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Abstract

Purpose: In the treatment planning process of intensity modulated radiation therapy (IMRT), a 

human planner operates the treatment planning system (TPS) to adjust treatment planning 

parameters, e.g. dose volume histogram (DVH) constraints’ locations and weights, to achieve a 

satisfactory plan for each patient. This process is usually time-consuming, and the plan quality 

depends on planer’s experience and available planning time. In this study, we proposed to model 

the behaviors of human planners in treatment planning by a deep reinforcement learning (DRL)-

based virtual treatment planner network (VTPN), such that it can operate the TPS in a human-like 

manner for treatment planning.

Methods and Materials: Using prostate cancer IMRT as an example, we established the VTPN 

using a deep neural network developed. We considered an in-house optimization engine with a 

weighted quadratic objective function. VTPN was designed to observe an intermediate plan DVHs 

and decide the action to improve the plan by changing weights and threshold dose in the objective 

function. We trained the VTPN in an end-to-end DRL process in 10 patient cases. A plan score 

was used to measure plan quality. We demonstrated the feasibility and effectiveness of the trained 

VTPN in another 64 patient cases.

Results: VTPN was trained to spontaneously learn how to adjust treatment planning parameters 

to generate high-quality treatment plans. In the 64 testing cases, with initialized parameters, 

quality score was 4.97 (±2.02), with 9.0 being the highest possible score. Using VTPN to perform 

treatment planning improved quality score to 8.44 (±0.48).

Conclusions: To our knowledge, this was the first time that intelligent treatment planning 

behaviors of human planner in external beam IMRT are autonomously encoded in an artificial 
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intelligence system. The trained VTPN is capable of behaving in a human-like way to produce 

high-quality plans.

1. Introduction

Inverse treatment planning of a modern radiation therapy technique, e.g. Intensity 

Modulated Radiation Therapy (IMRT)1, is one of the most critical steps2, 3. The 

optimization problem of inverse planning typically contains multiple terms and constraints 

designed for various clinical or practical considerations, as well as a set of treatment 

planning parameters (TPPs) such as weights and locations of dose-volume histogram 

constraints. Although modern treatment planning systems can solve the optimization 

problem for given TPPs, deciding these TPP values is typically beyond their capability. 

Nonetheless, TPPs are patient-specific and of critical importance for the creation of a high-

quality plan. To date, human-based approaches are still the main solution to this problem: 

planners operate treatment planning systems to create satisfactory plans by setting and 

adjusting TPPs based on human intuitions. This is not only tedious and time-consuming, the 

final plan quality is affected by many factors, such as the experience of the planner and the 

available time. Plans are often unwittingly accepted under the time pressure, although 

further improvement might be still possible. Therefore, an automatic planning process that is 

able to determine the TPP values to achieve high-quality plans is highly desired.

Extensive research efforts have been devoted to solving this problem. One of the most 

commonly used techniques was to add a loop of TPP optimization on top of the optimization 

algorithm performed with a fixed set of TPP values4–7. Heuristic approaches have been 

employed to handle the TPP optimization problem, such as assigning values based on the 

location information of voxels8–10. Fuzzy inference techniques were proposed to adjust the 

TPPs11, 12. Recently, statistical methods have also been introduced to establish the 

relationship between TPPs and patient anatomy13 by analyzing previous delivered high 

quality plans14, 15.

A human planner usually takes a trial-and-error approach to adjust TPPs. By observing a 

plan produced by the planning system under a set of TPPs, the planner decides how to 

change them to improve plan quality. This process continues to gradually achieve a 

satisfactory plan. Adjusting the TPPs can be viewed as a decision-making problem. 

Recently, tremendous success in artificial intelligence has been achieved across different 

disciplines16–27 including radiation oncology28–30. More importantly, pioneer work showed 

that a system built under the deep reinforcement learning (DRL) framework is able to make 

decisions for certain tasks in a human-like fashion, such as playing Atari games or Go, 

achieving performance similar to, or even better than humans21, 26, 27. In light of these 

successes, we have proposed a novel treatment planning framework called intelligent 
automatic treatment planning. More specifically, a virtual treatment planner built under DRL 

can be trained to learn how to operate an optimization engine to generate high quality plans. 

We have demonstrated the feasibility and potential of this approach in a proof-of-principle 

study of inverse treatment planning for high dose-rate brachytherapy30. The study was 

limited to a small-scale optimization problem in brachytherapy and the DRL system was 

designed to only adjust organ weights in the relatively simple objective function.
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In this paper, we further explore the feasibility of developing the virtual treatment planner 

that can adjust more general TPPs for external beam radiotherapy. We focus on prostate 

cancer IMRT, as this problem involves a relatively small number of critical organs. To our 

knowledge, this is the first time that a computational tool is built to have intelligence in 

external beam radiotherapy treatment planning regime, and is trained to be capable of 

operating an optimization engine in a human-like fashion to create high quality plans.

2. Methods and Materials

2. 1 Overview of the intelligent automatic treatment planning framework

In a typical inverse treatment planning workflow, a planner repeatedly observes plans 

created by the optimization engine and adjusts TPPs to gradually generate a satisfactory 

plan. We propose to develop a deep neural network named virtual treatment planner network 

(VTPN), trained to learn the parameter-adjustment policy via an end-to-end DRL process. 

The trained VTPN decides the way of changing TPPs to improve plan quality in lieu of a 

human planner in the planning process, as shown in Fig. 1.

2.2 Treatment planning optimization algorithm

In this paper, we consider the following in-house developed engine targeting at the fluence 

map optimization problem31:

min
x

1
2‖Mx − dp‖−

2 + λ
2 ‖Mx − dp‖+

2 + ∑
i

λi
2 ‖Mix − τidp‖+

2 ,

s . t . x ≥ 0, D95% Mx = dp .
(1)

‖·‖− and ‖·‖+ indicate l2 norm computed only for negative and positive elements, respectively. 

x ≥ 0 is the beam fluence map to be determined. M and Mi are dose deposition matrices for 

planning target volume (PTV) and the i-th organ at risk (OAR). dp denotes prescription dose. 

λ and λi are weighting factors to penalize overdose to PTV and i-th OAR, respectively. τi 

adjusts threshold dose of the i-th OAR. The hard constraint D95% (Mx) = dp indicates that 

95% of PTV is required to receive dose no lower than the prescription dose. In this model, 

λ, λi, and τid are TPPs to be adjusted to yield a satisfactory plan. For the example problem of 

prostate cancer IMRT, we consider only bladder and rectum as OARs. Hence, there are five 

TPPs, i.e. λ, λbladder, λrectum, τbladder, and τrectum. With a given set of TPPs, this 

optimization problem is solved using alternating direction method of multipliers 

(ADMM)32, 33.

2.3 Virtual treatment planner network

VTPN observes a treatment plan generated by the optimization engine under a given set of 

TPPs, and outputs the TPP to adjust, as well as the direction and magnitude of adjustment. 

We employ the Q-learning framework34, which considers the following optimal action-value 

function:

Q* s, a = max
π

[rl + γrl + 1 + γ2rl + 2 + ⋯|sl = s, al = a, π] . (2)
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Q* is a function of system state s, i.e. the observed treatment plan, and action a, i.e. the 

decision regarding which TPP to adjust and how to adjust it. sl and al stand for the state and 

action at the l-th TPP adjustment step, respectively. rl is the reward obtained at step l, which 

is given by a pre-defined reward function related to clinical objectives. A positive reward is 

obtained, if the clinical objectives are better met by applying the action al on the state sl, 

namely if a better plan is obtained with the updated TPP, and negative otherwise. γ ∈ [0, 1] 

is a discount factor used to emphasize more on the current reward as opposed to future 

reward. π = P (a|s) denotes the policy of TPP adjustment: taking an action a based on the 

observed state s. The goal of developing the policy is to establish the Q* function. Once it is 

determined, the policy can be decided as a = argmax
a′

Q* s, a′ , namely, choosing the action a 

to maximize the Q* function for the observed plan state s.

The general form of the Q* function is unknown and hence we employ the powerful deep 

neural network as a parametrization form21, 22. As such, we construct a deep neural network 

VTPN, denoted as Q (s, a; W) with network parameters W to be determined via training. 

The network structure is shown in Fig. 2. More specifically, in total eight fully-connected 

layers and seven ReLU layers are incorporated to construct each subnetwork of VTPN. To 

define each fully-connected layer, a set of weights wji and biases bj
i are needed, where i = 

1,2,…N is the index of subnetworks and j = 1,2,…,8 gives the index of fully-connected 

layers. Then W = w1
1, b1

1, w2
1, b2

1, …, w8
1, b8

1, w1
2, b1

2, …, w8
N, b8

N  represents the union of the 

weights and biases from all the subnetworks. In this study, we choose the plan’s dose 

volume histograms (DVH) as the input to the VTPN, as it is usually the starting point that a 

human planner uses to evaluate a plan quality. The input has three columns corresponding to 

the DVHs of PTV and two OARs. Considering that there are five TPPs to adjust, VTPN 

consists of five subnetworks, each designed for one TPP. For each one, we consider five 

possible TPP adjustment actions, i.e. increase or decrease its value by 50%, increase or 

decrease by 10%, and keep it unchanged. The ratios of change, i.e. 50% and 10% are 

arbitrary chosen, as we expect they would not critically affect parameter-tuning 

performance, but only the speed to reach convergence. Each subnetwork contains five output 

nodes, with their values being the Q* function value for the corresponding action.

2.4 Training VTPN

2.4.1 Deep reinforcement learning—The training process via an end to end DRL 

process is based on Bellman equation35, which is a general property of the optimal action-

value function Q* (s, a):

Q*(s, a) = r + γ maxa′Q*(s′, a′) . (3)

s′ is the state obtained by applying the action a to the current state s, while r is the reward 

obtained. In our case, s′ stands for the new plan after solving the optimization problem using 

TPPs updated by the action a that is decided based on observing the current treatment plan s. 

As VTPN Q (s, a; W) is an approximation of the Q* function, we define a quadratic loss 

function with respect to W:
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H(W ) = [r + γ maxa′Q(s′, a′; W ) − Q(s, a; W )]2 . (4)

Our goal is to determine W through DRL to minimize this loss function, which hence 

ensures Eq. (3) and therefore VTPN will approach the optimal action-value function Q*. 

This is achieved by a two-loop learning strategy. For the inner loop, the following term is 

minimized with W  fixed:

L(W ) = [r + γ maxa′Q(s′, a′; W ) − Q(s, a; W )]2 . (5)

W is updated in a gradient descent form where the gradient of L (W) can be simply derived 

as ∂L W / ∂W = Q s, a; W − r − γmaxa′Q s′, a′; W ∂Q s, a; W / ∂W . The last term ∂Q (s, a; 

W)/∂W can be computed via the standard back-propagation strategy36. Stochastic gradient 

descent36 is implemented. In each step of the outer loop, W  is simply updated by setting it to 

the latest network parameters W. It is then fixed, and we move on to the optimization 

process of inner loop for the next iteration. Eventually, W  and W are expected to converge at 

the end of the learning process, making Eq. (4) minimized.

2.4.2. Reward function—By quantifying the plan quality using a scoring function ψ 
(higher is better), the reward function can be calculated as r = ψ(s′) – ψ(s). The reward 

explicitly measures the difference in plan quality between the two states before and after 

TPP adjustment. It is positive, if plan quality is improved, and negative otherwise. As we 

focus on the example problem of IMRT treatment planning for prostate cancer, we consider 

ψ(s) as a scoring system of ProKnow (ProKnow Systems, Sanford, FL, USA) for prostate 

cancer IMRT plan. ProKnow scoring system used in this study is the equally-weighted sum 

over 9 selected scores for different clinical criteria including DPTV (0.3CC), Vbladder (80Gy), 

Vbladder (75Gy), Vbladder (70Gy), Vbladder (65Gy), Vrectum (75Gy), Vrectum (70Gy), Vrectum 

(65Gy), and Vrectum (60Gy). It does not include all the scoring criteria from the original 

ProKnow scoring system since we only consider those scores applicable to our study. For 

instance, since we set D95% of PTV to be the hard constraint in the optimization problem, 

which is always strictly satisfied, we remove the score criterion corresponding to PTV D95% 

in original ProKnow scoring system. For each criterion, the score is defined as a piecewise 

linear function, with maximum of 1 and minimum of 0. One example of scoring function 

regarding bladder sparing is shown in Fig. 3: one for Vbladder (80Gy) < 15%, zero for 

Vbladder (80Gy) > 20%, and linearly interpolated between 15 and 20%. Then the ProKnow 

score of a plan ranges between 0 and 9 in the scoring system used in this study, with higher 

score indicating better plan quality.

We further modify the scoring system for the training purpose to respect human’s intentions. 

First, the step function form of ProKnow does not penalize further, once a criterion is 

satisfied to a certain extent. For the Vbladder (80Gy) criterion, the score does not differentiate 

plans with Vbladder (80Gy) < 15% or Vbladder (80Gy) > 20%. This contradicts a human 

planer’s knowledge of reducing OAR dose as much as possible. To address this issue, we 

replace the step function by a smooth sigmoid-shape function shown in Fig 3, which 

preserves the general behavior of the step function but has a monotonically decaying form. 
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We make similar modifications to other criteria in ProKnow. Second, PTV dose is of top 

priority in treatment planning, which is evaluated by D95% and Dmax in ProKnow. Our 

optimization engine already treats D95% as a hard constraint. For Dmax, we empirically 

amplify the weight for its score by a factor of six to highlight its importance as compared to 

other criteria.

2.4.3 Training strategy—The training process is performed using 10 training patient 

cases in 100 episodes. In each episode, we start with all TPPs set to be unity for all training 

cases. For each training case, sequence of TPPs adjustment steps are then performed, each 

followed by a plan optimization process. We terminate the TPPs adjustment and move on to 

the next patient if the number of adjustment steps reaches the maximum of 25. In each step, 

we select an action to adjust a TPP using the ϵ-greedy algorithm. Specifically, with a 

probability of ϵ (initial ϵ = 0.99), we select a TPP and its action uniformly among all 

possible choices; otherwise, the action that attains the highest output value of the network Q 
(s, a; W) among all TPPs is selected. The probability ϵ decays with a decay rate of 0.99/

episode along the training process, because we gain more and more confidence about the 

trained VTPN. Once an action is selected, the TPP is adjusted based on the action. After 

that, plan optimization is executed and DVHs of the plans before and after the TPP 

adjustment are used to compute the reward function r. The states s and s′ prior to and after 

TPP adjustment, the chosen action a, and the reward r together form one training sample. By 

repeating this process, we are able to generate a large number of training samples. W is 

updated by the experience replay strategy to minimize the loss function in Eq. (5) via the 

stochastic gradient descent scheme each time with a batch of 16 randomly selected training 

samples. The purpose of the experience replay strategy is to overcome the strong correlation 

among sequentially generated training samples21. In this process, W  is updated by setting it 

to the latest network parameters W every 10 steps.

The VTPN framework is implemented using Python with TensorFlow37 on a desktop 

workstation with eight Intel Xeon 3.5 GHz CPU processors, 32 GB memory and two Nvidia 

Quadro M4000 GPU cards.

2.5 Evaluations

We collect 74 patient cases with 10 patient cases for training and remaining 64 patient cases 

for testing. We evaluate the performance of the trained VTPN on both training and testing 

cases. For each case, we first set all TPPs to be unity. After that, the trained VTPN is used to 

operate the optimization engine in Eq. (1) in the workflow shown in Fig. 1. The iteration is 

terminated if VTPN determines to keep the TPPs unchanged at a step, or the number of 

adjustment steps reaches the maximum of 50. Among all the plans generated along the 

VTPN guided TPPs adjustment steps, we select the one with the highest plan score as the 

final plan. We compare the quality of the final plan with that of the initial plan generated 

using the initial TPPs. We evaluate plan quality using both the original and the modified 

ProKnow scores.
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3. Results

3.1.1 Training results

The training process was successfully performed. After that, we applied the trained VTPN to 

training cases. Fig. 4 shows how the DVHs and dose distributions, TPP values, and plan 

scores evolve along the planning process in one training patient case. The final plan quality 

was substantially improved compared to the initial plan. The original and modified ProKnow 

scores showed increasing trends. These results illustrate that VTPN learnt the policy of how 

to operate the optimization engine to improve plan quality.

3.1.2 VTPN-based intelligent treatment planning process

We applied the trained VTPN to each of the 64 test patient cases that were not seen by 

VTPN in the training process. Fig. 5 shows the result of one representative case. The VTPN 

first decided to decrease the thresholding values of rectum in the first 6 steps to spare rectum 

dose. After that, it reduced τbladder, which successfully decreased dose to bladder. 

Afterwards, VTPN determined to adjust weight factors of rectum and bladder, and finally 

focused on increasing λ to enhance the PTV homogeneity, until step 26 VTPN decided to 

keep all TPPs unchanged and the iteration could be terminated. In this process, the original 

ProKnow score increased from 5.34 to 8.70, which was close to the maximal score of 9. 

Meanwhile, the modified score increased from 6.19 to 11.71.

We report in Table 1 the performance of VTPN on all the training and testing patients. The 

VTPN can substantially improve the average score from 4.84 to 8.45 for the original 

ProKnow score and 6.07 to 10.93 for the modified score. On average, the planning process 

by VTPN takes ~3 mins, in which most of the time was spent to perform plan optimization 

after taking each TPPs adjustment.

In addition, we benchmark the performance of VTPN by comparing the planning result and 

efficiency of VTPN with a human physicist. With a good understanding of the optimization 

engine and extensive experience in treatment planning, the human physicist is able to 

achieve an average ProKnow score of ~8.5 on the testing cases, which is comparable to the 

performance of VTPN.

4. Discussion

The intelligent automatic treatment planning framework was developed under the motivation 

to model the intelligent behavior of human planners using VTPN. Different from most of the 

existing approaches adjusting TPPs by certain mathematical algorithms, VTPN was trained 

to spontaneously learn a policy that can intelligently tune the TPPs like a human planner. 

The training process via DRL allowed VTPN to explore different ways of TPP adjustments 

and memorize those good ones. This was similar to the human’s learning process that 

generate intelligence in a trial-and-error way21. Although the number of training cases was 

very small, the actual data to train VTPN was the state-action pairs generated during the 

DRL process described in Sec. 2.4.3. The DRL process was able to generate a large amount 

of data, beneficial to train the large scale VTPN.
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This study focused on a problem of prostate IMRT treatment planning for the consideration 

of the relatively simple problem with a small number of OARs. Yet, the proposed approach 

is generalizable to the treatment planning problem of other sites with more critical structures 

involved and other treatment modalities, such as volumetric modulated arc therapy (VMAT). 

The proposed framework has a rather generic structure that does not depend on the specific 

optimization problem of interest. Hence, it can be adopted to other treatment planning 

systems. For example, it may be coupled with the Eclipse treatment planning system through 

its Application Programming Interface (Varian Medical System, Palo Alto, CA), which is an 

ongoing project. Nevertheless, it is also admitted that generalization of the proposed method 

will encounter the difficulty of a larger number of TPPs to tune, which inevitably leads to a 

much larger VTPN and a higher computational burden.

The current study has the following limitations. First, the developed system is essentially a 

“black box” and it is difficult to interpret actions determined by VTPN. It is of central 

importance in deep learning to decipher the underlying intelligence38–41. It will be our 

future work to pursue this direction with human interpretable network techniques.

Second, the computational time needed for training VTPN is approximately a week on our 

desktop workstation under the current framework. The major computational efforts were 

spent to repetitively perform IMRT optimization along the DRL process, while the number 

of optimization needed is determined by the number of training cases, TPPs-tuning steps, 

and the training episodes. In this study, we restrict the number of training cases to be 10, 

while the maximal TPP-tuning steps and training episodes were set to be 25 and 100, 

respectively. Larger numbers should be applied to ensure the generalizability and robustness 

of VTPN. Furthermore, if we would like to move forward to handle more complicated 

treatment techniques, such as VMAT, the computational costs in plan optimization may 

grow significantly. In these regards, plan optimization efficiency needs to be significantly 

improved in future. One potential solution is to incorporate GPU-bases fast optimization 

algorithms in the training of VTPN.

In addition, the reward function based on the ProKnow score may not fully respect clinical 

criteria for plan quality evaluation. Refining and improving the existing plan quality 

evaluation criteria, e.g. adding DVHs of GTV and CTV and allowing hot spots in these 

structures to better fit clinical requirement is for sure one way to move forward. Moreover, 

an ideal reward function should also quantify physician’s judgement. Recent advances in 

inverse deep reinforcement learning23 allow learning the reward function based on human 

behaviors. In the treatment planning context, it may be possible to learn the physician’s 

preference and incorporate it to train VTPN.

Moreover, the current VTPN judges plan quality only based on DVHs since DVH is a 

concise representation of optimized plan which human planner usually pays much attention 

to. As a preliminary study, we propose to focus on such simple representation to start with, 

and the results turned out to be encouraging. However, it is well known that DVH cannot 

capture position-specific information such as locations of hot/cold spots, which a physician 

often pays attention to. The complete information from a 3D dose image might be necessary 
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to more challenging planning tasks with more complicate TPS to operate. Further extending 

the system to include more clinically important features will be down the road.

5. Conclusions

In this paper, we proposed an intelligent automatic treatment planning framework 

empowered by a deep virtual treatment planner. Employing recent success in DRL, we 

demonstrate feasibility and potential of the proposed idea in the testbed of prostate cancer 

IMRT treatment planning. The developed VTPN was able to mimic the behaviors of a 

human planner to operate an optimization engine and generate satisfactory plans. To our 

knowledge, this was the first time that intelligent planning behaviors were autonomously 

generated through a training process. Our work showed the potential of using state-of-the-art 

deep learning techniques to create a virtual planner that can learn to master the challenging 

but clinically important task of radiotherapy treatment planning.
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Figure 1. 
Overall workflow of the proposed intelligent automatic treatment planning process.
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Figure 2. 
Network structure of the VTPN. (a) The overall structure of VTPN. (b) Detailed structure of 

a subnetwork. Size after each fully connected layer is specified at the top. The output layer 

of VTPN gives the Q-value associated with each TPPs adjustment action. Each action 

corresponds to an output of the final fully-connected layer.
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Figure 3. 
ProKnow score function (blue curve) for Vbladder (80Gy) and modified score function used 

in training (red curve).
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Figure 4. 
Evolution of DVHs and dose distributions (a), TPP values (b) and original and modified 

ProKnow plan scores (c) in the planning process of a training patient case.
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Figure 5. 
Evolution of DVHs and dose distributions (a), TPP values (b) and original and modified 

ProKnow scores (c) in the planning process of a testing patient case.
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Table 1.

Average scores (±standard deviation) of plans generated by VTPN compared to the initial plan with all TPPs 

set to unity.

ProKnow plan score (Initial) ProKnow plan score (VTPN-
guided) Modified score (Initial) Modified score (VTPN-

guided)

Training 4.04 (±2.36) 8.46 (±0.50) 5.33 (±2.12) 10.85 (±2.22)

Testing 4.97 (±2.02) 8.45 (±0.48) 6.19 (±1.94) 10.94 (±2.08)

Overall 4.84 (±2.07) 8.45 (±0.48) 6.07 (±1.97) 10.93 (±2.09)
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