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A Starting Point: Dyadic Setting

e Social network with two individuals

Care Target
Partner Person

Relationship

GOAL: Support Target Person’s Health Outcome
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ADAPTS-HCT

Caregiver
Parent
Q AYA
° Dyads ﬁ Cancer Patient
0_/’ ] :v;
* AYA (adolescent and young adults) Q9™ \
messages $ 0
» Undergone blood and marrow transplant ) e
» Care partner (e.g., a parent) LX)

 Goal: enhance AYA's medication adherence
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Interventions for Dyadic Structure

Positive
emotions

Offer? m
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Not offer? £
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Agent

Relationship
quality

Self-care
strategies

Care partner
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Online RL

« Reinforcement Learning '

State S,
« State S;
* Action A,
» Reward R; Reward R,
» Goal: maximize cumulative rewards, Y.;»o Y R; Revs
Sers
Online RL

« Use streaming data from real-time interactions
to update/optimize policy

» “Learning while treating”

RL algorithm 1S part of the digital intervention
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Challenges to Online RL

« Goal: maximize cumulative rewards (AYA medication adherence)

over 100 days

* Challenges

* Multiple interventions (complex policy)

* Interventions impact dyad over different time-scales

« Some interventions only have distal effect on rewards

Messages to

care partner

| Care partner

distress
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Improve Learning by Incorporating Domain
Expertise

* Intervention content is based on dynamic theories about
how these interventions will impact health outcomes

* Theory encoded as a causal directed acyclic graph
(DAG)

» Conditional independence structure /@\

02

Figure: A Causal DAG Example
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How to accelerate RL learning using a DAG?




Incorporate Domain Expertise

» Real-world causal relationships are likely very complex
* Direct paths may exist between any two variables

 Scientific team use theory behind the intervention content to
reason about the causal pathways that are most likely
detectable given the noise and sample size

* DAGs help RL developer use these causal pathways to
optimize policy more quickly
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Domain Knowledge as Causal DAG

AYA

Intervention

App
Burden

AYA

Adherence

Monday AM
AYA AYA AYA AYA AYA
Aw,l,l Aw,l,Q Aw,2,1 Aw,?,? Aw+1,1,1
AYA AYA AYA AYA AYA
Bw,l,l " Bw,1,2 — " Bw,2,1 Bw,7,2 R Bw+1,1,1
\/ \/ \/ v
AYA AYA AYA AYA AYA
Rw,l,l ’ Rw,l,Q ’ Rw,Q,l Rw,7,2 ’ Rw—l—l,l,l

AYA component (twice-daily)
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Domain Knowledge as Causal DAG

AYA intervention

Monday AM

AYA AYA AYA AYA
i A Ao Ao

Intervention 7\ >\ 2,

App BAYA AYA AYA
—» B, — B
Burden w,l1,1 w, 1,2 w,2,1
\1 v \ v \, v
AYA RAYA AYA AYA
—» R, —» R

Adherence w,1,1 w, 1,2 w,2,1

A1 — Ry
AYA AYA AYA
AwﬂJ_éBWAJ_eRwﬂz
At Awtiaa

AYA AYA
lguuZZ —T1T— [3w+JwL1

\l

AYA component (twice-daily)
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AYA

Intervention

App
Burden

AYA

Adherence

Monday AM

]BAYA

w,1,1 ~ |

A

RAY

AAYA
w,1,1

A\

w,

AAYA
‘411'.1.2

b Bi, s B

A\

AAYA

‘411;2. 1

w,2,1

A AYA
1,1 —» Ru~,1,2 —>

A\

AYA
RuxZ.l

AYA
A 7,2

w,

AYA
B’u’,?.‘z I

R, 4 R

“w,

AYA component (twice-daily)

Carepartner
Distress

App
Burden

Carepartner
Intervention

Monday AM

B

CARE
w,l

CARE
Yw ,1

A

CARE
w,1

» B

CARE
w,2

/ pose

A

CARE
w,2

_ 7 CARE
b Yw,2

AAYA
w+1,1,1

AYA
Bu:Jrl.Ll

AYA
w+1,1,1

A

CARE _ 7 CARE
Yw,?’ b KU+],1
/ CARE
/ Bw+l,l
CARE CARE
w,7 A’w+1,1

o

AICPArUIICIECUTITP UITCITU T LY )
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AYA
Intervention

App
Burden

AYA

Adherence

Monday AM

“tw, 1,1

‘4'11,'72. 1 <

AYA

w

7.2

—_.

AYA component (twice-daily)

Game
Intervention

Relationship

Monday AM

AREL
‘411:

/REL
Y w—1

-

Relationship

component (weekly)

Carepartner
Distress

App
Burden

Carepartner
Intervention

Monday AM

AYA
> Ru,dr'l.],]

AREL
"4 w+1

/REL
YR

Jarepartner component (daily)

BCARE

w—+1,1

CARE
Ay 1

> YCARE

w—+1,1
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52% Monday AM

Some Causal Pathways

1 \\ AYA AAYA AAYA AAYA AAYA AAYA
\ﬁ }N Intervention ‘_lzr,l.l ‘4'11,*.12 Auxz,l ‘411'7.2 Au:Al.u
| _________________________ hl
. \ \ .
A l
App AYA AYA AYA AYA
Burden | Bu'.Ll g Bw.l.? i Bur.2.l e 1,7, > Bu,‘JrLl.l
}
}
L____Xx________\E __________
v \ 4
AYA AYA SAYA JAYA
Adherence Hw-l-l > huv.l.z — R 12, w, 7, —> 1111'+1.1,1

AYA component (twice-daily)

r' Monday AM

Game REL AREL
Intervention T w1

Relationship intervention

REL AYA AYA
+
(+) AW — BW,*,* — RW}*,*
Relationship )FELI ° (burden)
Relationship component (weekly) \ REL REL AYA
f Monday AM \ AW — YW — RW+1,*,*
‘ ,;”5“ . o . . L[ ] L ]
oo y o - e (relationship support)
A l
Rm‘r()llz‘,n i BSA?E w+1,1
Lo
Carepartner 14?{;1}E AC{-\E% .

Intervention
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Monday AM

AYA AYA AYA AYA AAYA AYA u
Intervention A“"H A”y‘l'z A“‘ll AH"T.E A“‘ o U s I n g th e DAG
' "\\; _______ X\; _____ n ]
|
App I HAYA AYA AYA | b AYA I n R L d es I n
v : Jw,1,1 L BUMIQ - BH'AZA] T 0,7,2 | BU'+1A1~]
[}
[}

Burden

Ava RYY, —» Hﬁ?{.?,z —>

{AYA
Adherence

> I w—+1,1,1

AYA component (twice-daily)

 Use DAG to trade bias
with variance

* |dentify bottleneck
states using DAG

» State construction

Monday AM

7 CARE
w+1,1

Carepartner

Distress

' l
A ' ' .
/ T S « Reward construction
Lommmeeeee / ““““““““““““““ /
Carepartner ’4CA¥1{E ACARE ACAJIE .
“tw, <, T w41,

Intervention

UNIVERSITY
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* Relationship component is a bottleneck
component

» Conditioned on Y*EL and AREL we can
decouple AYA component and care
partner component

* Multi-agent RL
» AYAagent:  AL'S, forallw,d,t
- Care partner agent:  A};/;*" for all w, d

 Relationship agent:

AYA agent

IIIIIIIIII

16

ttttt



Base Algorithm

« Randomized Least Squares Value Iteration

+ Posterior Sampling z

* Goal: maximize Y2, v"R; States,

Reward R;

Rt+1

S+t

» Uses “Bayesian” ideas to estimate Q(s, a)
Q(s,a) 2 E[X2, v "R, S, =s,4,, = a]
Q(s,a) = E Ry +y max Q(Sns1,@)| Sy = 5,4, = a

03
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Base Algorithm: RLSVI

* Advantages:

* Induce a stochastic policy (action selection probability
strictly between O, 1)

* Facilitates between-deployments data analysis

» Bayesian framework used to incorporate existing
knowledge as prior

* Warm-up start/initialization of algorithm

102} 100
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Base Algorithm: RLSVI

Three RLSVI agents:
« AYA agent, Care partner agent, Relationship agent

Hyperparameters for each RLSVI agent
1. Construct states using DAG
2. Select discount rate y

« How long the agent looks into the future when optimizing (1/(1 —y))

3. Construct Algorithm’s reward using DAG

0 100
HARVARD 19




1. Agent-Specific States

« AYAagent: L% = (Riyay, By, Yaktr, AREL)

\\\ - Avtif
TN
App _:_. LAYA
Burden ! v+1,1,1
\\ A PAYA 1.
AYA component (twice-daily
*Relationship agent:
(AREL YREL) + (summary statistics
from AYA and care
partner) glsD 20|
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2. Agent-Specific Discount Factors

 Discount factor: how much attention should RL pay to future effects?

» Higher discount factor, y, = more attention to future effects but harder
to learn

» Approximate horizon 1/(1 — y) Maximi
aximize.

2.i0 ViRt+i

 Our decision: All agents have approximate horizon = one week
- AYA agent: 1/(1 —yAY4) = 14
» Care partner agent: 1/(1 —y*4REy =7
» Relationship agent:  yREL = 0 (bandit)

102} 100
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Price of Small Discount Factor, y

We use small y to improve learning

» Bandit algorithm (yREL = 0) does not
account for likely positive effect of
actions!

+ ARFL - BJYA 5 RAYA  (burden)

o« AREL — Y REL 5 RAYA .. (benefit)

Ignoring all delayed effects into future
week(s) is problematic!

AYA AYA
Int < tw, 1,2 < tw, 2,1 -+
....................................................... .
\\ \\ 1
1
Apy BMA _ly pAA_ L, piA BMA iy B
Burd w,2, 0,7,2 :
..... Y
\ 4 v \ 4 \ 4
o REYA  —» REVA, s fRAV4 RMA, | » RAA
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 Use causal DAG

|ldentify mediators for impact of actions.

*Relationship agent,

week w + 1:
. VREL pAYA AYA
Yw ’ Bw+1,1,1’ RW,7,2

« Use the conditional expectation of next
week rewards given these mediators in

reward construction

3. Reward Construction

. on rewards in

g%g HARVARD
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Surrogate Reward for the Relationship Agent

AYA

Intervention

e Action:

AYA

AYA Rw,7,2

- Mediators: Y, °t, BEA4 11,

HAYA
B

AYA

).
w72 T %
Adherence

AYA component (twice-daily)

« \We estimate the conditional expectation:

AYA

REL pAYA
f(Yw ) BW+1,1,1' RW,7,2’ )
_ AYA AYA REL pAYA AYA
= E Z Ry¥iar T Ry¥iaz | Yw o Bwii11, Rw72
d= 1, ...,7 Monday AM

Carepartner
Distress

* The surrogate reward is a two-step approximation:

AYA
RW,7,2' a)

App

Burden

R‘lj‘{/EL A f(YREL BAYA RAYA

REL pAYA
w-1,PBw 1,1 fw=1,7,2 )+ mgxf(YW »Bw+1,1,1:

Carepartner
Intervention

Carepartner component (daily)

Next week sum of rewards %@ HARVARD

UNIVERSITY

Current week sum of rewards

AYA
‘lu'fl.\.J

OAYA
r’u'\ 1,1,1

~(@RE

ACARE
‘411‘+Ll
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Evaluation of Candidate Algorithms

Build a of the target population

« Based on existing data

* Replicate the expected within person autocorrelation in between person

Physical Twin Survey  Location

Studyg

Phone Datao

Modelsq
A, ) VS, VS
. |
> Rz,
Simulation
- Set1 g
i
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Improvement on Cumulative Adherence

MultiAgent
120 A MultiAgent+SurrogateRwd
. . FlattenedAgent
Candidate algorithms
100 A
80 A
(O]
O
[
g
()]
S 60-
<
()]
2
©
=
E 40
>
O
20 A
0 -
_20 T T T T T T T T T T T T T
0 2 4 6 8 10 12 14 16 18 20 22 24
Dyads
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Thank YOU!

@5

Xu Z., Jajal H., Choi S.W., Nahum-Shani, I., Shani G., Psihogios A.M., Hung P, S. Murphy.
Reinforcement Learning on AYA Dyads to Enhance Medication Adherence.
(Appeared in 23rd International Conference on Al in Medicine (AIME-25) Proceedings) @ HARVARD 97
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https://arxiv.org/abs/2502.06835

Optimization

* Digital intervention policy inputs state and outputs whether to provide
and if so what type of digital support to an individual

* Repeated optimization: In each deployment of digital intervention,
optimize policy as individual(s) experience the digital intervention.

Why?

» Society, technology (new sensors, operating systems) are changing
rapidly resulting in non-stationarity across deployments of the digital
intervention.

102} 100
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Why Online RL?

* Reinforcement Learning
A;: action (intervention
- State S, ‘ ( )

» Action 4, / XD
 Reward R; G] f; z\
Agent , JS!\ZS

Online RL &3 eward

St St+1 state

« Goal: maximize cumulative rewards, Y72, v R;

* Optimize policy using streaming data from real-
time interactions

 “Learning to treat”

RL algorithm is part of the digital intervention @ HARVARD 29



Base Algorithm: RLSVI

Q(s,a)
=E [Rn +ymaxQ(S,,+1,a)|S, =54, =a
al

] Algorithm 1 Infinite Horizon RLSVI (Inf-RLSVI)

1: Input: discount factor v € R, previous dataset D,= (51 ai, i) U {sn}, prumu:'
perturbation w € R?, feature mapping ¢ : § x 4 — R?, previous parameter 6 € R?
2: Generate rﬁgr{iwlml matrix and vector

Randomized Least Square Value Iteration ¢ (s1,01) 1y maXaca(9(s2, @), )

(RLSVI)': approximate Q-function with a 1
linear model: Q(S, Cl) by ¢(S, Cl)T9 ¢ (8n—1,8n-1) Tn—1+ YMaXaea(P(8n, ), 0)

3: Estimate value function

X . Yy

1 /1 oo 1 - !
g — X"TX4+M) X7y T XX + AT

ot \ o4 T

4: Sample w' ~ N (yw, (1 —v*)X) and set ' = 0 + w'
5: Qutput: 8 and v’

[1] Osband, I., Van Roy, B., & Wen, Z. (2016). Generalization and exploration via randomized value functions. In International Conference on FT1 HARVARD 3
Machine | earning(pn 2377-2336) _PMI R & UNIVERSITY q




Base Algorithm: RLSVI

Q(s,a)
=E [Rn +ymaxQ(S,+1,a)|S, =54, =a
al

]Algnrithm 1 Infinite Horizon RLSVI (Inf-RLSVT)

1: Input: discount factor v € R, previous dataset D = (5, ai, i) U {sn}, prumu'-
perturbation w € R?, feature mapping ¢ : & x A H B¢, previous parameter # € R?
2: Generate rﬁgrf-wl[:lil matrix and vector

Randomized Least Square Value Iteration ¢ (51,01) r1+ymaxaea(d(sz, @), 6)

(RLSVDI': approximate Q-function with a | :
linear model: Q(S, a) by (,b(S, a)TQ ¢ (5n-1,8n-1) Fa—1 + ¥ MaXae 4 (0(8n, ), 0)

3: Estimate value function

X . Yy

1 1
B+ 1, (lx X+J.I) X'y E{_<12XTX+M)

ot \ o4 T

Posterior Sampling 4: Sample w' ~ Ny, (1 — %)) and set &' = 3+ w’

« Select action at time n with probability: 5 Output: ¢ and v’

P[A, = a|S, = 5,Dy] . . :
“posterior sampling”: sample temporally correlated noise to

. . ,
= P [gb(s, a)TQ’ > max (/5(5, a’)TQ’] generate randomized weights 6
a’
[1] Osband, I., Van Roy, B., & Wen, Z. (2016). Generalization and exploration via randomized value functions. In International Conference on FT1 HARVARD 3
Machine | earning(pn 2377-2336) _PMI R & UNIVERSITY ]I




Base Algorithm: RLSVI

* Advantages:

* Induce a stochastic policy (action selection probability
strictly between O, 1)

* Facilitates between-deployments data analysis

» Bayesian framework uses to incorporate existing
knowledge as prior

* Warm-up start/initialization of algorithm

102} 100
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Surrogate Reward for the Care Partner Agent

* The surrogate reward is constructed through two layers
- Layer 1:

« Mediator Y,REL (believed to have positive effects)

. RCARE = I{d = 7}YREL

» Sparse reward is still hard to learn
- Layer 2:

 Attribute sparse reward into different steps

. . , ) Context
» Fit a linear regression to estimate /

Outcome of A5 " — I CARE pCARE|[wREL AREL CARE
g(Y Bw,d+1 Yw 1"4 A )

— REL CARE pCARE REL REL CARE
= E[V,REL | Y,oaRE, BSARE, YrEL, AREL, A%

RCARE — g(YcARE BCAdRE1 YREL AREL ACARE
w,d+1>

AYA
en

AYA

Adherence

AYA component (twi

M&M HARVARD
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