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Reinforcement Learning Applications

iy
i

-
'H
-

) ‘.
! 3_{&., y

]

\

4
W TR o U—
T | AT
C AT
y » =
Y s ]
CCUNNANEEERER
BT

(.“/i ed

A AR | | 0 st oA,

IITTETEN S

Sy L
WY WEE

1 )
N [ [ NN

| Ridesharing



Reinforcement Learning in Healthcare

Longitudinal data of sepsis patients from MIMIC-III.

* Objective: evaluate patients’ long-term outcomes under
N different treatment strategies.
IR |+ Treatment: intr

e Outcome: SOFREEST: .1vuuures o@uﬁ-&
1 * Covariates: gender, weight, etc.




Sequential Decision Making (Healthcare)

Timer+ 1

N
Doctor {*

Outcome
SOFA score: 10

Outcome
SOFA score: 8

Treatment Treatment

IF

Temperature: 96 F Temperature: 98 F

SOFA score measures organ failure, lower scores indicate better outcomes.



Sequential Decision Making

Time ¢ Timer+ 1
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Policy

Policy 7 = { |, : observation — probability
distribution over the actions.

. One size fits all: z°(IF | 0) = 1,Vo.

. Tailored, stochastic: 7z (VA |female) = 0.7.

Question: how can we measure the effectiveness of a policy?



Policy Evaluation

Aim: evaluate the target value [E"(R,| O;) under policy 7.

. ris an intervention, and E*(R,| O,) is analogous to
the potential outcome.

Sepsis example:

. ﬂtO(IFl 0)=1,Vt,Vo.

. [E*(R,|female): expected SOFA score at time
t, for a female patient if we had applied IF.



Policy Evaluation by Direct Implementation (On-Policy)

Time 1 Time ¢
Rl
Implement Implement
Transition
]—b. ....... r—

-"(R,| O,) can be approximated using sample average.



Limitation of On-Policy Evaluation

Directly implementing a policy involves
potential risks and high costs.
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Off-policy Evaluation (OPE)

OPE: evaluate [-"(R, | O,) using offline data (observed)
(0, ,A; ,R; ) - 1 <iI<N, 1<t < T} generated by

.

Observed B

'ﬁ

Target

{8 E
A'_

R NPR(le‘O
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Behavior Policy Target Policy

Azt ™~ ”b(Ai,r‘ Oi,t) Ai,t ™~ ﬂ(Ai,t‘ Oi,t)
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Action
A=a

Connection to Causal Inference

Target

I = 1; binary action:a = 0, 1.
Reward Vo,n(1|o) = 1; an/d 7(0]o) = 1.
R « CATE: E*(R|0o)—E"(R]0).
. ATE: E |[EX(R] O)=E"(R| O)|.

&

Observation
O ~ PO(O)



Physicians’ Preferences in Sepsis Data

Frequency of Three Dose Levels in Physician Strategies

Three dosing levels:

none, low, and high. mon

Frequencies
I 0-3
- 0.2

0.1

IF

low

Limited impact of VA (Zhou et
al., 2022)

none

none low high

12 VA



Target Policies

Frequency of Three Dose Levels in Physician Strategies

high

Compare two policies:

0,

« One size fits all policy 7 : always low IF.

Frequencies
I 0.3
0.2

0.1

. Tailored policy 7z': a low IF if SOFA

IF

low

< 11; a high IF dose otherwise.

none

SOFA score > 11 has a 90% mortality rate hone ow high

., (Jones et al., 2009). VA
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Off-policy Evaluation (OPE)
OPE: evaluate [-"(R,| O,) using offline data generated by

Observed @

'ﬁ

Target

R, ~ Pp(R; ;| O; , A; ) 5:5 R;, ~ Pp(R; | O;
Behavior Policy Target Policy
7"(A;,1 0;,) A~ (A0
—_— \ ” —_— \ ” ) ———>
Oi,t ~ P O(Oi,t‘ Oi,t—l’Ai,t) Oi,t ~ P O(Oi,t‘ Oi,r—laAi,r)

1,1
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Classical Key Assumptions in RL

N

A—

() Markov: PO,y 1, R,| O A {0 AR Y i) = PO, R,| O, A).

(i) Stationarity: the transition 7( -, - | -, - ) does not depend on .

(1) Homogeneity: the subjects are i.1.d.



OPE Method: Backward Induction under Classical Assumptior

Rt
Step 1 / \ u = F (R, 0,) = 2 “(R |0, a)z(a|O)

AtNﬂt Q/(0O,a)
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OPE Method: Backward Induction under Classical Assumptior

Step 1 / \ ur = ER,10) = ¥ ER,] 0, a)r(al O,

A

—_— A g/  (0,0)
Step 2 / \ //ttﬂ—l = _ﬂ(Rt‘ Ot—l) — Z _(/fttﬂ‘ Ot—la a)m_1(a ‘ Ot—l)
—_— A~ © 00, )
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OPE Method: Backward Induction under Classical Assumptior

Step 1

Step 2

Stepr+ 1
(Target)
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E(Rt‘ Ot) — Z

A

(R, |0, a)r(al|O,)

) - - 4

07(0,)

_(zﬂ‘ Ot_p Cl)ﬂt_1(a | Ot_1)

Qi—1(O,_1,a)

‘(ﬂf‘ O, a)r(a| Oy)

f(Olaa)
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Impact of Three Key Assumptions

Consider backward induction,

(i) Markov: Q/ and 7, only depends on current = simplify
decision process.

(i) Stationarity: Q)" can be learned using all 7" time points.

(iii) Homogeneity: O can be learned using all N subjects.

(i) and (iii) allow us to use the data efiectively.



Possible Violation of Assumptions in Practice

. Heterogeneous treatment responses (Evans
et al. 2021).
Il. Information over 10 years —> non-stationary.

lil.Questionnaire responses may only partially
reflect the patient's state —> non-Markov.

No method addresses all three
challenges simultaneously.

20



Literature Review

Heterogeneou
Importance fived]
Sampling
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U,V

Our General Framework

Markov holds only when conditioned on individual- and
time-specific latent factors{ Ui}ﬁ.\; | and {Vt}thl.
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Our General Framework

. Heterogeneity: { U}, e.g., genetic information.
. Non-stationary: {V}, e.g., disease progression.

. Non-Markov: (O; 41, R; )1 {O

l,]’

Ai,ja Ri,j} 1<j<t | (O, A; ).
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Adjust for Unobserved Latent Factors

Inspired by the two-way fixed effects model:
‘Practical model to account for unobserved variables.
* Model
R, = 0. + A, + r(0;,A; ) + &,

l

N—— N——

subject effect time effect main effect

» Solving
2 R, —0,— —10; , A, t)]

7 = argmin __,—— T
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Comparison with the 2WFE Model

[N Za N B Za N 7\

Classical 2WFE Model Our Model
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Additive Assumption

The transition is additive w.r.t. i, v, and (0, a):
p(0i3t+1 | uia Vta O, Cl)

= 0,0y (O 1 1)+ 0,p, (O, 11 [V) + @op(O; 441 | 0, ),

@y = 1 = Markov Assumption.
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Two-way Structure of the Q-function

Qij,Tk(O’ Cl) — [_E(Rl tl Ol k=0 Al k= ds U Vk)

Theorem 1 Under the additive
assumption

lo,a) =0, + 4,1 0,a),
where 6’ ik and A, . are non-stochastic.
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Estimand

We focus on the individual- and time-specific value:
nijft = ﬂ(Ri,t‘ Oi,l? Ui’ Vl)

Sepsis data:
» Individualization enables tailored interventions.
* TIming Is related to disease progression: early intervention

for sepsis within the first 6-12 hours is crucial.



Other Estimands

Individual- and time-specific value:
771'7; = _ﬂ(Ri,t‘ Oi,la U, V1)

Other interests:

T
. Individual-specitic value: 7;" = ? 2 n: .
=1

N
. o R .
. Time-specific value: 7, = ﬁ 2 n: .

1
Z 4 ij,Tt'

=1 =1

=
N

5| -

. Average reward: 71" =



Backward Induction with Two-way Fixed Effects

Step 1 l / :A;Nﬂt
Step LI7WI

30

ul, = F Ry | Oy v) = ), 010, ),

A

(Cl | Oi,t)

"(//‘fz | O; 1,4, U, v_ )7, (al O;—1)

- 4

a ~—

Q; (0, ,a)

_(//tfz | Oi,p a, u, v (a| Oi,l)

010, 1,a)
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Algorithm

Pseudocode for Estimating 77",
1.Set 17, =R,
2.fork=1t,t—1,---,1 do

3. Solve

(0,10 Ay 7 = argmin, Y [ %, = 0. = A= O
\ i,j
4. (O Zk(a, a)= 0+ A,+71(0,a)

5. Compute /i7, = ) O7(0;a)r(a]O;)
A

6. end for
7.Output: 7 = 7,

l,]’°

A, j)] |
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Uniform Convergence Rate

Theorem 2 Under some regularity conditions,
max | 7, = ;| = 0, (y/logNT)/ minW,T) )
it : ’




Recap: Literature Review

[ [
VAR AR
ERRVA AL
eV AR RNEA
RV ARVARVARA
33
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Asymptotically Normality

Theorem 3  Under some regularity
conditions, we have

\/min(N, T)o™* (;7” 771.’;) ki A(0,1).
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Numerical Study |: D4RL

D4ARL dataset is specifically designed for
evaluating RL algorithms.

Vlaze2D task, the 4 settings differ in maze
layouts and the level of difficulty.



D4RL Results

Table 1: MSEs of the estimated value (four targets) using our proposed methods and other
competing methods for Maze2D with N =T = 20 over 20 replications. The best method
with smallest MSE in each column were highlighted with blue.

Maze2D-open Maze2D-umaze Maze2D-medium Maze2D-large

36

g B e yRE e R e s e 0 Mt
Ol (01 045 U8 OrE 002 047 028 08 000 045 0.8 0.76 0.00 0.45 0.32 D77
DMI1: 001 049 034 083 003 052 033 082 00l 651 03 0.85 0.00 0.50 0.36 0.85
PM2 375 425 372 423 208 340 303 443 75 ] 96 112 1.64 0.55 1.07 0.96 1.48
IS1 066 117 126 363 042 093 039 206 035 087 062 956 062 113 112 3.34
[S2 152 203 6101012 181 232 465 806 093 144 313 6.67 1.28 1.80 b5.22 8.94
1S3 DaE 0H2 035 G35 003 051 033 081 001 652 035 0.87 0.00 0.52 0.36 0.87
DR1 025 299 044 7.03 099 1281 3.11 60.60 0.15 1.80 0.38 745 021 1.41 0.28 4.31
DR2 025 309 1.16 13.04 0.13 268 0.65 9.86 0.18 235 0.64 8.82 021 1.95 0.64 8.06
DR3 001 051 036 08 003 054 033 0.84 0.01 052 0.36 0.87 0.00 0.52 0.36 0.88
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Numerical Study Ill: Sensitivity Analysis

Table 2: A summary of environments in the sensitivity analysis.

Environment | I1 I11 IV

Reward additive additive interactive interactive
Transition clustering interactive additive interactive

The additive assumption is violated in each scenario.



Sensitivity Analysis Results

Table 3: MSEs of the estimated values using our proposed methods with other competing
methods. The best method with the smallest MSE in each column is highlighted in blue.

Scenario 1 Scenario 2 Scenario 3 Scenario 4

B e R g S R e
20PE BUMEENGEESN (.17 SN (.60 RUSEESUSIGENEE (.41 RSN 4.6 0.03 0.17 gosusw 9.00
DM1 001 140 085 402 001 126 126 3.06 004 051 037 436 0.02 0.02 0.08 &.37
DM2 037 1.77 098 416 039 164 08> 231 081 1.27 0.51 4.08 0.77 0.77 0.73 8.25
IS1 0.20 1.60 0.58 5.25 0.84 208 055 341 063 1.09 063 4.74 030 0.30 0.78 8.83
INY/ 0.00 14> pumism 4.82 126 250 031 343 093 140 033 448 0.41 041 0.36 pmssEs
1S3 2.89 428 3.14 632 7.04 829 463 6.09 747 794 517 874 048 6.49 05.72 13.24
DR1 0.16 156 035 5.14 053 1.78 029 3.00 067 1.14 033 454 024 0.24 037 &8.36
PDRZ - 023 -1.63 085 032 068 1872 025 367 09 141 900 9507 022 022 (03[ 838
DR3 221 361 254 572 702 820 461 608 0684 731 466 824 554 554 486 12.38




Review: Sepsis Data

Longitudinal data of sepsis patients,

N = 500, T' = 50.

e Treatment: ir

‘ >-zi ) . _————
NN . = D:
\ 1§ = = \ |
- — Ug|
] = fsgm.
: y |
fj |

 Reward: SOFA score: measures orgaﬁ failure.
* Observations: gender, age, weight, etc.
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Target Policies

Frequency of Three Dose Levels in Physician Strategies

high

Compare two policies:

« One size fits all policy 7° - always low IF.
. Tailored policy 7z': a low IF if SOFA

< 11; a high IF dose otherwise.

Frequencies
I 0.3
0.2

0.1

IF

low

none

none low high

VA
40
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-0.50

-0.55

Results

Hy — H;

Value difference over ft

-0.1

-0.2

-0.3

-0.4

-0.5
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Value difference over i



Summary

This work addresses violations of the Markov,
stationary, and homogeneity assumptions.

Future Works
* RL with interactive effects.
* RL under a confounded environment.

42
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Research Overview

My research focuses on addressing challenges arising from
real-world applications.
* PhD Research: decision making with high-dimensional
data.
» Current Research:

* RL under partial identification.

» Decision making with fairness constraint.
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Thank you!!

Bian, Z., Shi, C., Qi, Z., and Wang, L. (2024). “Off-
policy evaluation in doubly inhomogeneous
environments”. Journal of the American Statistical

Association, in press.
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Policy Evaluation VS. Policy Learning

* [Jwo tasks, each with its own distinct importance.
* Policy learning: obtain the optimal policy.
* Policy evaluation is fundamental to RL.:
. Policy learning usually involves OPE;

Il. Policy/algorithm comparison: statistical inference.
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Error Propagation

. \ 2
1111 Z [//tzk_l_l — Hi,k — /lt,k_ ’”k(Oi,j’ Al,])]

9' 9/1 9r . .
1Lkt kot k i.]

Issue: outcome /17, | is estimated.
INTT

As the number of iterations |, /.7, ., becomes unstable.

Under our setting, the Bellman error decays
preventing error accumulation.
—> We can learn when f — 0.
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Early Stopping

The Bellman error decays
» Early stopping can be applied.
e NoO need to run 7 iterations when 7 is large.
e Theoretically, iterations is sufficient.
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Assumptions about the Behavior Policy

Depends on the algorithms:

T
, Importance sampling: — IS boundea.

T
* Q-learning: depends on the parametrization.

e Linear approximation: matrix.
7 and 7 cannot ¢ " significantly.
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Standard Causal Assumptions

* No unmeasured confounders.
* Positivity.
* No Interference.
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Extension: Model-based Approach

Al"’”1 —_— . /—'“;\1"“7% — / \

\/ \/ — A~

1. Using working model 1 (O, ;;1|O;,, U, V) and p,
(R;;10;,U,V), eg., VAE, EM, etc, to generate (Ol + Nl - fﬁi,t)
using 7, and p .

2. Evaluate value using Monte Carlo.



Uniform Convergence Rate

» Assume Q-function is Holder smooth.
 Use linear sieve (e.qg., B-splines, wavelet) to
approximate the Q-function.

Theorem 2

T
maX | nzt ni,t
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Under some regularity conditions,

= O(L™") + 0, (\ Tog(NT)/ min(h. T)).

« I.: number of basis functions.
e 5. SMoothness parameter.
e d: dimension.
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Relaxing the Additive Assumption

The transition and the reward is additive in i, v, and (0, a):
o p(Oi,t+1 ‘ Mia Vta O, d)

— a)upu,-(Oi,tH | ui(a))+a)vpvt(0i,t+1 [vi(a@)) + @ypy(O; 11 | 0, ),

e R, =0(A, )+ 4(A; )+r(A;,, O;) + €.



