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Abstract. In this paper, we propose novel learning frameworks to tackle optimal control
problems by applying the Pontryagin maximum principle and then solving for a Hamiltonian
dynamical system. Applying the Pontryagin maximum principle to the original optimal con-
trol problem shifts the learning focus to reduced Hamiltonian dynamics and corresponding
adjoint variables. Then, the reduced Hamiltonian networks can be learned by going backwards
in time and then minimizing loss function deduced from the Pontryagin maximum principle’s
conditions. The learning process is further improved by progressively learning a posterior
distribution of the reduced Hamiltonians. This is achieved through utilizing a variational
autoencoder which leads to more effective path exploration process. We apply our learning
frameworks called NeuralPMP to various control tasks and obtain competitive results.
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1 Introduction

Learning optimal control solution models for unknown dynamical systems, where an objective
cost functional is optimized over space-time state-action sequences, is known to be computationally
similar to convergently learning an optimal state-action policy in reinforcement learning. The actions
on optimal value paths achieve maximum reward or minimum regret [26]. The solutions to such
reinforcement learning methods involve stable numerical solution techniques for high-dimensional
and high variance constrained optimization. Several reinforcement learning algorithms have been
devised attempting to compute the optimal control paths through guided search and policy learning
[1, 7, 15, 11, 20, 2].

In this paper, we take a more comprehensive approach. We rely mainly on two things: the physi-
cal nature or environment of the unknown dynamical system and the necessary requirements of the
optimal control sequences or trajectories subjected to these physical dynamics [21]. We learn the
underlying reduced Hamiltonian dynamics and then utilize this data-dependent reduced Hamiltoni-
ans to optimally control the dynamical system for targeted objectives. We focus on the discrete-time
with uneven time steps and continuous-time versions of the optimal control optimization problem.
Through Pontryagin maximum principle, we reduce the optimal control problem to the data specific
form of the Hamiltonian dynamics learning. The control is now encoded in the adjoint variable.
Therefore, the new reinforcement learning task is to learn through this adjoint variable and the
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reduced Hamiltonian. This is fundamentally different from the optimal policy driven reinforcement
learning, which focuses on deriving optimal action and value functions [20, 10]. In particular, we
first learn a correct reduced Hamiltonian of the controlled dynamics. This is obtained via the appli-
cation of the Pontryagin maximum principle to the original optimal control problem. The reduced
Hamiltonian deep network can be trained by going backwards in time and minimizing a Pontryagin
maximum principle-based loss function. Moreover, the learning process is improved through varia-
tional inference and by learning a posterior distribution of the reduced Hamiltonians. This process
leads to a filtration of the generalized coordinates during the neural network training.

1.1 Related works

Throughout this paper, we use PMP as the abbreviation for Pontryagin maximum principle,
the fundamental principle for our main learning frameworks.

Model-based reinforcement learning algorithms. Several model-based algorithms [27]
have been developed for reinforcement learning. Unlike their model-free counterparts [19, 20, 22, 23],
model-based approaches model the outside environment and then use suitable mathematical for-
mulations to facilitate the finding of agent’s optimal actions. Two popular model-based approaches
include the Dyna-style algorithms [25] and algorithms focusing on policy search with backpropa-
gation through time. While the first approach (Dyna-style algorithms) models the environment to
generate imaginary data for actual policy training, the second approach, with notable methods such
as PILCO [7], computes the analytic gradient (closed-form formulas) of the reinforcement learning
objective with respect to the policy via explicit modeling of the problem/environment.

PMP-based framework on optimal control. Many works are developed based on the Pon-
tryagin maximum principle (PMP) to tackle optimal control problems. For instance, Pontryagin
Neural Networks (PoNNs) [9] use PMP to transform the original problem into a Two-Point Bound-
ary Value ordinary differential equation (ODE). PoNNs then use neural-network regression to learn
such an ODE. On the other hand, Pontryagin Differentiable Programming [12] and AI Pontryagin
[1] use PMP to derive the exact analytic gradient of a certain loss function with respect to the
parameters of the control to be learned. This method is similar to the second popular approach of
the model-based reinforcement learning. We remark that all of these works leverage PMP only to
derive closed-form formulas that can then be used to train the actual learning architecture. In these
cases, PMP is not actively incorporated in the learning framework.

PMP-based deep learning framework. There is also a line of research works [17, 28] that
use iterative PMP-based algorithms to train the Hamiltonian and then derive the optimal control
variable. However, this line of works aims to improve the traditional supervised deep learning train-
ing rather than solving the optimal control tasks themselves. Their goals also focus on optimizing
the parameters of deep learning architectures rather than the optimal paths of the control problem.

Physics-informed dynamic learning. Several physics-informed learning architectures aim
at learning hidden dynamics by incorporating physics biases. Deep Lagrangian Networks (DeLaN)
[18], for example, injects the Lagrangian mechanics bias into the supervised learning process to
improve the performance on difficult trajectories. Sympletic-ODE Net [29], on the other hand, learns
the unknown dynamics of a controlled system with Hamiltonian bias. Similar to our framework,
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Sympletic-ODE exploits the Hamiltonian dynamics for more accurate learning;:
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However, these prior works focus more on the forward dynamics including the controlled dynamics
rather than finding a control that optimizes a functional cost. Furthermore, in these works, the
truth dynamics/trajectories are provided and the learnings are often conducted in a supervised
manner.

Neural ODE. Similar to our work, Sympletic-ODE Net builds on the Neural ODE archi-
tecture [6], which proposes to model a neural network by an ordinary differential equation and
learns the rate of change g—g = f(z,y,0) rather than the function f itself. The backpropagation of
NeuralODE is based on the adjoint method with a backward ordinary differential equation on the
adjoint states a(t) = #(Lt). Comparing with traditional DNNs, Neural ODE [8] allows continuous
time-series modeling and doesn’t require discretizing observation and emission intervals.

1.2 Contributions

We propose novel learning-based frameworks to solve general optimal control problems. Our
frameworks actively incorporates Pontryagin maximum principle (PMP) into the learning process.
Our contributions include:

1. An optimal planning algorithm (see section 3) with an application to the discrete-time linear
quadratic control (LQR) problem with uneven time steps.

2. A two-phase-learning framework called NeuralPMP (see section 4) that actively uses Pontrya-
gin maximum principle in the training loss function and the learning process. The two phases
utilize a variational autoencoder to prevent static learning while enabling the model to learn
the correct Hamiltonian and the corresponding dynamics.

To the best of our knowledge, this is the first framework aiming at optimal control problems that uti-
lizes PMP in the learning process instead of merely using PMP to derive closed-form mathematical
formulas.

1.3 Organization

The rest of the paper is organized as follows. Section 2 briefly introduces the mathematical
backgrounds including: optimal control formulations, the Pontryagin maximum principle (PMP),
and the definitions of reduced Hamiltonian. Section 3 proposes an algorithm incorporating PMP
into the training loss to solve discrete-time control problems. Sections 4 builds on the limitation of
such approach in Section 3 and introduces a two-phase-learning framework called NeuralPMP for
continuous-time optimal control. Section 5 provides experimental results of NeuralPMP on classical
control tasks. Finally, section 6 concludes our work and outlines future research directions.
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2 Optimal control formulation and PMP flow

We first state the optimal control problem, and then define the PMP flow that provides the
optimal trajectory which, in turn, helps infer the optimal control/action to take.

2.1 Optimal control formulation

For simplicity, we work on Fuclidean spaces. Our concept can be generalized to a general Banach
space. Assume we have state space X, a bounded region of R™, with dual X*, which can be identified
with R, and a control space U, which is another bounded region of R”. Here m € N and n € N are
the state space and control space dimensions. Given a terminal time 7', we need to find an optimal
control path (also called policy) u* so that u*(t) € U for all time ¢ € [0,7T] and such «* minimizes
the following cost functional:

N%W=AZQ®WWMHwM@D 3)

Here the function [ = I(g,u) is the running cost to move along the control path, and g = g(q) is
the terminal cost function. The state ¢(t) € X and the control u(t) € U are subject to following
dynamical system constraint:

q(t) = f(q(t),u(t)) (4)
q(0) = qo (5)

for a fixed starting state gyg € X. In other words, the optimal control path u satisfied:

u* = argmin J(g, u) (6)
u(t)eU

subject to the given dynamical system constraint.

2.2 Dynamic programming principle

Suppose V is the value function associated to the control problem (6), and Q;'? is the state at
time ¢ of the dynamical system starting at g, = ¢ with the control {u(w)}fﬂ= - The continuous-time
dynamic programming for the optimal control problem can be briefly described as:

Vsg) = inf (LUWWLMMMw+vawQ ")

w:u(w)eU

Notice that the integral term in the continuous-time setting makes it difficult to derive a similar
recursive algorithm as the ones in discrete-time value-based reinforcement learning literature. This
motivates us to consider the alternative path based on the Pontryagin maximum principle for solving
continuous-time optimal control.
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2.3 Pontryagin maximum principle

As before, let m and n be the state space and control space dimensions. Define the Hamiltonian
function H : R™ x R™ x R™ — R as:

H(g,p,u) =p" flq,u) + l(q,u), (8)

The Pontryagin maximum principle [14] provides the necessary condition for an optimal solution
of the general optimal control problem.

Theorem 1. (Pontryagin mazimum principle) If (q(.),u(.)) is an optimal solution of the optimal
control problem (6), then there exists the adjoint variable p(.) of q(.) so that:

p(T) = Vy(a(T)) =0 (9)
q(t) = 9pH(g(t), p(t), u(t)) (10)
():—8H(() () u(t)) (11)
OuH(q(t), p(t), ult)) = (12)

The Pontryagin maximum principle (PMP) condition (12) gives us a way to find the optimal
control u = u(q, p) at any specific time, in terms of the generalized coordinates. Now we define the
reduced Hamiltonian h = h(g,p) as a function of only the generalized coordinates (¢, p) consisting
of the state ¢ and the adjoint variable p:

h(q,p) := H(q,p,u(q,p)) (13)

where u comes from (12). Then with the application of the chain rule, PMP conditions (10) and
(11) become:

q(t) = Oph(q(t), p(t)) (14)
p(t) = —=04h(q(t),p(t)) (15)
For instance, hy = Hy.1 + H,.0 + Hyug = Hy + 0+ 0.uqg = Hy = —p. Our main framework in

section 4 focuses on learning the this reduced Hamiltonian function h = h(g,p) and the induced
Hamiltonian flow arisen from h.

3 Discrete-time Hamiltonian dynamics learning

Before jumping into our main framework in section 4, we propose a discrete-time framework to
learn the discretized reduced Hamiltonian dynamics. Moreover, we analyze its advantage over the
popular policy-based methods on a specific, irregular linear quadratic control problem.

3.1 Discrete framework with PMP-based loss

Problem. Suppose an agent A4, initially starts at qg, needs to perform a sequence of actions
Ug, Uty -+ ,up—1 at times tog = 0,¢1, -+ ,tp—1 in order to maximize the cost functional J(q,u)
introduced in (6).

Solution. From the theory in section 2, we build a parameterized neural network Fy with
parameter 6 that maps from initial state gg to the sequence of optimal actions (ug, u1,us, -+ ,ur—1)
by minimizing a Pontryagin maximum principle-based loss function. The training includes 3 steps:
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1. The initial state gq is fed into Fj to obtain a sequence of actions Fp(qo) = (uo, u1, U2, - , Ur—1).

2. The actions (ug, w1, us, - ,ur—1) are then fed into a black-box differentiable dynamical model
to obtain the sequence of states q1,q2, - ,qr—1,91: gk = qp—1+ Ak f(qr—1, ur—1) with the time
step Ak = tk — tk—l-

3. The adjoint variables pj are then calculated backwards in time py_1 = pr + A Hq(qr, wk, Pi),
where H is the Hamiltonian defined in (8).

Training losses versus iterations Position over time of car agent with PMP trained policy

0 20 40 60 80 100 o 1 2 3 4 5 6 7 8

(a) Training loss over 100 iterations (b) Trained car’s behavior

Fig. 1: Discrete-time PMP training on LQR problem with uneven timesteps

The dynamical system equations (10) and (11) are effectively discretized in the last two steps of
the forward pass. We train a network that preserves the last condition (12) of Pontryagin maximum
principle (PMP): 9, H(x(t),p(t),u(t)) = 0. As a result, the loss function for the (policy) network

Fy is defined as:
T

L(9) = ZHHu(Qk7Ukapk)|| (16)

k=0

After the training phase, given initial state gy, we produce the optimal behaviors simply by
using the sequence of actions: Fy(qo) = (ug, w1, ,ur—1).

3.2 Special linear quadratic control problem

We apply the previous model to the following linear quadratic control (LQR) problem:

tr=T

u* = argmin J(q,u), where J(q,u) = / i(qTRq +uT Qu) (17)
to=0

subject to the linear dynamics ¢ = Aa + Bu. For the special case where state space X = R, A =
0,B=1,R=1,0Q = 0, the LQR problem is equivalent to the task when a learning agent needs
to control its velocity to get as close to the origin as possible even though its initial position can
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be far from 0. We train the policy Fyp based on the PMP loss on 100 iterations with 1600 random
samples per iteration. The discrete-time horizon is chosen to be [0,1,2,4, 8]. Notice that the times
are not equally spaced, and the values of timestamps are taken into the account in this model. The
plot (see fig. 1a) shows that the training process converges after the 70th iteration.

With the actions produced from the trained policy Fy, the trained car agent quickly decreases
the velocity in order to get to 0 as quickly as possible at time 0. At the subsequent times, the car
learns to stay where it was. This is the optimal behavior given that the car needs to minimize its
cumulative distance to 0 over the time period from 0 to 8 despite its starting position (see fig. 1b).

Policy-based algorithms in reinforcement learning learn a policy function 7 mapping from ¢;
to the optimal action wu;. In this special case, we show that no such reasonable function 7 exists.
Assume by contradiction, we have such a function 7 so that u; = w(g) for each ¢. For ¢t > 1,
m(q:) = u; must be 0 because once the car gets to the origin, it should stay there forever. This
implies that the policy function is approximately zero function. However, the car must increase or
decrease its speed to get to 0 as quickly as possible right after it starts. Thus, for a starting value
qo # 0, ug, which is approximated by m(go) = 0, needs to be non-zero, leading to a contradiction.

4 Continuous Hamiltonian dynamics learning with forward-backward
variational autoencoder

The training framework in section 3 allows us to gain important insights into the process of ac-
tively incorporating PMP principles into the deep learning framework. Nonetheless, the mapping Fy
introduced earlier can be very costly for the time horizon with many steps t1,--- ,tp for large T', as
it maps to the entire sequence of actions. Moreover, even though the framework can handle uneven
time steps, it still requires the discretization of the underlying dynamics, and may not be applica-
ble to a general continuous-time controlled dynamical system. In this section, by also incorporating
PMP conditions into the training process, we build a learning framework for continuous-time op-
timal control problem with a focus on learning the reduced Hamiltonian function (13) and the
corresponding Hamiltonian flow.

4.1 Reduced Hamiltonian learning with PMP-based training loss

We now describe each components in our learning framework:

Neural network architecture: In this framework, we train two neural networks (see fig. 2):

1. The parameterized reduced Hamiltonian hy = hy(q, p) where inputs are the generalized coordi-
nates (g, p).

2. A P-net Pj that takes input as the starting state gy and outputs the adjoint variable pg. This
Po is necessary since the Hamiltonian hg also needs an adjoint variable as input in addition to
the state variable.

Black-boxes environment: We assume that for the optimal control learning problem, a sim-
ulated environment gives us the access to black-boxes evaluations of the dynamics f, and/or f,,
as well as the cost functions [ and g. We define 4 := (g, p) = —fu.(q)”p and define ]‘C(qo7 iig) to be
either f(qo, o) or dph(g(0),p(0)).
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Gopt = G1'

Reduced
Hamiltonian net

{qT!pT}
hg = hg(q, p)

Fig. 2: Network architecture for phase 1 training

Training: The following training procedure is called Forward(T) for a fixed terminal time 7.
We first create a replay memory M that consists of tuples with 5 elements (q, p, 4, f(g, @), (g, @)).
We then train the reduced Hamiltonian net hy and the P-net P, by repeating the following steps:

1. Use NeuralODE [6] to sample the generalized coordinates (g, pt)¢>o from the Hamiltonian flow
defined by equations (14) and (15) with h = hg. Then for each generalized coordinates (g, p:)

on the Hamiltonian flow, the 5-tuple (g, pt, @(qe, pt), f(qe, @), 1(qs,0t)) is added to M.
2. Take a batch of tuples from the memory M, and optimize hy with respect to the loss function:

croreerd(g, ¢) = a1||Py(qo) — poll* + al| Pylgr) — prl?
+ Billho(a,p) — (" f(a, ) + U(g, ) |1? (18)

where pr is the terminal adjoint variable after running (g, Py(g)) through Hamiltonian dynam-
ics specified by hg. The variables «q, s and (31 are hyper-parameters and are optimizable by
several techniques: Bayesian optimization [24], Tree-Structured Parzen estimator [3], or bandit
algorithms [16]. For efficiency and simplicity, we currently employ grid search with early termi-
nation. The first two terms are based on the PMP condition (9), while the last term is used to
learn the reduced Hamiltonian correctly.

4.2 Second phase of variational training

In the previous framework, a determistic Hamiltonian flow dictated by the parameterized re-
duced Hamiltonian hy is used. Hence, the induced optimal path is deterministic. We experimentally
find that adding noise only reduces the quality of the training and makes it difficult for the agent to
learn the correct Hamiltonian. However, to improve the overall policy exploration process, stochas-
ticity needs to be injected into the framework. As a result, in addition to the previous training steps,
we propose an addition training phase that makes use of a variational autoencoder that employs
forward-backward Hamiltonian dynamics.

More concretely, after the first training procedure Forward(T) is finished, a reverse Hamiltonian
flow given by another parameterized reduced Hamiltonian hf\lec"d” = hf\ecoder(q, p) will be learned.
Such learning process include 3 steps:

1. We first variationally encode y := (¢r,pr) from the Forward(T) phase into a latent variable
z € R4, for a latent dimension d € N via an encoder Ey, so that z = Ey, (y) = Ex, (¢r, pr)-

2. The latent variable z is then mapped to a reconstructed terminal generalized coordinate ¢ :=
(T, pr) via the decoder Dy,: Dy, (2) = (q7,pT)-
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Reduced

Hamiltonian net

Go=¢ (ar,p7)
ho = hg(q, p) l
Encoder
Latent
Reverse flow (decoder) > Z
Hamiltonian net

i, Po. - g1, 77) €— Decoder

[QD Pﬁ) hﬁemder _ hﬁecode [q,p) {fh pl}

Fig. 3: Network architecture for phase 2

3. Using reverse Hamiltonian flow defined by (14) and (15) with h = h¢¢°°de" we obtain a recon-
structed initial generalized coordinate & := (qg, po)

The training process is similar to that of a variational auto-encoder [13] and we optimize the
following loss function:

LBeckward(y A ) = fle— 21 + ly — 912 + BKL(Q(el)| [ P(2) (19)

The first two terms are reconstruction errors with y = (qr,pr), 4 = (q7,07), = = (q0,P0),
Z = (qo,po). The last term is the usual KL-divergence with P and @ being the prior and pos-
terior distributions of the latent variable z. The stochasticity now comes from the sampling of z
during the training process. (s is a hyperparameter that is again found by grid search with early
termination. Note that the reverse flow leading to (go,po) is based on the backward ordinary
differential equation with the dynamics function (—hieco‘i”). We call this additional training
phase Backward(T) for the terminal time T'. The final NeuralPMP training procedure includes
two phases: Forward(T) and then Backward(T) trained sequentially with the same terminal time
T.

5 Experiments

We run the continuous-time NeuralPMP framework and compare with other models on 3 clas-
sical control tasks in continuous-time settings.

5.1 Models

For benchmarking, we consider 3 different training models:
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1. Random Hamiltonian: This model outputs a random action, which nonetheless follows
Hamiltonian dynamics bias rather than totally random.

2. NeuralPMP-phase 1: This model is trained with only the first phase Forward(T) with
deterministic reduced Hamiltonian and adjoint neural networks training.

3. NeuralPMP: This is our main framework described in details in the previous section 4 with
2 phases Forward(T) and Backward(T).

5.2 Environments:

We perform the benchmarking and evaluations on 3 classical control problems with the following
evaluation costs:

1. Mountain car: The car tries to control the acceleration and subsequently velocity and position
to go uphill. The evaluation cost for this environment is the squared distance between the car
position and its desired position uphill.

2. Cart pole: One tries to control the force on the cart to make it move while maintaining balance
of the pole on top. The evaluation cost is the pole angle with respect to the vertical direction

3. Pendulum: One tries to swing the pendulum while maintaining the balance by controlling the
torque exerted. The evaluation cost is a normalized form of the pendulum angle.

The smaller the evaluation cost, the better the agents perform. All 3 problems are continuous
versions of the environments from the OpenAI Gym suite [5].

5.3 Evaluation

We evaluate 3 models by running each model on 2000 initial starting points to collect 2000
trajectories. For each of such trajectories, we calculate the evaluation cost at each time step between
0 and terminal time 7" = 1 with step size 0.05 (21 time steps in total). For each model and at each
time step, we calculate the mean evaluation cost over 2000 trajectories. We also use bootstrap
method to calculate the adjusted variance of the evaluation costs on those 2000 trajectories by
performing 2 steps:

— We first collect a bootstrap sample of size n from 2000 trajectories, where n is a random natural
number between 1 and 2000. We then calculate the mean on that bootstrap samples.

— We perform such a bootstrap calculation 1000 times and calculate the variance of those 1000
mean values obtained.

The plots (see fig. 4) show how evaluation costs (mean and adjusted variance on 2000 tra-
jectories) vary across different time steps for each model on each problem. The plots show that
both NeuralPMP models outperform the random Hamiltonian dynamics model. NeuralPMP model
performs slightly better than the version with only phase 1 (forward) training. Even in the pen-
dulum case, while the cost is higher at terminal time for NeuralPMP, such cost still drops faster
in most time steps than the one from one phase-model. This is due to the stochasticity added via
the forward-backward Hamiltonian flows variational auto-encoder structure. This structure overall
improves exploration and generalizability while learning the Hamiltonian network accurately. We
also report in table 1 the average evaluation costs at the terminal time T = 1 of 3 models on 3
problems. Details about hyper-parameters, neural network architectures, and the continuous-time
design of each problem are provided in the appendix.
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Fig. 4: Training benchmarks

Table 1: Average end evaluation costs of different models under 2000 sample trajectories

Random Hamiltonian NeuralPMP-phase 1 NeuralPMP

Mountain car 0.8285 0.5793 0.4945
Cart pole 0.1924 0.0212 0.0202
Pendulum 2.375 0.1701 0.1986

6 Conclusion

In this paper, we build a learning framework for optimal control problems by actively using the
Pontryagin maximum principle for training and learning and beyond just invocation of a mathemat-
ical principle. We first present an optimal planning discrete-time algorithm. We then introduce our
main two-phase learning framework called NeuralPMP. This framework allows learning a reduced
Hamiltonian dynamics and at the same time derives the optimal control or actions. In the future,
we plan to develop model-free versions of our framework to eliminate the need to access black-box
dynamics or black-box running/terminal costs. We also would like to extend the framework to
larger-scale problems with higher-dimensional states and actions.
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A Network architectures, hyperparameters

The network architectures for both phases of NeuralPMP are given in table 2 and table 3. The
hyperparameters including ay, as, 81, 82 in training loss and number of samples and batch sizes are
given in table 4.

Environment State dimension Adjoint network Hamiltonian network

Cart pole 4 [16, 32, 32] [16, 32, 64, §]
Mountain car 2 [8, 16, 32 [8, 16, 32
Pendulum 2 8, 16, 32| 8, 16, 32|

Table 2: Network architecture for phase 1 (Forward) training

Environment Latent dimensions Hamiltonian decoder Decoder layers

Cart pole 4 [16, 32, 64, 8] [16, 64]
Mountain car 2 [8, 16, 32 [8, 32]
Pendulum 2 [8, 16, 32 8, 32]
Encoder shared layers Encoder mean layers Encoder logvar layers
[64] [16] [16]
[32] 8] (8]
[32] 8] (8]

Table 3: Network architecture for phase 2 (Backward) training

B Details of costs and dynamics for control problems

For the classical control tasks: Cart pole, Mountain car, and Pendulum, we choose the dynamics
similar to the one given in the OpenAI Gym suite [5]. The states for these two problems are:

1. Mountain car: state ¢ = (z,4), where 2 and & are position and velocity of the car.

2. Cart pole: state ¢ = (x,4,0,0), where x and & are position and velocity of the cart, while 0
and 6 are angle and angular velocity of the pole with respect to the cart.

3. Pendulum: state ¢ = (0, 0), where 6 and 6 are angular position and velocity of the pendulum.

The running cost [(g, u) and terminal cost g(q) for 3 problems are:
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Environment «; a3 (1 P2 Number of samples Batch size
Cart pole 0.1 1 10 1 640 32

Mountain car 0.1 1 10 1 640 32
Pendulum 0.1 1 10 1 640 32

Table 4: Hyperparameters for both phases in NeuralPMP

13

. Mountain car: g(q) = (v —x0)?+ (i — 1), where z and 4 are the goal position and velocity.

I(q,u) = 0.1u? + g(q)
. Cart pole: g(q) = 02, as we don’t want the pole to deviate too much from the vertical line.
l(q,u) = 0.5u2.

. Pendulum: g(q) = (6 + 7/2)? and l(g,u) = u® + g(q).
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