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Medical context: Multiple myeloma
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Medical context: Multiple myeloma

e Patients who have had cancer benefit
from regular follow-up;

e The concentration of clonal
immunoglobulin is measured over time;

\ e The doctor has to make new decisions

EPP

at each visit:
1. delay for the next visit (15, 30 or 60

’ \ ; days),
h /\ 2. treatment (chemotherapy or not).

Ficure: Example of patient data [ALa17]
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Medical context: Multiple myeloma

e Patients who have had cancer benefit
from regular follow-up;

e The concentration of clonal
immunoglobulin is measured over time;

\ e The doctor has to make new decisions

EPP

at each visit:
1. delay for the next visit (15, 30 or 60

’ \ ; days),
h /\ 2. treatment (chemotherapy or not).

— Optimising decision-making to ensure

. the patient’s quality of life
Ficure: Example of patient data [ALa17]
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Work approach

Simplified real-life problem

i

1- Stochastic modelling

assumptions S
P 2- Optimization framework

suispow

v
3- Resolution framework
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Controlled PDMP

We switch randomly from one deterministic regime to another.

terminal
relapse relapse
(m=1) (m = 2)

remission
(m=o0)

Go remission
(m=0)
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Controlled PDMP

We switch randomly from one deterministic regime to another.

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, D
terminal
relapse relapse
(m=1) (m = 2)

remission
(m = 0)

Co remission
(m=o0)

Let x = (m, ¢, R, (, u) the patient’s state:

m the patient’s condition;

{ the current treatment;

k the number of treatments;

¢ the biomarker;

u the time since the last jump.
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Local Characteristics of a PDMP

A PDMP is defined by three local characteristics.

A Al

Description of the deterministic part of the
process.

¢8,1(C07 t)
O, 1) = (M, k, €, 6 o(C 1), U +1)
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Local Characteristics of a PDMP

A PDMP is defined by three local characteristics.

0D

Description of the process jump
mechanisms.

e Boundary jump (deterministic)

69,(C, 1)

G .
62 (Co) e Random jump
0,1 )

. (0 + #200,) () I m = O,
L SV AX) = S 122, 4 (C) iFm =1,
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Local Characteristics of a PDMP

Z;é1/,’

’
By M

remission
(m=o0)

A PDMP is defined by three local characteristics.

relapse
(m=1)
] . \( £ 1
S/ ! AN MARKOV KERNEL
\ h
B denth Description of the state of the process after
! (m=73) each jump.
! 7|
. L P(X: € AlXi— = x) = Q(x,A)
2 'V - --» Random Jump
terminal — Deterministic Jump
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Impulse control for PDMP

Choosing a new starting point :
e date for the next impulse;
e point from which to restart the process.
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Impulse control for PDMP

Choosing a new starting point :

o date for the next impulse;

e point from which to restart the process.
Restrictions:

e the delay between consecutive
impulses is in a finite set;

e only change the current treatment /.
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A fully observed and known process

Simplified real-life problem

|

continuous time §
continuous state space o
fully observed Controlled PDMP @
known dynamics —
imulateabl >
simulateable : el
\
Discrete

Dynamic Programming
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Optimization framework of impulse control for PDMP

Identify an e-optimal strategy S¢ = (75, Ln)n>

H H
J(S.x —ES / e " cr(X) dt+ C X X ) |
H(,_Z 1o H(/—Z nz:: ~—~ ( n )
Expected cost of strategy S running cost impulse cost
with
o Cr(Xt) = Crly— + Cplm=s,
° CI(XT,,,XT,,*) = Cy.
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Optimization framework of impulse control for PDMP

Identify an e-optimal strategy S¢ = (75, Ln)n>

H H
J(S,x =E¢ /e—’vt cr(Xe) dt+ C X, X+
(S.%) 2 (%) dt+d @ KnXy)|
Expected cost of strategy S running cost impulse cost

it Vi) = B, 75

° CR(Xt) =Crly— + CDlm:?,y
. CI(XT,,,XT,,*) = Cy.

V*(x) < J(8%) + €
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Candidate strategy and optimality

True operators of DP

AN

[SD12] [SDG17]
Discrete operators and Iteration of value function
Approximated valued function Strategy components
[V*(X) = V(X)l2 V*(X) = T(5, Xl

N

[Theorem 4.2.5]
Iteration of approximated value function
Construction of a candidate strategy
[V(X) = T (S, X))
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Preliminary results

Cost type
0 Death cost
B Treatment cost
Visit cost
201 u
-
|7}
o
O
10- I
Abulsive Ranldom Nothing Threlshold Heulristic Dynamic PFogramming
Strategy
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Summary of contributions

Simplified real-life problem

, , i = + Numerical method yielding an explicit
continuous time o COI’]tI’Ol strateg
continuous state space o . Yy A
fully observed Controlled PDMP @ + Theoretical guarantees ensuring the
known dynamics = computed strategy is e-optimal
simulateable > .. . epes . ..
| wa - Limited applicability in more realistic
v situations
Discrete

Dynamic Programming
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The problem of partial observation



A partially observed process

Simplified real-life problem
continuous time

continuous state space
partially observed Controlled PDMP
known dynamics
simulateable

suispow

v
Deep Reinforcement Learning



A partially observed process

Simplified real-life problem

i

Controlled PDMP | =
o
discrete observation dates l Q
. D
continuous state space —
partially observed POMDP =3
known dynamics va
simulateable

v
Deep Reinforcement Learning [CSRSV24]



Characteristics of a POMDP

POMDP DEFINITION

Agent A POMDP is defined by a tuple
(S,A,P,Q,Z,¢).

e Patient condition
s=(m,R,C,u) €S;
Actionsa = (4, r) € A;
77777777 Environment e Transition function P(s’|s, a);
Observation
w=(R,F(¢,€),1m=3) €
Observation function Z(w|s);
Cost functionc: SxA xS — R.
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Characteristics of a POMDP

POMDP DEFINITION

Agent A POMDP is defined by a tuple
(S,A,P,Q,Z,¢).

e Patient condition

:5 s=(m,R,C,u) €S;
\II/ e Actionsa = (¢,r) € A;
Environment S e Transition function P(s’|s, a);

Observation
w=(R,F(¢,€),1m=3) €
Observation function Z(w|s);
Cost functionc: SxA xS — R.

The transition function P(s’|s, a) is
a combination of PDMP local
characteristics.
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Characteristics of a POMDP

POMDP DEFINITION

»  Agent A POMDP is defined by a tuple
(S,A,P,Q,Z,0).

— e Patient condition

s=(m,R,C,u) €S;

Actionsa = (4, r) € A;

77777777 Environment e Transition function P(s’|s, a);

Observation

PlIsn, an) w = (R, F(C,€), Imes) €

Observation function Z(w|s);

Cost functionc: SxA xS — R.

Wn+41
[ ]

The transition function P(s’|s, a) is
a combination of PDMP local
characteristics.
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Optimization framework of POMDP

Identify an optimal policy 7*

c(s,a,s') = Cy
N—— N~~~
Cost function  visit cost
+ CD X 1m/:3
N—_——
death cost

+Cr xrxl—_q
N————

treatment cost
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Optimization framework of POMDP

Identify an optimal policy =*

H—1
V(’IT,S) - E;r [Z C(SnaAnaSn+1 )]
N—— n—o

Optimization criterion

Expected total cost as a result of the policy =

19
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Optimization framework of POMDP

Identify an optimal policy 7*

H—1
v(r,s) = ES [Z (Sn,An, Sn+1)]
N—— n—o

Optimization criterion

Expected total cost as a result of the policy =

Ve(s) = min V(7,s)
N~—— el
Value function ~

Minimisation across policy space

19
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Optimization framework of POMDP

Identify an optimal policy 7*

In reality, we do not observe state space!

Let h, = (wo, Ao, w1, s, - . . ,wp) be the history
vi(h) = min V(. h)
N—— TE
Value function —

Minimisation across policy space.

19 /
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Solving with Deep Reinforcement Learning

‘ POMDP Environment

Value-based algorithms Policy-based algorithms
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Benchmark Results
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— DQN and PPO with Action-Masking outperformed all baseline algorithms.
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Results

Policy evaluation performance on 5 000 Monte-Carlo simulations

Cost type
[l Death cost
[l Treatment cost
M Visit cost
200
@
Q
(]
100 I I I
0 I
Abusive PPO + AM Nothing Random Threshold DQN Heuristic
policy
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Obtained policies

Policy Survival rate Visit delay Number of treatments Time under treatment
Abusive 99.76% 15 1 6 years
Nothing 62.76% 60 0 o}

Random 92.16% 34.82 4.34 1year and 1 month
Threshold 99.99% 40.42 4.97 2 years and 7 months
Heuristic 99.20% 60 1.01 1year and 4 months
PPO with AM 99.83% 28.40 26.34 4 years and 6 months
DQN 73.91% 59.07 0.80 47 days
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Summary of contribution

Simplified real-life problem

continuous time i . .
continuous state space + Alternative resolution method for POMDP
partially observed Controlled PDMP | = derived from PDMP
nown dynarics 3 - Usage of LSTM for partial observation
o - Limited interpretation of policies
Ao u% - Required full PDMP knowledge
v

Deep Reinforcement Learning
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The problem of partially known dynamics

Partially known dynamics
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A partially observed and known process

Simplified real-life problem
continuous time

continuous state space
partially observed Controlled PDMP
unknown dynamics
non simulateable

suispow

.
Deep Reinforcement Learning

Data consuming



A partially observed and known process

Simplified real-life problem

i

Controlled PDMP =

(@)

discrete observation dates l Q
. D
continuous state space —
partially observed BAPOMDP [RVCSS25] 5
known dynamics uva

simulateable ‘
v
Deep Reinforcement Learning



Handle uncertainty with Bayesian framework

Normal-Inverse-Gamma(6) prior

1
1
I
1
1
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]
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1
1
1
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Characteristics of a BAPOMDP

Un BAPOMDP se définit par un tuple
Space of hyperstate S™ = S x ©;
Actionsa = (¢, r) € A;
Transition function P*(s',¢'|s, a, 0);
‘ Observation w = (R, F(¢,€),1m=3) € ;
Observation function Z(w|s);
Z(sn) e Costfunctionc:SxA xS —R.

Environment
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Characteristics of a BAPOMDP

BAPOMDP DEFINITION

[j Un BAPOMDP se définit par un tuple

»  Agent (S*,A, Pt.Q.Z, C).

Space of hyperstate S™ = S x ©;

Actionsa = (¢, r) € A;

Transition function P*(s',¢'|s, a, 0);

‘ Observation w = (R, F(¢,€),1m=3) € ;
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°

Environment
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Characteristics of a BAPOMDP

Environment

an = (4,r)

BAPOMDP DEFINITION

Un BAPOMDP se définit par un tuple
(ST,A,PT.Q,Z ¢).

Space of hyperstate S™ = S x ©;
Actionsa = (4, r) € A;

Transition function P*(s',¢'|s, a, 0);
Observation w = (R, F(¢,€),1m=3) € ;
Observation function Z(w|s);

e Costfunctionc:SxA xS —R.

P ((s',0") € Be x Bo | (s,6),q)

- / 18, (U(0,5,0,5)) x P(ds' | s,a,0),
Be
29
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Characteristics of a BAPOMDP

BAPOMDP DEFINITION

Un BAPOMDP se définit par un tuple
» Agent (S*,A, p+, Q,2, C).
Space of hyperstate S™ = S x ©;

Actionsa = (4, r) € A;

Transition function P*(s',¢'|s, a, 0);
Observation w = (R, F(¢,€),1m=3) € ;
Observation function Z(w|s);

e Costfunctionc:SxA xS —R.

Environment

Wn+1
C(S"h Qn, S’H—")

P ((s',0") € Be x Bo | (s,6),q)

- / 18, (U(0,5,0,5)) x P(ds' | s,a,0),
Be
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Generate transition from prior

0 — (p,0) —> V4 —»@—» Vi —— ¢

P(ds’[s,a, 0) Uuo,s,a,s’)
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Evaluate BAPOMDP framework

1) Computing policy via simulation-based RL

action

' | Deep RL Algorithm [BAPOMDP environment} |

observation/reward

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

1 action i
| v o |
| . POMDP environment |
| Policy ‘ with fixed v, !
! o S !

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
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Preliminary results

Policy evaluation robustness on 5 000 Monte-Carlo simulations for DQN with
Action-Masking

1401
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Preliminary results

Policy evaluation robustness on 5 000 Monte-Carlo simulations for DQN with
Action-Masking
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Summary of contribution

Simplified real-life problem

continuous time i
continuous state space

partially observed Controlled PDMP | =
unknown dynamics o
non simulateable %
BAPOMDP =
va

I

v

Deep Reinforcement Learning

+ Novel equivalence framework to
represent PDMPs with unknown parameters
as BAPOMDPs yielding an explicit control
strategy

+ Deep reinforcement learning can be
leveraged to solve the resulting BAPOMDP
formulation

- No estimates of unknown parameters

34 /
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General Conclusion: How to solve a controlled PDMP ?

Assumptions Discrete DP POMDP + DRL BAPOMDP + DRL
Continuous time
Continuous state space
Large state space
Partial observation
Unknown parameters
Theoretical guarantees

WX X X S
I NI NI NN
ERNEENENENEEN

A specific problem that can be extended to many others!
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Perspectives

Artificial intelligence

Stochastic modelling o New benchmark to evaluate Deep RL
e Optimization framework: cost function algorithms
calibration e Continuous-time modeling framework
e Modeling more complex models compatible with RL
e Extension of this resolution framework e For BAPOMDP: real-environment
to other Markov models (HsMM) interaction to update parameters and
policy online
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Future work

R [ BAPOMDP
e Lwith 0, as initial prior

(wn, Qn, Cny Wi, On)
an

Wn, G, Cny W
Prior Update e Gn: Corton) [ 0omop e
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Reinforcement Learning

cost H—1
Q"(s,a) = E"[>_ c(Sn-1,An,Sn)ls,a = (£,1)]
Y n=o0
action Qvalue
Value of an action in a state according to the policy =
Environment )
| Q*(s,a) =minQ”(s,q)
—— el
observation Q function
The optimal policy is obtained from the
experiments < w, a,w’, ¢ >, generated from A(s, a) - Q(s,a) — V(s)
P* transition function ~—— —

Advantage function  Extra cost obtained by the agent by taking the action

39 / 40



Algorithm example: DQN’

(wnt1, €(Sn, @*, Sn41)) Loss computation
L =[(c(sn,a*,Sn41) + xming, , Q(wn1, Gn41)) — Qwn, @)

4 Gradient loss
y

Wn Q(Wm a1)
Environment @—»
T Q(wt‘h as)

a* = arg ming, Q(wn, G;)

"Deep Q-Network
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Algorithm example: PPO?

Value Loss
Ly = [Vo(wn) — (c(Sn, %, Sn41) + aVo(wn 1))
+
Policy Loss An
Lp = —E[min(rs(0)An, clip(ra(6),1 — €,1+ €)An)]
(wn1,€(Sn, G5, Sn1)) Gradient loss
>
Value Advantage estimation
Vi (wn) An (Sn, @*, Sn+1) + aVo(wn1) — Vo(wn)
Environment Neural Network PPO
~ 7g(Qnlwn)

Policy

u an|“’n

a; ~ mp(anlwn)

2Proximal policy optimization
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Candidate strategy and optimality

True operators of DP
on Znysn neN

AN

[SD12] [SDG17]
Discrete operators and Iteration of value function
Approximated valued function Strategy components
Vi () = Vi(Z)l2 Vi (Zk) = Tk(S, Zk)ll2

N

[Theorem 4.2.5]

Construction of a candidate strategy
[ Tk(S, Zk) = Vi(Ze)l2

Iteration of approximated value function
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Framework comparison

BAPOMDP vs POMDP WITH A FIXED PRIOR

Policy evaluation robustness on 5 000 Monte-Carlo simulations for DQN with
Action-Masking

2001 -
1754
- Model used for training
@ 1501
8 . > BAPOMDP
- POMDP
1254
&
1004 - * l g
Hilgh Medlium Welak Non Inférmative
Prior
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