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Talk outline: research ecosystem

o Fictitious self-play with RL in beam angles selection and
intensity modulated radiation therapy;

@ Column-generation for beam angles selection in radiation
therapy (RT);

@ Representation in Reinforcement Learning (RL).
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Technical overview
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Beam orientation optimization
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BOO relevant works

@ Sadeghnejad Barkousaraie, Azar, Lekan Molu, Steve Jiang, and Dan Nguyen. "A fast deep learning
approach for beam orientation optimization for prostate cancer treated with intensity-modulated radiation
therapy.” In Medical physics: International Journal of Medical Physics Research and Practice, 47, no. 3
(2020): 880-897.

@ Molu, Lekan, Michael Folkerts, Dan Nguyen, Nicholas Gans, and Steve Jiang. "Deep BOO! Automating
Beam Orientation Optimization in Radiation Therapy.” In Algorithm Foundations of Robotics XlII, Merida,
Mexico. Published in Springer’s Proceedings in Advanced Robotics (SPAR) Book, 2020.

@ Barkousaraie, Azar Sadeghnejad, Lekan Molu, Steve Jiang, and Dan Nguyen. " Using Supervised Learning
and Guided Monte Carlo Tree Search for Beam Orientation Optimization in Radiation Therapy.” In
Workshop on Artificial Intelligence in Radiation Therapy, pp. 1-9. Springer, Cham, 2019.

@ Azar Sadeghnejad Barkousaraie, Lekan Molu, Steve Jiang, and Dan Nguyen. " A Fast Deep Learning
Approach for Beam Orientation Selection Using Supervised Learning with Column Generation on IMRT
Prostate Cancer Patients.” Medical Physics (AAPM) 46 (6), E237-E237, San Antonio, TX, July 2019.

@ Lekan Molu, Azar Sadeghnejad Barkousaraie, Nicholas Gans, Steve Jiang, and Dan Nguyen. " An
Approximate Policy Iteration Scheme for Beam Orientation Selection in Radiation Therapy.” Medical
Physics (AAPM) 46 (6), E386-E386 San Antonio, TX, July 2019.

@ Azar Sadeghnejad Barkousaraie, Lekan Molu, Steve Jiang, and Dan Nguyen. " A Reinforcement Learning
Application of Guided Monte Carlo Tree Search Algorithm for Beam Orientation Selection in Radiation
Therapy.” Medical Physics (AAPM) 46 (6), E236-E236, San Antonio, TX, July 2019.
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Transition slide
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Controllable States Retrieval in RL
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Representation learning selected works

@ Anurag Koul, Shivakanth Sujit, Shaoru Chen, Ben Evans, Lili Wu, Byron Xu, Rajan Chari, Riashat Islam,
Raihan Seraj, Yonathan Efroni, Lekan Molu, Miro Dudik, John Langford, Alex Lamb, 2023. PcLast:
Discovering plannable continuous latent states. International Conference on Machine Learning (ICML).

@ Alex Lamb, Riashat Islam, Yonathan Efroni, Aniket Didolkar, Dipendra Misra, Dylan Foster, Lekan Molu,
Rajan Chari,kshay Krishnamurthy, and John Langford: Guaranteed Discovery of Controllable Latent States
With Multi-step Inverse Models. Transactions on Machine Learning Research (2022)
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Transition slide: External beam radiation therapy.
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External beam radiation therapy. Funding Sources

NATIONAL
CANCER
INSTITUTE

CANCER PREVENTION & RESEARCH
INSTITUTE OF TEXAS
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Talk outline: External beam radiation therapy

@ Beam Orientation Optimization (BOO);
o Column Generation as Pretraining for MCTS for BOO.

o Monte Carlo Tree Search and Neuro-Dynamic Programming
for BOO;
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Research Significance

1,898,160 U.S.

608,570 $246 billion in

deaths

cancer cases'

costs by 2030*

« Chemotherapy/Radiosurgery.

w4 « Radiation Therapy (RT).
Treatment

« Approx. 40% of all curative cancer treatment modality are performed with RT™.
» Cost-effective -- accounting for only 5% of the total cost of cancer care?.

« CT images in RT = Low soft tissues contrast = OARs toxicity during treatment planning.
+ MR of brain, and head and neck (H&N) cancers provides exceptional soft tissues contrast and allows greater
{31511 delineation of cancerous from non-cancerous tissues.
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External beam radiation therapy (EBRT) Beam Delivery

ez

(©The Australian Synchrotron.
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External beam radiation therapy (EBRT) Beam Delivery

g

T

A Multi-leaf collimator, (S)Varian.
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Radiation delivery couch and gantry
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Varian's TrueBeam Radiotherapy System.
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Transition slide: Column generation-guided supervised
learning.

This page is left blank intentionally.

Lekan Molu Representations, Actionable Agents, and Radiation Therapy



Outline
00000000000000000000000000000

Part |.B: Supervised Column Generation Pretraining for

BOO

@ Beam Orientation Optimization (BOO)

e Monte Carlo Tree Search and Neuro-Dynamic Programming
for BOO

o — Column Generation as Pretraining for Deep Neural Network
BOO
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Funding Agencies/Funds

@ Cancer Prevention and Research Institute of Texas (CPRIT)
(IIRA RP150485): $858,356. PI: Steve Jiang

e CPRIT MIRA RP160661: $4,103,894. PI: Steve Jiang
e NIH R-01 1R01CA237269-01: $490,133. PI: Steve Jiang
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Relevant Publications

@ Sadeghnejad Barkousaraie, Azar, Lekan Molu, Steve Jiang, and Dan
Nguyen. " A fast deep learning approach for beam orientation
optimization for prostate cancer treated with intensity-modulated
radiation therapy.” In Medical physics: International Journal of Medical
Physics Research and Practice, 47, no. 3 (2020): 880-897.

@ Barkousaraie, Azar Sadeghnejad, Lekan Molu, Steve Jiang, and Dan
Nguyen. "Using Supervised Learning and Guided Monte Carlo Tree
Search for Beam Orientation Optimization in Radiation Therapy.” In
Workshop on Artificial Intelligence in Radiation Therapy, pp. 1-9.
Springer, Cham, 2019.

@ Azar Sadeghnejad Barkousaraie, Lekan Molu, Steve Jiang, and Dan
Nguyen. " A Fast Deep Learning Approach for Beam Orientation
Selection Using Supervised Learning with Column Generation on IMRT
Prostate Cancer Patients.” Medical Physics (AAPM) 46 (6), E237-E237,
San Antonio, TX, July 2019.
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Contributions

Relevant Publications

Azar Sadeghnejad Barkousaraie, Lekan Molu, Steve Jiang, and Dan
Nguyen. “A fast deep learning approach for beam orientation optimiza-
tion for prostate cancer treated with intensity-modulated radiation ther-
apy.” In International Journal of Medical Physics Research and Practice,
https://doi.org/10.1002/mp.13986, 2019.
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Beam angle optimization: A supervised learning approach
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Protate cancer example

Stage | Prostate Cancer

Bladder-

Found by: Needle biops:
Rectum —— Y psy
Prostate Grade Group: 1
Urethra— PSA level: Less than 10
Bladder Found by: Digital rectal exam
Rectum Grade Group: 1

PSA level: Less than 10
Prostate—

E Cancer in: 1/2 or less of

Urethra > one side

(©2018 Terese Winslow LLC, U.S. Govt. has certain rights.
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Clinical target volume example

Geometry of a 3D pancreatic case. Reprinte from Bertsimas et al. (2013).
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Building a treatment plan

@ Selecting the number of beams;

@ Selecting the directions from which
to deliver the radiation;

@ Optimizing the intensities of the
beamlets in each beam (IMRT);

@ Selection of delivery sequence
(multileaf sequencing).
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Treatment plan flowchart

+ Beam angles are set.
» Prescription is defined.

l

* Plan optimization is performed.
» A final dose calculation is performed.

| Approve plan for delivery. |

Reprinted from “IMRT Optimization Algorithms. David Shepard. Swedish Cancer Institute. AAPM 2007.”
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BOO workflow

Manually Selection/Protocols Adoption

Laborious process; could take up to 5 days for head and neck cancer treatment.

Pre-solve Large Sparse Dose Influence Matrix

Takes hours to solve for a single patient. Days/months for multiple patients.

Solve Fluence Map Optimization

Time-consuming: Often takes minutes.
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Optimized example result and challenges

(b) Dosewash for (c) Dosewash for 1.0
CG Beams [212, 306, 86, 354, 240] DNN Beams (174, 84, 298, 36, 242)
0.8
0.6
04
0.2

100 120 140 160 100 120 140 160

Delivered radiation dose after heavy optimization to a planning target volume example.
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Dose influence matrix (Fluence)

@ S volumes of interest, (VOlIs); @ Suppose V), are the set of all

o Comprising organs-at-risk voxels in a discretized grid
(OARs); VOl (h=1,---,S);

o Normal tissues (all body @ Np: Number of voxels in VOIp;
voxels excluding specified
target structure); @ B : set of beamlets, partitioned

o (Planning or clinical) target into subsets By U -+, By for n
volume; beams;
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Dose influence matrix (Fluence)

Set x;, j € B as the beam _ ,
@ D matrix of dose influence;

intensity;
o Characterized by D;;(6y) ;
@ 0, k=1,---,n continuous . v Di(6)
o For dose i € Vp;
beam angles; . .
o From beam j € By delivered
@ d; dose delivered to voxel i, at angle 0y;

(iGVh,h:]_,"',S); . .
@ D is computed at a resolution
e A discretization resolution for of 360°/A degrees.

all continuous angles 1,--- , n.
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Dosing objectives and constraints

@ Three objectives: 0,&Cp, p = {1,2,3};

o Type 1: (O and G;) for OARs: Penalize weighted convex
combination (given by parameter 0 < a, < 1) of the max.
dose y, to OAR h € O; and of the mean dose 1/N, (>
to the OAR;

d;)

ieVy

o Type 2: (O, and () for target volumes: Penalize (negated)
weighted convex combination (given by parameter 0 < o, < 1)
of the min. dose y;, to target and the mean dose
1/Nn(> ey, di) to the tumor;
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Dosing objectives and constraints

@ Three objectives: 0p&Cp, p = {1,2,3};
o (; for upper bound on the max, and mean dose to OAR.

o (5; for lower bound on convex combination of the min and
mean dose to target, h

@ Type 3: (O3 and C3 ): A ramp function for to limiting
underdosing to a target and over- dosing to an OAR.
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Mixed-integer nonconvex optimization

minimize > wj, (cxhyh +(1—op)1 /Ny <Zdi> )

h 0,00, az

3w, (uwh_zﬂ:) M

heos icv,

n

ZZDij(ek)xj=di, ieVp h=1,...,S 2)

k=1jeB

di>LB;, ieVy h=1,....S 3)

di<UB;, ieVy h=1,...,S (4)

x>0, jeB, k=1,..., n (5)

0<0,<360, k=1,...,n (6)

yp=d;, ieVy heO UG 7

yp<d;, ieVy, heO, UG, 8)

ah.yr-"*'(l—ah)]/Nh‘zv:diSghv heCy )
oz

uhyh+(1—ozh)1/N,,Zv:d,zgh, heCs (10)
ieVy

2> sidi—ty), heOsUCs, ieV, 1)

i 1 4 A
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Limited BOO Optimization

minimize F(y)
XY Bliir

D.’)..\':.vl
subjectto y = 3 xp,

bEBiimir D
b s=s7

Xb 2 0 forb S Bm'!'

‘Bﬁmil‘ S n BHH!E{ & Bm'l'

@ where Bjmt is a set of limited (n =~ 5 — 10) feasible for
treatment delivery to the patient.

@ Kicker: solving Bjimir is computationally prohibitive;

@ Kicker: exhaustive beam angle search infeasible either for fast
treatment planning.
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Iterative greedy-based beam selection

@ Column generation approximates limited BOO problem

o lteratively add a beam with the greatest likelihood to improve
the current FMO solution;

o FMO leverages Chambolle-Pock first-order primal-dual
proximal operator on GPU;

o DNN then trained to learn beam orientation reasoning of CG

@ DNN essentially internalizes the FMO solution via CG.s
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Minimizing computational expense of CG

Algorithm 1. Brigf Colvmn Generation Strscture for Beam Orientation Selection

1. Initialize Byjmie as an empry see: k = 0, Brpumt =0
2. While |Bymee| < n:
2. b¥tl= ) argmin {P(E):g = Bﬁ)\a‘wir +b, ‘S‘l = |Bﬁm|r‘ +1 }
b eBait\Ef e

k+1 _ pk ki1
b. Biimie = Biimie + b
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Column generation scheme

@ Column generation approximates limited BOO problem
o expensive since FMO for each beam in B,y \ Bf .. at each
iteration k;
e KKT conditions for master problem fast transitions!

o If KKT conditions not met, check which variables are furthest
from optimality, and would, therefore, improve the objective
value the quickest if corrected!

@ KKT conditions reveal which single beam would best improve
the objective value at the next iteration

Lekan Molu Representations, Actionable Agents, and Radiation Therapy
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KKT trick

TasLe II. Karush-Kuhn-Tucke (KKT) CONDITIONS for problem P(B_all).

KKT conditions: .
Stationarity Vp = : 7 forb € By (1)
Dy,
ZE€IF(y) (2)
D,U._J.I
Primal feasibility y=2 xp (3)
beB b
x>0 forbe By (4)
Dual feasibility vy =0 forb e Bu (5)
Complementary slackness vpixpi =0 ¥bh,i (6)
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CG-DNN Algorithm

orithm 2. Soling a Sequence of a Linited BOO Problen to Select n Bean Orientations
ithm 2. Sul " fa Linited BOO Proble ct n Beam O

1. Create a one-dimensional array (A) with the same size as

Jin this work |J| = 180)

Set current number of sclected beam orientation (B) as 0, ng = 0
Initialize array A with zeros

Set the value of current objective function Fygy

While iy < 7 and stopping criteria has not been met, do:
a. Use the updated set of B to define Pyymic (B, ng)
b.  Piimie(B,ng) by Chambolle-Poc]
¢ Forcach structure s¢ € S, ca

algorithm®

culate the Lagrange multiplic
as Zg,, whose size is the number of voxels in s,

d. Define vector v, for all beams (b € Bey)

hbeam by € By \B

i. For each structure s, € S:

e. Fore

1. Calculate Dy, the dose matrix of beam by for ¢
2.0 += Dy 25,
i, Setry, = —vy,
£ Ifr, <0  VbE By
i. Stop the algorithm. The solution is optimal.
g Otherwise:

Notmalize r values by Caleulate fitness vector f
for all beam with equation (9)

b = argmax(f),

Update the as

01, Ag; =1

oci

ted clement in array A: (@)

iv. np=ng+1
6. Return A

Lekan Molu Representations, Actionable Agent:
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Network Structure

[ EE
Layers
Input Layer
' 30 Max Pooling
d Inputs
_— Tuput 1-PTV
TTamT gt 1-C0ATts

mmn Dnput2-Boams(B) Output Layer
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Training Schematic

Beam angle fitness values

Beamlet

Dose Data gE@—! \/ |,

Anatomy 0 50 100 150 200 250 300 330
ARV

Beam Angle (Degrees)

Stl’l{ cture Predicted fitness values Lo SP
weights ECEEEEE]
p————
Selected | SL /
Beams network
e J ~——

0 50 100 150 200 250 300 350
Beam Angle (Degrees)

| Backpropagate |
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Training and Validation Loss

Average Training Loss (solid) and Validation Loss (dotted)

= Proposed DNN
== DNNg

008

006

Mean Squared Error

kb ik i oty

50 100 150 200 250 300 350 400
Foache

Average training (solid) and validation (dotted) loss function (MSE) values
across six cross-validation folds for the network (blue) and full network.
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Inference: Column Generation vs U-Ne

ut ree i Input ree
nput Degres - nput oeg nput oeg
o8
os
ot
os
o0t 008
Y — L
= % e e e B Wo W % W we W e W %
os os! _ /\\ < os
0.6 MSE= 0.6 =\ MSE= 06 MSE=
by ey 5
os 0s oa
- —— CG Solution Lad — €6 Solution | / 02| __ ¢ Solution
» mm.qm N Propased NN ol — Proposed o |
o s o mo o Bo %o 30 G % o mo o o o 30 &% e mo w0 o %o 5o
20 10/ __ G Solution 10
o8 o.8| T ONNFull os
wsee s os e
S5en heH e
a —— G Solution - 02/ __ ¢6 solution
— oowran ol — o
G @ o o w0 B %o 30 G % w0 mo o o o 30 o % e o w0 2@ %0 o
o8 o os
as as os
. . 40 1 |
G % 0 e o m %o 30 G % w0 o o o 0 30 G @ 0 im0 a0 2 w0 %o
— oo — e — inpikDogres
- CGrelected bams - CGratected beums - Cenected boams
Proposad ONN slacted beams Proposad NN slacted beams Propased ONN slaced beams

(a) Prediction of 1st beam orientation given no beam. (b) Prediction of 2nd beam orientation given 1 beam. (c)
Prediction of 3rd beam orientation given 2 beams. (d) Prediction of 4th beam orientation given 3 beams. (e)
Prediction of 5th beam orientation given 4 beams.
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DVH of Column Generation vs Neural Network

(a) DVH CG(Solid line) vs DNN(Dashed line)

—_— PTV
Body
—— Bladder

—— Rectum
= L Fem Head
= R Fem Head

Fractional Volume

0.0 01 02 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 11
Fractional Dose

Dose-Volume Histogram of CG vs DNN architectures
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Dose Washes of Column Generation vs Neural Network

(b) Dosewash for (c) Dosewash for 1.0
CG Beams [212, 306, 86, 354, 240] DNN Beams (174, 84, 298, 36, 242)
0.8
0.6
04
0.2

120 140 160

100 120 140

Dose-Volume Histogram of CG vs DNN architectures
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FMO Costs: Column Generation vs Neural Network

70%

60%

50%
=3
2 40%
g 30% uCG Better
S ®DNN Better

20%

10% l

o u_
0.001  0.0025  0.005 0.01 0.025 0.05

Maximum acceptable error

Dose-Volume Histogram of CG vs DNN architectures
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Conclusions

A Sparse Lookout Tree Strategy for guiding beam angle
transitions while training a neural network

A supervised deep neural network that learns from a CG
algorithm

@ Both methods leverage the convex FMO in learning the
optimal set of beam angles

o Alternating Direction Method of Multipliers
e Chambolle-Pock algorithm

Trade-offs in solutions generated by either approach allows
flexibility for treatment planners

o Grants

Lekan Molu Representations, Actionable Agents, and Radiation Therapy
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Beam Orientation Optimization (BOO)

@ Beam Orientation Optimization (BOO)

e — Monte Carlo Tree Search and Neuro-Dynamic Programming

Lekan Molu Representations, Actionable Agents, and Radiation Therapy
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Beam Orientation Optimization (BOO)

@ Beam Orientation Optimization (BOO)

e — Monte Carlo Tree Search and Neuro-Dynamic Programming

e Column Generation as Pretraining for Deep Neural Network
BOO

Lekan Molu Representations, Actionable Agents, and Radiation Therapy
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Beam angle optimization: An RL approach
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BOO relevant works

@ Sadeghnejad Barkousaraie, Azar, Lekan Molu, Steve Jiang, and Dan Nguyen. "A fast deep learning
approach for beam orientation optimization for prostate cancer treated with intensity-modulated radiation
therapy.” In Medical physics: International Journal of Medical Physics Research and Practice, 47, no. 3
(2020): 880-897.

@ Molu, Lekan, Michael Folkerts, Dan Nguyen, Nicholas Gans, and Steve Jiang. "Deep BOO! Automating
Beam Orientation Optimization in Radiation Therapy.” In Algorithm Foundations of Robotics XlII, Merida,
Mexico. Published in Springer’s Proceedings in Advanced Robotics (SPAR) Book, 2020.

@ Barkousaraie, Azar Sadeghnejad, Lekan Molu, Steve Jiang, and Dan Nguyen. " Using Supervised Learning
and Guided Monte Carlo Tree Search for Beam Orientation Optimization in Radiation Therapy.” In
Workshop on Artificial Intelligence in Radiation Therapy, pp. 1-9. Springer, Cham, 2019.

@ Azar Sadeghnejad Barkousaraie, Lekan Molu, Steve Jiang, and Dan Nguyen. " A Fast Deep Learning
Approach for Beam Orientation Selection Using Supervised Learning with Column Generation on IMRT
Prostate Cancer Patients.” Medical Physics (AAPM) 46 (6), E237-E237, San Antonio, TX, July 2019.

@ Lekan Molu, Azar Sadeghnejad Barkousaraie, Nicholas Gans, Steve Jiang, and Dan Nguyen. " An
Approximate Policy Iteration Scheme for Beam Orientation Selection in Radiation Therapy.” Medical
Physics (AAPM) 46 (6), E386-E386 San Antonio, TX, July 2019.

@ Azar Sadeghnejad Barkousaraie, Lekan Molu, Steve Jiang, and Dan Nguyen. " A Reinforcement Learning
Application of Guided Monte Carlo Tree Search Algorithm for Beam Orientation Selection in Radiation
Therapy.” Medical Physics (AAPM) 46 (6), E236-E236, San Antonio, TX, July 2019.
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Contributions

Relevant Publications

Molu, Lekan, Michael Folkerts, Dan Nguyen, Nicholas Gans, and Steve
Jiang. "Deep BOO! Automating Beam Orientation Optimization in Ra-
diation Therapy.” In Algorithm Foundations of Robotics XlII, Merida,
Mexico. Published in Springer’s Proceedings in Advanced Robotics
(SPAR) Book, 2020.

@ A sparse tree lookout strategy for games with large state
spaces guides transition between beam angle sets

@ Tree lookout strategy guided by a deep neural network policy
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Protate cancer example

Stage | Prostate Cancer

Bladder-

Found by: Needle biops:
Rectum —— Y psy
Prostate Grade Group: 1
Urethra— PSA level: Less than 10
Bladder Found by: Digital rectal exam
Rectum Grade Group: 1

PSA level: Less than 10
Prostate—

E Cancer in: 1/2 or less of

Urethra > one side

(©2018 Terese Winslow LLC, U.S. Govt. has certain rights.
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BOO Process: Fluence map optimization

Dose (Gy)

WPV [Rectum MBladder [Right femoral head
PrOState before Left femoral head  IMAvoiding structure  [llBody
BOO

Prostate CT slice Fluence Map
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BOO workflow

Manually Selection/Protocols Adoption

Laborious process; could take up to 5 days for head and neck cancer treatment.

Pre-solve Large Sparse Dose Influence Matrix

Takes hours to solve for a single patient. Days/months for multiple patients.

Solve Fluence Map Optimization

Time-consuming: Often takes minutes.

Lekan Molu Representations, Actionable Agents, and Radiation Therapy



Treatment plan flowchart

+ Beam angles are set.
» Prescription is defined.

l

* Plan optimization is performed.
» A final dose calculation is performed.

| Approve plan for delivery. |

Reprinted from “IMRT Optimization Algorithms. David Shepard. Swedish Cancer Institute. AAPM 2007.”
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Current approaches and limitations

Mixed Integer
Linear
Programming

Genetic Simulated
Algorithms Annealing

Gradient Beam Angle
Search Elimination
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Innovation

@ A tower neural network generates a policy that guides MCTS
simulations for two players in a zero-sum Markov game

e Produces a utility (value) function & a subjective probability
distribution

@ Each player in a two-player Markov game finds an alternating
best response to the current player's average strategy

e driving the neural network policy's weights toward an
approximate saddle equilibrium [Heinrich et al. (2015)].

e aids network in finding an approximately optimal beam angle
candidate set that meets a dosimetric requirements.

Lekan Molu Representations, Actionable Agents, and Radiation Therapy
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State encoding: prostate organ masks

bladder , . fem_head It

® o w0 0 0 o o 2 & 9w @

L S
fem head rt ) rectum
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State representation: beam angles

10° 82° 166°
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Two-player fictitious network play with ResNet

7 X 7 conv, 64, /2 |—pool IZL[ 3 X 3 conv, 64 H 3 X 3 conv, 64
3 X 3 cony, 64 ]‘—[ 3 % 3 cony, 64 ]-_‘-T[ 3 X 3 cony, 64 ]——[ 3 X 3 cony, 64

l’ { 3 X 3 cony, 128, /2 ]_'[ 3 X 3 cony, 128 3 % 3 conv, 128 ]——-[ 3 X 3 cony, 128

3 % 3 cony, 128 ]‘_[ 3 X 3 conv, 128

]:ﬂ[ 3 X 3 cony, 128 ]——[ 3 X 3 cony, 128 ]—I
3 X 3 conv, 256, /2 '—'l 3 X 3 cony, 256 }r|—[ 3 X 3 cony, 256 I——-l 3 X 3 cony, 256

i

i

E 3 x 3 cony, 256 ]'—[ 3 % 3 cony, 256

[ 3 % 3 conv, 256 ]‘—[ 3 X 3 cony, 256

3 % 3 con, 256 ]—-[ 3 % 3 cony, 256 ]Tl—[ T ]———[ 3 x 3 cony, 256 ]—l

3x3 512 33, 512 3x3 , 512, /2 |-
Avg4 pool |‘|‘{ 3 X 3 cony, 512 ]‘_[ conv, hi'[ cony, I‘—| cony, / ]'
BbdRicanviEin ]«—{ GiaasEsit ]._l
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Tree Representation and Game Simulation

——— Selection — Simulation —— Back-up

() /A % A
.- e /NG

SRR ARR AR

/NN N L NN A

Tree Policy Fluence Optimization
Q!k MQk(zk,uk)

(Ik+2, uk+2)

(Thta, Upta) |
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Tree Composition

Every node of the tree, x, has the following fields:
@ a pointer to the parent that led to it, x.p;
@ the beamlets, xp, stored at that node; b= {1,..., m};
@ a set of move probabilities prior, p(s, a);
@ a pointer x.r, to the reward r;, for the state x;;

@ a pointer to the state-action value Q(s, a) and its upper
confidence bound U(s, a);

a visit count N(s, a), that indicates the number of times that
node was visited; and

@ a pointer x.child; to each of its children nodes.
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Saddle Point Strategy Formulation

e Saddle point strategies for optimal control sequence pair
{a", af*} recursively obtained by optimizing, Vi(s, a)
* —_ OF PL P2} _ - * pL P2
Vi(s) = Qi (se,mi" mt?) L LT L0 Qf (s, @, 7)

Vsy € S, 7Pt € NP P2 € NP2,

such that
Vo, SV VATE e bo<e< T

@ p1, po respectively generating a mixed strategy via
averaging the outcome of individual plays.
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Training and Validation Loss

Average Training Loss (solid) and Validation Loss (dotted)

= Proposed DNN
== DNNg

008

006

Mean Squared Error

kb ik i oty

50 100 150 200 250 300 350 400
Foache

Average training (solid) and validation (dotted) loss function (MSE) values
across six cross-validation folds for the network (blue) and full network.
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BOO Results: Testing of self-play network
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Column Generation vs Neural Network

(b) Dosewash for (c) Dosewash for 1.0
CG Beams [212, 306, 86, 354, 240] DNN Beams (174, 84, 298, 36, 242]
0.8
0.6
04
0.2

100 120 140 160 100 120 140 160

Dose-Volume Histogram of CG vs DNN architectures [Sadeghnejad
Barkousaraie, Azar and Ogunmolu, Olalekan and Jiang, Steve and Nguyen, Dan
(2019)].
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Conclusions

@ Deep Neural Network optimizes network weights in a separate
multiprocessing thread; Network outputs probabilities used to

guide search;

@ Sparse lookahead search builds tree with nodes labeled by
state-action pairs in an alternating manner; sample rewards
stored on edges connecting state-action with state nodes;

@ Beam angles prediction takes between 2-3 minutes with MCTS
vs. ~ 60 seconds with Column Generation Pre-training.
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Transition slide: Representation learning.

This page is left blank intentionally.
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State representation in RL
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State representation in RL: credits

A. Koul Y. Efroni D. Misra D. Foster

1% 2 b /
A. Lamb M. Dudik A. Krish. J. Langford
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Standard reinforcement learning

state
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A |

reward
R,
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State representation in RL
oe

‘sliinney

R!+| [

-+

action
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-

_S.. | Environment ]4—
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State representation in RL
.

Without exogenous distractors

Reward- Reward-
Re]evant Irrelevant

o -
-?

Uncontrollable

i e

Controllable

Source: (?)
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Compact states without exogenous distractors

Environment with Exogenous State 9555"’3”0[‘_ Generalized Inverse Dynamics

Train @ model to predict the index of roll-in path

.End:‘gfgﬁgoui‘ Actiwon fg(idx (1/ o a) ‘ ;m)

VM T x’

~ &

v~ Uniform(\lly,.,l) a ~ Uniform(A)

Policy cover for the last time step Action spéce

Source: (?).
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Exo-MDP machinery

e Tuple M := (X, 2, A, T,R,H)
e Starting distribution p € A(Z);
o Observations {x,}i_, € X from q: Z — A(X);
o Transitions, T : Z x A — A(S);
o Rewards by R: X x A — A([0,1])
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Exo-MDP machinery

e Trajectories: (z1,x1,a1,M, - ,2H,aH, ry) from repeated
interactions

o z1 ~ (),
@ Zpi1 T(~\zh,ah),
@ Xp ~ q(-‘Zh) and

o ry ~ R(xp, ap, xpt1) for all h € [H].

@ Block MDP assumption: Supp(q(-|z)) = {x € X|q(x|z) > 0}
for any z.
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Exo-MDP machinery

@ Supp(q(+|z1)) N Supp(q(-|z2)) = 0 for all z; # z.

@ arv 7T(Zh|Xh)
o Non-stationary episodic policies Mys := MY D (71, , 74);

o Optimal policy 7* = argmaxVienys () for Veenys = >, 171

o Latent states admits the form z = (s, e), where s € S,
ec E(?).

o 1(z) = p(s)ué and T(2|z,a) = T(s'|s, a) Te(e'le)
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Literature comparison

1-Step AC-State

Algorithms PPE OSSR DBC CDL  Denoised-MDP

Inverse  (Ours)
Exogenous Invariant State v v v v v v v
Exogenous Invariant Learning v ' X X X ' '
Flexible Encoder v X v X v ' '
YOLO (No Resets) Setting X v v v v v v
Reward Free v ' X ' v ' '

Control-Endogenous Rep. v ' X ' v X '
Emphasis on robustness to exogenous information. Comparison with baselines
including PPE [3], OSSR [2], DBC [6] , Denoised MDP [5] and One-Step

Inverse Models [4].
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Rewards-agnostic state invariance

AC-State Discovers the
smallest control-endogenous
state s assuming factorized
dynamics

AC-State collects data with a
single random action followed
by a high-coverage endogenous
policy for k-1 steps
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Rewards-agnostic state invariance

.

,,Acrsm(f,t,x,a,k) - predict first action

from X to reach X,

k

AC-State learns an encoder {
for s = f(x) by optimizing a
multi-step inverse model with
a bottleneck

(£x,0)

p
“bottleneck

&
bottleneck

(f,x,t+k)
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AC-State in action
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AC-State in action

80
70 o O
® *—eo-—9—o
60 (- e
2 50 - o O Autoencoder
5 40| O Inverse
S 3ol < AC-State
20 | L O
10 O O o U
oKl o O

1 14 27 40 53 66 72 92
Training epochs
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AC-State in action

Exogenous distractors riddance.

Lekan Molu Representations, Actionable Agents, and Radiation Therapy



AC-State results
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PCLAST: Agent plannable continuous latent states

PcLast: Discovering Plannable Continuous Latent States

Anurag Koul ! Shivakanth Sujit*>** Shaoru Chen' Ben Evans® Lili Wu' ByronXu' Rajan Chari'
Riashat Islam*¢ Raihan Seraj ¢ Yonathan Efroni” Lekan Molu' Miro Dudik' John Langford' Alex Lamb '

P8 vy BE
0¢¢¢¢@O

TB

&
<
<

<« = e
&

a > Ly
Action Peicion

Conrastive Negative| | Contrastive Posiive

- Stop Gradient
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PCLAST algorithm

T
Algorithm 1 n-Level Planner _”_ ” I ,I E

Require:
. Halls b) R S Spiral
Current observation a; (a) Hallway (b) Rooms (c) Spiral

Goal observation x40
Planning horizon H
Encoder ¢(-)
PCLAST map (-)

Latent forward dynamics d(-, -)
Multi-Level discrete transition graphs {G:
Ensure: Action sequence {a;}/1 51
1: Compute current continuous latent state s; = ¢(x,) and
target latent state 3* = ¢(Zgoai)-
{See Appendix E for details of high-level planner and
low-level planner. }
2: fori =n,n—1,...,2do
3: §* = high-level planner(3;, 3*, G,)
{Update waypoint using a hierarchy of abstraction. }
4: end for
{a:}2 5! = low-level planner(3,, §*, H, &, )
{Solve the trajectory opnmlzallon problem.}

(d) Sawyer Reach Environment

W
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PCLAST results

METHOD REWARD TYPE HALLWAY RooOMS SPIRAL SAWYER-REACH |
PPO DENSE 6.7+ 0.6 TESeEifal 1525757 86.00 + 5.367
PPO + ACRO DENSE 10.0 £4.1 23.3+94 233+11.8 84.00 + 6.066
PPO + PCLAST DENSE 66.7 + 18.9 43.3+19.3 61.7 £ 6.2 78.00 + 3.347
PPO SPARSE 1.7+£2.4 0.0£0.0 0.0£0.0 68.00 £ 8.198
PPO + ACRO SPARSE 21785 50+4.1 11.7+8:5 92.00 + 4.382
PPO + PCLAST SPARSE 50.0 + 18.7 6.7+£6.2 46.7 £+ 26.2 82.00 + 5.933
cQL SPARSE 3:31£:4.7. 0.0£0.0 0.0£0.0 32.00+£5.93
CQL + ACRO SPARSE 19:0:"7:1 33.3+125 21.7 £10.3 68.00 £ 5.22
CQL + PCLAST SPARSE 40.0 = 0.5 2334125 20.0 £ 8.2 74.00 + 4.56
RIG NONE 0.0£0.0 0.0£0.0 3.0+£0.2 100.0 = 0.0
RIG + ACRO NONE 15.0 +3.5 40%1. 12.0 £ 0.2 100.0 = 0.0
RIG + PCLAST NONE 10.0+0.5 40+ 1.8 10.0 £ 0.1 90.0£5
LOW-LEVEL PLANNER + PCLAST NONE 86.7+3.4 69.3+ 3.4 50.0+4.3 +
n-LEVEL PLANNER + PCLAST NONE 97.78 £ 4.91 | 89.52 + 10.21 | 89.11 + 10.38 95.0 £ 1.54
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Conclusion

@ Questions?

o Email: patlekano [@] gmail [dot] com
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