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Talk outline: research ecosystem

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
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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 XIII, 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
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Talk outline: External beam radiation therapy

Beam Orientation Optimization (BOO);

Column Generation as Pretraining for MCTS for BOO.

Monte Carlo Tree Search and Neuro-Dynamic Programming
for BOO;
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Research Significance
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External beam radiation therapy (EBRT) Beam Delivery

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

A Multi-leaf collimator,©Varian.
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Radiation delivery couch and gantry

Varian’s TrueBeam Radiotherapy System.
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Transition slide: Column generation-guided supervised
learning.
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Part I.B: Supervised Column Generation Pretraining for
BOO

Beam Orientation Optimization (BOO)

Monte Carlo Tree Search and Neuro-Dynamic Programming
for BOO

→ 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

CPRIT MIRA RP160661: $4, 103, 894. PI: Steve Jiang

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

©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).

A Multi-leaf collimator,©Varian.
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Treatment plan flowchart

Reprinted from “IMRT Optimization Algorithms. David Shepard. Swedish Cancer Institute. AAPM 2007.”
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BOO workflow
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Optimized example result and challenges

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

S volumes of interest, (VOIs);

Comprising organs-at-risk
(OARs);

Normal tissues (all body
voxels excluding specified
target structure);

(Planning or clinical) target
volume;

Suppose Vh are the set of all
voxels in a discretized grid
VOIh (h = 1, · · · , S);

Nh: Number of voxels in VOIh;

B : set of beamlets, partitioned
into subsets B1 ∪ · · · ,Bn for n
beams;
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Dose influence matrix (Fluence)

Set xj , j ∈ B as the beam
intensity;

θk , k = 1, · · · , n continuous
beam angles;

di dose delivered to voxel i ,
(i ∈ Vh, h = 1, · · · , S);

∆ discretization resolution for
all continuous angles 1, · · · , n.

D matrix of dose influence;

Characterized by Dij(θk) ;

For dose i ∈ Vh;

From beam j ∈ Bk delivered
at angle θk ;

D is computed at a resolution
of 360◦/∆ degrees.
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Dosing objectives and constraints

Three objectives: Op&Cp, p = {1, 2, 3};
Type 1: (O1 and C1) for OARs: Penalize weighted convex
combination (given by parameter 0 ≤ αh ≤ 1) of the max.
dose yh to OAR h ∈ O1 and of the mean dose 1/Nh(

∑
i∈Vh

di )
to the OAR;

Type 2: (O2 and C2) for target volumes: Penalize (negated)
weighted convex combination (given by parameter 0 ≤ αh ≤ 1)
of the min. dose yh to target and the mean dose
1/Nh(

∑
i∈Vh

di ) to the tumor;
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Dosing objectives and constraints

Three objectives: Op&Cp, p = {1, 2, 3};
C1 for upper bound on the max, and mean dose to OAR.

C2; 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
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Limited BOO Optimization

where Blimit is a set of limited (n ≈ 5− 10) feasible for
treatment delivery to the patient.

Kicker: solving Blimit is computationally prohibitive;

Kicker: exhaustive beam angle search infeasible either for fast
treatment planning.

Lekan Molu Representations, Actionable Agents, and Radiation Therapy



34/87

Outline BOO State representation in RL References

Iterative greedy-based beam selection

Column generation approximates limited BOO problem

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

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

DNN then trained to learn beam orientation reasoning of CG

DNN essentially internalizes the FMO solution via CG.s

Lekan Molu Representations, Actionable Agents, and Radiation Therapy
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Minimizing computational expense of CG
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Column generation scheme

Column generation approximates limited BOO problem

expensive since FMO for each beam in Ball \ Bk
limit at each

iteration k ;

KKT conditions for master problem fast transitions!

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



37/87

Outline BOO State representation in RL References

KKT trick
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CG-DNN Algorithm
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Network Structure
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Training Schematic
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Training and Validation Loss

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-Net

(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

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

Dose-Volume Histogram of CG vs DNN architectures

Lekan Molu Representations, Actionable Agents, and Radiation Therapy



45/87

Outline BOO State representation in RL References

FMO Costs: Column Generation vs Neural Network

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

Alternating Direction Method of Multipliers
Chambolle-Pock algorithm

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

Grants
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Beam Orientation Optimization (BOO)

Beam Orientation Optimization (BOO)

→ Monte Carlo Tree Search and Neuro-Dynamic Programming

Column Generation as Pretraining for Deep Neural Network
BOO
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Beam Orientation Optimization (BOO)

Beam Orientation Optimization (BOO)

→ Monte Carlo Tree Search and Neuro-Dynamic Programming

Column Generation as Pretraining for Deep Neural Network
BOO
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Beam angle optimization: An RL approach
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BOO relevant works
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Mexico. Published in Springer’s Proceedings in Advanced Robotics (SPAR) Book, 2020.
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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 XIII, 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

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

Prostate CT slice

Prostate before
BOO

Fluence Map
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BOO workflow
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Treatment plan flowchart

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

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

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

aids network in finding an approximately optimal beam angle
candidate set that meets a dosimetric requirements.
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State encoding: prostate organ masks
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State representation: beam angles

10◦ 82◦ 166◦
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State representation
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Two-player fictitious network play with ResNet
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Tree Representation and Game Simulation
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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, xb, stored at that node; b = {1, . . . ,m};
a set of move probabilities prior, p(s, a);

a pointer x .r , to the reward rt , for the state xt ;

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 .childi to each of its children nodes.

Lekan Molu Representations, Actionable Agents, and Radiation Therapy
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Saddle Point Strategy Formulation

Saddle point strategies for optimal control sequence pair

{ap
∗
1

t , a
p∗2
t } recursively obtained by optimizing, Vt(s, a)

V ∗
t (s) = Q∗

t (st , π
p1
t , πp2

t ) = min
πp1∈Πp1

max
πp2∈Πp2

Q⋆
t (st , π

p1 , πp2)

∀st ∈ S, πp1 ∈ Πp1 , πp2 ∈ Πp2 .

such that
v⋆p1 ≤ v⋆ ≤ v⋆p2 ∀ {πp1

t , πp2
t }0≤t≤T .

p1, p2 respectively generating a mixed strategy via
averaging the outcome of individual plays.
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Training and Validation Loss

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

Lekan Molu Representations, Actionable Agents, and Radiation Therapy



66/87

Outline BOO State representation in RL References

Column Generation vs Neural Network

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: credits

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

A. Lamb M. Dudik A. Krish. J. Langford
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Standard reinforcement learning
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Without exogenous distractors

Source: (?)
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Compact states without exogenous distractors

Source: (?).
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Exo-MDP machinery

Tuple M := (X ,Z,A,T ,R,H)

Starting distribution µ ∈ ∆(Z);

Observations {xh}Hh=1 ∈ X from q : Z → ∆(X );

Transitions, T : Z ×A → ∆(S);
Rewards by R : X ×A → ∆([0, 1])
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Exo-MDP machinery

Trajectories: (z1, x1, a1, r1, · · · , zH , aH , rH) from repeated
interactions

z1 ∼ µ1(·),
zh+1 ∼ T (·|zh, ah),
xh ∼ q(·|zh) and
rh ∼ R(xh, ah, xh+1) 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)) ∩ Supp(q(·|z2)) = ∅ for all z1 ̸= z2.

a ∼ π(zh|xh)
Non-stationary episodic policies ΠNS := ΠH ⊇ (π1, · · · , πH);

Optimal policy π⋆ = argmaxVπ∈ΠNS
(π) for Vπ∈ΠNS

=
∑

h 1
H rh.

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

µ(z) = µ(s)µξ and T (z ′|z , a) = T (s ′|s, a)Te(e
′|e)
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Literature comparison
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Rewards-agnostic state invariance
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Rewards-agnostic state invariance
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AC-State in action
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AC-State in action
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AC-State in action

Exogenous distractors riddance.
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AC-State results
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PCLAST: Agent plannable continuous latent states
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PCLAST algorithm
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PCLAST results
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Conclusion

Questions?

Email: patlekano [@] gmail [dot] com
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