s a sure way to
your daily steps to reduce .

4)

| Participants ‘ P, and P, are similar as they both
opened C; and belong to 5,. C; and
C, are zlso similar as they share the
same audience and goal of 5, and T,
respectively. Since P, opened C;,
KGAT will recommend C, to P; as he
may also be likely to open it

o)

Markers,
Segments

S

éa“
- o \§ w =) ¢ | ;

B | BT | i
BM"M] Sex | ixviale ][ sheakthyBMI ] BVeryHighBMI l ra:

rs:

opened cue
in segment
has marker
has audience
has goal
includes
excludes

* To simplify the graph, not
all entities, relctions and
connections Gre shown

FIG. 40
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Segments

Topics
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3900

Cues ]

. 1
ﬁloﬁ ‘ You're on a rolll You averaged 10,000 steps
daily last weelk Keep your 10k streak alive
LA_‘ ) and add another day of 10,000 steps today! ‘
Although P, has not opened e
any cues in the past, P, and P,
are similar as they both belong \

to §,. Since P, opened C,, KGAT
will recommend C, to P, as he
may also be likely to open it.

fo

fe
2 3

[ Steps | [ Physical Activity |
Is10kStepper IshighAerobicActivity

rn:
r3l
fa:
rs:
I

: opened cue
:in segment
has marker
has audience
has goal
includes
excludes

* To simplify the graph, not
oll entities, relctions and
connections are shown

FIG. 41
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ro: opened cue

* Female ri:insegment
« 38 yearsold ry:has rnar}ter
© HBAIC of 6.2% rs- has audience
= 25 mins of physical ra: has goal
activity in the past week rs: includes
rs: excludes
i
2
dentary
n Prediabetics
{ Sex | IsFemale Age | J | Diabetes | ' Phyysical Activity |
| ARAAAAS, IstdkMeMul IsPrediabetic IsSedentary
@
Nomma Prod abetic Sabatic Uncentr aled ) .
¢ 8 ‘ Dia batic * Yo simplify the graph, not
Physical ail entities, relgtions ond
Activity Sad Low Adrcbic  Mhedium Asrchic  High Aarobic connections are shown
vedentary Activity Activity Activity

FIG. 42
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®
Staying healthy and fit becomes
more important as you age. 15
mins of heart pumping activity a
day i all you need. Find a fun

| exercise and get moving now! |

Sed mlw
Predubeun ts

“GE l Diabetes | Phrsu:al Activity | -
ma Physic
Sex | bfemele ! IsPredisbetic IsSedentary 3l Activity

ﬂ@ﬂl Phyica y
Activity Sedentary LOWArobic  Madium Aercbic  High Aarobic

Activity Activity Activity

FIG. 43

ro:
:in segment
rn:
ri:
raZ
rs:
rs:

r

o

opened cue

has marker
has audience
has goal
includes
excludes

* To simplify the graph, not
all entities, relctions ond
connections are shown
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ro: opened cue
= Female ri:insegment
= 38 yearsold r;:has mar.ker
« HBAIC of 5.9% r3: has audience
= 52 mins of vigorous physical rs: has goal
activity in the past week rs: incudes
rg: excludes
5]
z
s n [
P rs
. e —
) ol (
[ Sex | IsFemale [ Rge | J (" Disbetes | | [ Physical Activity ||
AR~ IsMiddleAgeAdult lsPrediabetic |_lslowAerobicActivit
* To simplify the graph, not
Physical v all emjn'.es, relgtions and
Activity %d Low Aercbic  Medium Asrcbic  High Aarobic connections are shown
dencary Activity Activity Activity

FIG. 44
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AgeT Disbetes | [ Physical Activity | . K
I P A
[ Sex | hFemale ] IsMiddleAgeAdult IsPrediabetic IsLowAerobicActivity [ hysical Activity ]

FIG. 45

|

You are doing a great job of
reducing your HBALC levels to
5.9%! Schedule another work out
to keep going on the right path. )

ro: opened cue
ri:in segment
r2: has marker
r3: has audience
rs: has goal

rs: includes

rs: excludes

™,

* To simplify the graph, not
all entities, relations ond
connections Gre shown
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ro: opened cue
* Female ryzin segment
* 38 years old r2: has marker
« HBAILC of 5.6% ri: has audience

= 95 mins of vigorous physical ra- has goal

activity in the past week — rs: incdudes

) rs: excludes

n
r v
\ \ ry 5
Age | [ Physical Activity | Physical Actity |
Sex | Is}'!m.ale ] LtstdleNteAdul! | IkMediumAerobicActivity IsHighAe robicActivity

g Heme o Diabetic * To simplify the graph, not
thuc:l v oll enva_es, relgtions and
ﬁﬂmtv LowAsrobic  Mdediim Aerobic  High Aerobic connections are shown

i it Actinit Activt
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ro: opened cue
r::in segment
r2: has marker
ri: has audience

/I the last 7 days, you dlocked a ®
total of 95 exercise minutes. Well
done! It's time to extend your

fitness journey with one of our fa: ‘hg 5°a|
workout sessions, Browse and rs:includes
\ book a session today! Y, rs: excludes
S /_
N e K
@
L] o [{]
3 \ \
n [F] Fitness Fanatics @
ry re
Age | Physical Actavity | Physical Actvity |
Sex | IsFernale IsMiddleAgeAdult IsMediumAerobicActivity IsHighAerobicActivity
* To simplify the graph, not
v oll entities, relctions ond
Coduntary  LowAatobi  Mediam Aerebic  Hgh Amrobic connections are shown
-y Activity Activity Activity

FIG. 47
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ro: opened cue

* Female ry:in segment

+ 38 yearsold ry:has mar_ker

= HbAILC of 5.6% ry: has audience

* 160 mins of vigorous physical l l rs: has goal
activity in the past week L rs: incdudes

\ ré: excludes

n
n -

\
®
\@ \@ o

YSIC. ity
senigiomte | (wapoirgenan ] 0 el SlEherensiciay
* To simplify the graph, not
7 oll entities, relctions and
Low Aarchic  Medism Aercbic  Hygh Aarobic connections are shown
A v Activity Activity
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Female

38 years old

Reduced HBAILC from 6.2% to 5.6%
Increased vigorous physical activity
from 25 to 160 mins per week

(o) v
o o, Dizbetes _— S
Neemal Disbatic Uncantrolle

1 ediabeth it
M Dabet)
Physical v
A.ctwtty ad Low Asrobic Madium Asrobic High Asrcbic
Sedentary
Activity Acthvity Activity
OO OK Stepper IK Stepper 5K Stepper 7K Stepper DK St er
§ v
o m
NOt Healthry Low Healthy Medium Healthy High Healthy
Buyer Buyer Buyer Buyer
il \ 4
"“" m de
ol WNoer 5 5H Sleepe 6H Sleeper TH Sleeper

Heeper
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5000

%_@ T rJ - @) S — I@I
1) User Opens App 2 ) App Syncs with

v

On-the-Fly Marker L 4 APILCall KGAT Model |
Fitness Tracker Computation ~ -
(Y -

) -

New Cue
Recommendation
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Framework

What algorithm? How to rank cues to send?

What other constraints to apply?

How to select candidate cues?

What objective to optimize?

Candidate items System Recommendations
Itcl n(st, 1¢) At c It
Reward ’ Who to set goal?
st r(st, at) ‘
' v
= o ; H lized Is?
Update state % O low personalized are goals’
-— -—
What do we know about ! Y d '
participants? g+l User's response User

User's state at e A' P(st, A%

v

How to measure user response?

FIG. 51
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Design Choices for CueRank

What algorithm? How to rank cues to send?

i imi What other constraints to apply?
Knowledge Graph Attention Network (KGAT) Highest respor)se by similar .users s Y
) N More segments in common with user Quotas per channel: a per day (mobile), b
Reinforcement Learning (e.g., SlateQ) ) .
Shortest path to user’s goal (marker) per week (sms), ¢ per week (email)

Don’t send multiple cues for the same goal
(e.g., multiple cues for steps)

Don’t repeat the same cue within d days
How to select candidate cues?

User is in cue’s audience segment

Cue’s goal marker is “higher” than

(or equal to) user’s current marker
Sequential dependencies

What objective to optimize?
Open

Based on user’s goals Candllfiate!nems Systl EIT) Recor:tm en;:ations Reaching specific goal(s) / care
c (s, c plan / Clinical Graph
Reward Who to set goal?

r(st, at) Care / program manager
Participant (self-set)

N
Update state N How personalized are goals?
«— "> — o Program level goals
Individual goals
J

What do we know about T
participants? gt+1 User’s response User
Markers User's state at € At B(st, AY)
Segments v

Cues received

Cues opened
How to measure user response?

FIG. 52
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«— Input | Output —

\ hi = o‘( Z W*hj)
Graph jENG)

hy 1

1 i1(of1]0 hZ h'Z

1({1f1]o]o ’

0 1 1|1 h3 3

110111 h4 hfl-

ojojJo|1]|1 h5 h;;

- \ J | J L )

Y ¥ Y

Adjacency matrix Node features Learned weight matrix Learned node embeddings
Transferrable: Cannot / not useful to transfer:
1. Weight matrix 1. Adjacency matrix
2. Subset of embeddings: 2. Node features, if any
* Markers 3. Embeddings for actual
* Topics (Goals) participants and cues

» Cue Signatures
» Segment Signatures
» Participant Signatures

FIG. 53




System and Method for Facilitating Compliance and Behavioral Activity Via Signals Driven by Atrtificial Intelligence
54/62

5400

Step 1A: Original Graph

E

Cue Lxcwiny

ét_%@.%

Topic (Goal)

Marker

Segment
Participant

Ex Parvcpant 1D x

Customer-specific Extract learned

embeddings
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Step 1B: Signatures

has -
Cue signature - Attribu

many partiponcs s Cue Signature
P e Vit
. . h i —
Participant m.‘ %[\@ Q
signature Sagrment Signitu

: '“‘;:‘-“‘-Segment / Topic (Goal) i

Participant unlqs defiaiions
Extract learned

ignature
embeddings

Marker

improves to
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No. of possible Participant Signatures is
determined by the markers in the signhature

Example 1: Example 2:

shatant

hAdut
-r WChid dd
Age e e 9 Age Do B 3
wscent B hY oaneAdult Unbnown

ll\’wr'nui AR
Sex o Uriknowa 3 Sex e, Unknown 3

hlow hlow hHigh
MVPA EXEaum mﬁ 5 MVPA [T B 4

BHEmanded, Underdi W

:' ';'(""'" - :\ ;Ct S‘eps ::‘:: ::I-\:w- L] &
Steps a3k 15k 8

ISe Uniknown Nutrition %’dm hﬂgh-n 4

. t - h WAAAAAAAY

Nowidon  Eise . 8 Seep B, ., 4
Sleep ::::"b :a:-\ 6 EMI bl roche rave gt RO 5

Y Unnoms [T BN

T raviaht

A aderwelihe hOeseClassl Soe _
BMI oG 7 Markers 25 Unique 34,560

SO, O Signatures
Markers 35 Usique 181,440

Signatures
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Reinforcement Learning

Goal of RL: Learn an optimal policy that maximizes a reward function by taking actions
given a state of the world.

Example: Q-Learning (there are many other types of RL)

~

Initialize Q-table

(.

~N

J

A 4

~

Iterate till convergence
/ terminating
condition is met

RL is an iterative algorithm that learns from
experience = needs lots of data about past

A 4

Choose an Action

(.

~N

J

A 4

Vs

Take Action

(.

N

J

A 4

~

Compute Reward

~N

J

A 4
-

Update Q-table

N

J

cues & responses / rewards

Initialized
Actions
Q-table
a a an
51 0 0 0
S, 0 0 0
States
Sm 0 0 0
Several possibilities:
Next marker / goal
Time / day to nudge
Channel Trained
Actions
Q-table
Participant o %2 o
markers 51 0 0 0
\ s, | 12 | 5.2 -0.8
- States
Sm | 24 6.7 5.2
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Step 2: “"Experience” data for RL

$1,41,71,S82,04

Sz,0A2,72,53,043

S3,03,73,54,0Q4

St At T, St+1 ., At+1

FIG. 58
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Step 2: “"Experience” data for RL

S1,04,71, 52,0z S1,Q1,7,S2,Q

52,Q2,72,53,03

v

$3,Q3,73,54,04

Sz,A2,712,S53,043

Str Qe+ Tt St+1, At 41 83, a.3 ) Tg, S4_ ) Cl4_
Customer #1
S1,Q41,71,S2,0; St' at ) rt’ St+1 ) at+1

S2,Q3,712,53,03

53,03,73,54,04

St QT Se+1 At

Customer #2

RL RecSys

$1,44,71,52,4;

$2,Q2,72,53,043

53,043,73,54,04

St At T8 St41, Qe

Customer #3
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Learning rate Discount rate

Q(s,a) < Q(s,a) + a [R(s,a) + ymaxQ'(s’,a’) — Q(s,a)]

ST

New Q value Current Q value Reward for Maximum Current Q value
for the state taking an action expected future
and action in a state reward
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N\

Obtaining data associated with a
plurality of participants from a
plurality of data sources 6102
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\ 4

Determine paths/pathways that

each participant has taken towards

the goals, regimens, and/or plans
6108

Determining markers associated
with the participants based on the
data from the plurality of data

sources 6104

Generate segments for targeting
specific participants 6110

Determining goals, regimens,
and/or plans for each participant
6106

Ranking the cues for each
participant based on likelihood of
participant interacting with the cue

Determining actions/behaviors for
each participant to perform 6112

\ 4

6116

Facilitating delivery of one or more
cues to each participant 6118

Generating and/or obtaining cues
based on the markers, goals,
pathways, segments, topics, and/or
actions 6114

\4

Analyzing telemetry data providing
information relating to the
interaction of the cues by each
participant 6120

y

Utilizing the telemetry data to
update artificial intelligence models
and/or knowledge graphs to
enhance the cue generation

process on subsequent occasions
6122
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6200
M 6208
Processor Video
< > < > Display
Instructions |- 6210
o202
6224
Main Memory Alpha-Numeric
P R < Input
Instructions [—~ - Device 6212
201 )
6224
Cursor Control
Static Memory < > ngice
Instructions |—] 6214
6206 \
6224
Machine-
Network Readable
Interface — | e Medium
Device
6220 //' Instructions
6224 6222
6216
Signal Generation
< »| Device
Communications 6218
Network

135
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