US 20240336277A1

a9y United States

a2y Patent Application Publication o) Pub. No.: US 2024/0336277 A1l

HUANG et al.

43) Pub. Date: Oct. 10, 2024

(54)

(71)

(72)

(73)

@
(22)

(60)

HIERARCHICAL PLANNING THROUGH
GOAL-CONDITIONED OFFLINE
REINFORCEMENT LEARNING

Applicants

Inventors:

Assignees:

Appl. No.:
Filed:

:DENSO International America, Inc.,

Southfield, MI (US); THE REGENTS
OF THE UNIVERSITY OF
CALIFORNIA, Oakland, CA (US)

Minglei HUANG, Novi, M1 (US); Wei
Zhan, Berkeley, CA (US); Masayoshi
Tomizuka, Berkeley, CA (US); Chen
Tang, Berkeley, CA (US); Jinning Li,
Berkeley, CA (US)

DENSO International America, Inc.,
Southfield, MI (US); THE REGENTS
OF THE UNIVERSITY OF
CALIFORNIA, Oakland, CA (US)

18/439,222
Feb. 12, 2024

Related U.S. Application Data

Provisional application No. 63/458,299, filed on Apr.

10, 2023.

Publication Classification

(51) Int. CL
BG6OW 60/00 (2006.01)
GO6V 20/56 (2006.01)
(52) US.CL
CPC ... B6OW 60/001 (2020.02); GO6V 20/56
(2022.01)
(57) ABSTRACT

A method and system for controlling a device includes
training a low-level policy to form a trained low-level policy
and a low-level value function to form a trained goal
conditioned value function, wherein training is performed
using a static data set using goal conditioned episodes,
training a high-level goal planner having high level goals
having high-level sub-goals corresponding to a plurality of
future time steps using the low-level value function to
maximize a cumulative reward over the sub-goals for the
plurality of future time steps so that the sub-goals are
reachable by the low-level policy, obtaining an observation
of a device, and generating an executable action using the
low-level policy and the high-level goal planner and oper-
ating the device with the executable action.
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Algorithm 1: Training Procedure of Hierarchical Goal-
Conditioned Offline Reinforcement Learning.

1 Initialize: A Q-network Qg parametrized by 9, A
target network Qg = Qg parametrized by 0, a policy
network r, parametrized by ¢, an encoder £, and a
decoder D,, for the CVAE, a fraining dataset E’S;

2 for step ¢ in range(0, C) do

31 Sample a batich of b states s from the dataset D;

41 Update pand v according to the CVAE objective;

5end

6 for step m in range{(0, M) do

7 | Sample a pair (SEA‘!,J, ai‘i’,j si“iﬁ , z’énv’z}.’ );

8 | Sample a future state s% within the k-th trajectory
and add noise with a probability n to obtain the

goal gy, = DV(E“(SE}) 5, 8% )
8 | Relabel the reward following Eqgn. {5);

10 | Update Qg with the CQL policy evaluation step
and learning rate gg: 8«08,y + £V J(8);

11| Update 7, according to the soft actor-critic style
objective and learning rate &,

Pm< Pm-1 *ESNGKB{S)sa’”nqy(a)[QG(Ss a, g)
"Eﬂg?ﬁ{p(ﬁls,g)];

12 | if m mod target_updafe == () then

13 Soft Update the target network
em‘s““ {(1- T)6m~4 + ’E@mm«g

14 | end
15 end

FIG. 4
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Algorithm 2: Hierarchical Goal-Conditioned Planner.

1 for high-level step t;in range(0, T) do

2 | Solve the optimization problem in Eqn. (4) for a
sub-goal gs, _;
+1
3| forlow-levelstept; j with j in range(0, N) do
4 Sample ™ %(a}sfi’j, dt., 1);
5 Execute the action atl_j_;
6| end |
7 end

FIG. 5
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The Performance in the Whole Town Map

Dataset Variants Normalized Score | Collision Rate
, HiGoC-7step 542 +9.7 0.32
Medium | 1iGoC-1step 455+ 8.5 0.38
IRIS-7step 43.3+7.1 0.40
CQaL 31.1+83 0.45
HiGoC-7step 61.6+84 (.23
Expert HiGoC-1step 475+79 0.32
Xpe IRIS-7step 182 +87 033
CalL 374 +6.2 0.36

FIG. 8

Normalized Scores on Antmaze Environments

Env CQL QOPAL IRIS HiGoC

umaze 740 - 826+47 | 85.3+21
umaze-diverse 84.0 - 894+24 1 912+19
medium-play 61.2 - 731+45 | 814+24
medium-diverse 53.7 B11+311648+£26 793125
large-play 15.8 - 57.9+36168.1+23
large-diverse 14.9 7034291 437+13 ] 67.3+31

FIG. 9
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HIERARCHICAL PLANNING THROUGH
GOAL-CONDITIONED OFFLINE
REINFORCEMENT LEARNING

CROSS-REFERENCE TO RELATED
APPLICATION

[0001] This application claims the benefit of U.S. Provi-
sional Application No. 63/458,299, filed on Apr. 10, 2023.
The entire disclosure of the above application is incorpo-
rated herein by reference.

TECHNICAL FIELD

[0002] The present disclosure relates to autonomous
vehicle control, and, more specifically, to a system and
method for training a system and operating a vehicle with a
trained policy.

BACKGROUND

[0003] This section provides background information
related to the present disclosure which is not necessarily
prior art.

[0004] Reinforcement learning (RL) has been widely
applied for a broad range of tasks in robotics. However, it
remains challenging to solve those complex tasks with
extended temporal duration with RL, especially for safety-
critical applications, such as autonomous driving, where
exploration can be risky and expensive. To avoid risky
exploration, offline RL has drawn growing research attention
for its ability to train RL policies from static offline datasets.
Prior work has successfully deployed offline RL algorithms,
but has not sufficiently investigated offline RL algorithms for
temporally extended tasks.

SUMMARY

[0005] This section provides a general summary of the
disclosure and is not a comprehensive disclosure of its full
scope or all of its features.

[0006] The present disclosure is directed to a hierarchical
planning framework for solving a Markov decision process
through goal-conditioned offline reinforcement learning for
safe-critical tasks with extended temporal duration, such as
autonomous driving. The hierarchical planning framework
comprises a low-level, goal-conditioned RL policy and a
high-level goal planner. The low-level policy is trained via
offline RL to deal with out-of-distribution goals by a per-
turbed goal sampling process. The high-level goal planner
takes advantage of model-based methods by composing
behavior and solves an optimization problem based on the
low-level value function for long-term strategy.

[0007] In one aspect of the disclosure, a method of con-
trolling a device includes training a low-level policy to form
a trained low-level policy and a low-level value function to
form a trained goal conditioned value function, wherein
training is performed using a static data set using goal
conditioned episodes, training a high-level goal planner
having high level goals having high-level sub-goals corre-
sponding to a plurality of future time steps using the
low-level value function to maximize a cumulative reward
over the sub-goals for the plurality of future time steps so
that the sub-goals are reachable by the low-level policy,
obtaining an observation of a device, and generating an
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executable action using the low-level policy and the high-
level goal planner and operating the device with the execut-
able action.

[0008] Other features of the disclosure include prior to
training the low-level policy, forming goal-conditioned epi-
sodes from the static data set using hindsight experience
replay, training the low-level policy using goal-conditioned
episodes and out-of distribution goals by a perturbed goal
sampling process, training the high-level goal planner using
short Markov decision processes between sub-goals of con-
secutive sub-goals, the high-level goal planner being model-
based comprising solving an optimization problem based on
a low-level value function for a long-term strategy gener-
ating the executable action comprises generating the execut-
able action based on maximizing the value function, training
the high-level planner by selecting one of the plurality of
sub-goals of a sequence of subgoals at a second time step
subsequent to a first time step, training the high-level goal
planner by generating the high-level sub-goals comprising
reachable goals based on a reward, training the low-level
policy comprises training the low-level policy and value
function, the sub-goals corresponding to positions of an
automotive vehicle and operating the device comprises
controlling a steering wheel angle of a vehicle, an accelera-
tion of the vehicle, or both.

[0009] In another aspect of the disclosure, a system com-
prising a computer-readable medium storing computer-ex-
ecutable instructions that, when executed by a processor, is
configured train a low-level policy to form a trained low-
level policy and a low-level value function to form a trained
goal conditioned value function, wherein training is per-
formed using a static data set using goal conditioned epi-
sodes, said low level function comprising a reinforcement
learning policy, train a high-level goal planner having high
level goals having high-level sub-goals corresponding to a
plurality of future time steps using the low-level value
function to maximize a cumulative reward over the sub-
goals for the plurality of future time steps so that the
sub-goals are reachable by the low-level policy, obtain an
observation of a device, generate an executable action using
the low-level policy and the high-level goal planner and
operate the device with the executable action.

[0010] Further areas of applicability will become apparent
from the description provided herein. The description and
specific examples in this summary are intended for purposes
of illustration only and are not intended to limit the scope of
the present disclosure.

DRAWINGS

[0011] The drawings described herein are for illustrative
purposes only of selected embodiments and not all possible
implementations and are not intended to limit the scope of
the present disclosure.

[0012] FIG. 1 is a block diagrammatic view of an autono-
mous vehicle having the control system of the present
disclosure.

[0013] FIG. 2 is a flowchart of a method for operating the
control system.
[0014] FIG. 3Ais a block diagrammatic hierarchical goal-

conditioned offline reinforcement learning framework in
accordance with the present disclosure.

[0015] FIG. 3B illustrates a workflow of the hierarchical
goal-conditioned offline reinforcement learning framework
in accordance with the present disclosure.
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[0016] FIG. 4 is an algorithm for training of the hierar-
chical goal conditioned offline reinforcement learning policy
process.
[0017]
process.
[0018] FIG. 6 illustrates a visualization of a trajectory in
a local map of a roundabout in accordance with the present
disclosure.

[0019] FIG. 7 is a table with various process versions
using medium and expert quality data.

[0020] FIG. 8 is a table for performance of the system and
meth with a whole town map.

[0021] FIG. 9 is a table for normalized scores for robot in
antmaze environments.

[0022] FIG. 10 illustrates a visualization of a sampled
trajectory, including actual observation images, correspond-
ing goals selected by a goal planner with a Conditional
Variational Autoencoder (CVAE), and corresponding goals
selected by a goal planner with a variational autoencoder
(VAE), in accordance with the present disclosure.

[0023] FIG. 11 illustrates a present observation image, a
high-quality goal candidate with high latent probability, and
a low-quality goal candidate with low latent probability in
accordance with the present disclosure.

[0024] Corresponding reference numerals indicate corre-
sponding parts throughout the several views of the drawings.

FIG. 5 is a hierarchical goal conditioned planner

DETAILED DESCRIPTION

[0025] Example embodiments will now be described more
fully with reference to the accompanying drawings.

[0026] Referring now to FIG. 1, a vehicle 10, such as an
autonomous automotive vehicle, is illustrated having vari-
ous components. Although a passenger vehicle is illustrated,
the present teachings apply to other types of vehicles includ-
ing trucks, sport utility vehicles, recreational vehicles,
marine vessels, aircraft, trains and the like. The teachings of
the present disclosure also may be applied beyond the
automotive field including the field of robotics.

[0027] The vehicle 10 has a propulsion system 12 that is
used to provide power to the wheels 14 of the vehicle 10.
The propulsion system 12 is illustrated simply but may
represent various types of propulsion systems including
internal combustion, hydrogen and electric vehicles.
Depending on the type of system, different ways for cou-
pling to the wheels 14 may be provided. Further, the
propulsion system 12 is illustrated coupled to each of the
wheels 14. However, less than all of the wheels 14 may be
propelled by a propulsion system 12. The propulsion system
12 includes an actuator 16, such as a throttle, which receives
an input to control the propulsion system 12.

[0028] A steering system 18 is used to steer the wheels 14
such as the front wheels, rear wheels or both. The steering
system 18 includes an actuator 20, such as an electric motor,
for positioning the steered wheels 14 in a desired direction.
A steering wheel angle sensor 22 generates a steering angle
signal that corresponds to the angle of the steered wheel.
[0029] A vehicle controller 30 that is microprocessor-
based with a computer readable storage medium 31 such as
a memory therein is set forth. The vehicle controller 30 may
be one or a plurality of microprocessors used to perform
various functions from the computer readable storage
medium 31. Details of the vehicle controller 30 are
described below. In this example, the vehicle controller 30
is in communication with the steering system 18 through the
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actuator 20 and receives feedback from the steering system
18 from the steering wheel angle sensor 22. The vehicle
controller 30 is also in communication with the propulsion
system 12 and the actuator 16.

[0030] The vehicle controller 30 also receives signals from
other components such as a vehicle speed sensor 32. The
vehicle speed sensor 32 generates a vehicle speed signal that
corresponds to the speed of the vehicle 10. The vehicle speed
sensor 32 may be a combination or sensors located at each
wheel to provide the vehicle speed at each wheel which, in
turn, are used to calculate the overall vehicle speed.
[0031] An inertial measurement unit (IMU) 34 is used to
generate inertial signals corresponding to the yaw, pitch and
roll axes and the moments therearound. The accelerations in
each of the X, Y, and Z directions are generated by the IMU
34. Of course, individual sensors not in an IMU 34 may be
used. In particular acceleration sensors on the X and Y
direction may be used to provide feedback to a driving
controller 36 of the vehicle controller 30 so that a desired
vehicle may be obtained during each segment or sub-goal.
[0032] The driving controller 36 that is used to autono-
mously or semi-autonomously drive the vehicle 10 based
upon the various input sensors and the teachings set forth
herein. The driving controller 36 may be used to control the
actuator 20 of the steering system 18 and the propulsion
system 12 through executable actions to provide a particular
steering wheel angle and acceleration and/or velocity and
based upon the various sensed conditions to attain the
desired trajectory, goal or sub-goal. The sensed conditions
may be used to form an observation in an observation
controller 38 located within the vehicle controller 30. The
observation controller 30, as will be described and illus-
trated below, provides observations that are used to deter-
mine the type of control for the vehicle.

[0033] Other vehicle systems include a brake system that
has brakes 40 located at each of the wheels 14. The brake
system 40 may include friction brakes, brake by wire and
regenerative braking systems when used in electric vehicles.
Negative acceleration can be obtained by applying one or
more of the braking systems. Applying the brakes may
therefore be an executable action.

[0034] Image sensors 42 may also be used in the vehicle
10 to form observations used to generate the goals such as
the desired steering wheel angle, acceleration and velocity.
The image sensors 42 include, but are not limited to, lidar
42A, radar 42B, a camera 42C and other devices 42D. The
sensors 42A-42D are illustrated singularly. However, the
sensors 42A-42D may be provided in various numbers of
each directed in various directions so that a complete 360°
view around the vehicle is obtained. The sensors 42A-42D
are used by the observation controller 38 to generate the
observation or location of the vehicle 10 relative to its
surroundings. The driving controller 36 controls the trajec-
tory of the vehicle 10 based upon the various sensors which
form the observations. Examples of observations are pro-
vided below.

[0035] Referring now to FIG. 2, a high-level method for
operating the vehicle is set forth. In general, the driving
controller 36 is trained in step 210. The training is set forth
in greater detail below. In general, the training has multiple
sub-steps that correspond to future time steps. In step 212,
static offline data is obtained as the training input. In step
214, a low-level goal conditioned reinforcement learning
policy is trained using the static off-line data. To save time



US 2024/0336277 Al

during processing, only one low level policy is determined
from the static offline data. The static offline data is used to
train high-level goal planning module. In particular, a low-
level trained goal conditioned value function is obtained
during training. The high-level goal planning module is
trained using the low-level value function obtained in step
216.

[0036] After training, the environment observations are
generated in step 218. The environment observations, in this
example, are observation images which are two dimensional
images placing the vehicle 10 on the road. Based on the
environmental conditions and the trained policy and high-
level goal planning, vehicle is controlled to obtain a goal by
performing executable actions. The executable actions may
include controlling various vehicle systems including the
steering wheel angle of the vehicle, the acceleration of the
vehicle and the velocity of the vehicle. The velocity and
acceleration of the vehicle may be changed by operating the
propulsion system 12 and operating the brake system 40.
The steering wheel angle may be controlled by controlling
the actuator 20. Feedback from the vehicle speed sensor 32
and the inertial measurement unit 34 may also be used for
feedback.

[0037] Referring now to FIG. 3A, the hierarchical goal-
condition system is provided. In this example, environment
observations are provided to the driving controller 36. The
driving controller 36 has a high-level goal planner 310 that
has high level goas and uses sub-goals as a look ahead
feature. A trained low-level goal condition reinforcement
learning policy 320 together with the high-level goal plan-
ning generates executable actions such as the steering wheel
angle and the acceleration of the vehicle that provided to
change the vehicle relative to the environment 322. During
training a reward function is fed back to the high-level goal
planner 310 and the low-level goal-condition reinforcement
learning policy 320 as described in greater detail below.

[0038] Referring now also to FIG. 3B is a representation
of the workflow for the system. The workflow shows the
sub-goals 340 with the letter g. Three sub-goals 340, 342 and
344 are illustrated. With each of the sub-goals, the low-level
goal-conditioned reinforcement learning policy determines
states 346A-346E.

[0039] As noted above, the present disclosure is directed
to a hierarchical planning framework for solving a Markov
decision process (MDP) through goal-conditioned offline
reinforcement learning for safe-critical tasks with extended
temporal duration, such as autonomous driving. The hierar-
chical planning framework comprises a low-level, goal-
conditioned reinforcement learning (RL) policy and the
high-level goal planner 310. The low-level policy 320 is
trained via offline RL to deal with out-of-distribution goals
by a perturbed goal sampling process. The high-level goal
planner takes advantage of model-based methods by com-
posing behavior and solves an optimization problem based
on the low-level value function for long-term strategy. The
present disclosure addresses these issues in the context of
autonomous driving, which is considered an important step
for pushing forward the applications of RL in autonomous
vehicles, as well as other safety-critical intelligent agents.
The low-level policy is trained to form a trained low-level
policy and a low-level value function to form a trained goal
conditioned value function. The training is performed using
a static data set using goal conditioned episodes.
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[0040] More specifically to deal with extended temporal
duration, a hierarchical framework is adopted, with a low-
level policy 320 controlling the planner or driving controller
36 to accomplish short-term tasks, while receiving supervi-
sion from the high-level module goal planner 310 about
long-term strategy. The high-level module 310 may either be
a model-free RL policy or a planning module. The driving
controller 36 in particular combines the low-level goal-
conditioned RL policy 320 and the high-level planner 310 to
leverage model-based planning methods to guide a goal-
reaching policy with a sequence of sub-goals. This configu-
ration can take advantage of model-based approaches to
handle long-horizon tasks by composing behaviors and is
particularly suitable for an offline setting as only learning a
short-horizon goal-reaching policy from offline dataset is
required, which is easier and more data-efficient than
directly learning an end-to-end policy solving the entire
task.

[0041] A hierarchical planning framework through goal-
conditioned offline reinforcement learning is set forth in
greater detail below. To train the goal-conditioned policy, the
present disclosure utilizes Hindsight Experience Replay
(HER) to synthesize goal-conditioned episodes from static
data or datasets. The goal condition episodes are used to
train the low-level policy 320 with model-free offline RL
algorithms. One known issue with offline RL is distribu-
tional shift. Prior systems/methods have addressed the prob-
lem of out-of-distribution (OOD) states and actions. The
present disclosure also addresses OOD goals. The systems
and methods of present disclosure, for example, generate
noisy unreachable goals by a perturbed goal sampling pro-
cess. By incorporating the noisy goals into the training
process, the systems and methods of the present disclosure
inform the high-level planner to avoid OOD goals during
online execution.

[0042] The high-level sub-goal planner plans over inter-
mediate sub-goals based on a goal-conditioned value func-
tion of a low-level policy. Prior systems and methods have
used a framework developed for a finite-horizon goal-
conditioned Markov decision process (MDP) with an objec-
tive of reaching a target goal point. In contrast, the present
disclosure generalizes and utilizes arbitrary MDPs because
multiple criteria, besides reachability, must be considered
for applications such as autonomous driving. In some prior
systems, a variational autoencoder (VAE) is adopted to
model high-dimensional image observation space so that the
planner can optimize over the sub-goals within a meaningful
image space. However, the sub-goals at different timesteps
are modeled independently, which induces too much noise
into the optimization procedure. The systems and methods
of'the present disclosure, on the other hand, use a conditional
Variational Auto-Encoder 312 (CVAE) instead so that the
sub-goal sequences can be sequentially reconstructed for
evaluation, which results in more accurate sub-goal candi-
dates and better planning performance. Training the high-
level goal planner having high level goals having high-level
sub-goals corresponding to a plurality of future time steps is
performed using the low-level value function to maximize a
cumulative reward over the sub-goals for the plurality of
future time steps so that the sub-goals are reachable by the
low-level policy.

[0043] The systems and methods of the present disclosure
evaluate a proposed framework for planning in driving
scenarios using, for example, the CARLA simulator, which
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is an open-source simulator for autonomous driving
research. Experimental results show that framework of the
present disclosure is superior to prior systems and methods
that utilize a policy trained by regular offline reinforcement
learning methods without any hierarchical design. The
trained value function can quantify the quality of different
goal candidates in the high-level goal planner. Also, the
framework of the present disclosure can be generalized to
complex driving scenes with lower collision rates than
baselines.

[0044] Step 216 is explained in further detail. While a
low-level policy only requires a single sub-goal from a
high-level planner, in the systems and methods of the present
disclosure, the driving controller 36 or planner can optimize
over multiple sub-goals into the future horizon to ensure an
optimal long-term strategy, which is critical for solving
temporally extended tasks. This can be formulated as a
constrained optimization problem of maximizing the cumu-
lative reward over sub-goals for multiple future steps with a
constraint to force the sub-goals to be reachable by the
low-level policy. The solution is a sequence of H sub-goals
for H future high-level time steps, but only the first one can
be selected for execution in practice while a new one is
solved for at the next time step.

[0045] Formally, the constrained optimization problem is
formulated as follows:

H (69)
mgaxVéfnv(s,o, fo) + Z V2 (g 1)
=)

H

s.t. V}(DM(S,O, g>» to) + ZV}IDM(g,i, 841> t,v) =0,
=)

T

[0046] where g=[g,” . . ., g, ".]" is the sub-goal
sequence of interest, Sy is the initial state, and

N
Vérnv(s,i, [i) -E [Zrenv(sti’ja a’i,]—l) ‘”:|

i1

N

Vion (s, 81yt =F [ZVTDM(Sr,vJa 8iip» tig)
=1

,,]

[0047] where r,,,, is the reward function defined in the
original MDP environment, and r;,,,, is the auxiliary
goal-conditioned reward function. Further, 15, to is
defined through a temporal difference model (TDM)
that is often adopted in prior goal-conditioned policy

learning works.
[0048] The TDM reward function is often in the form:

roae(Sr, 85 T) = —0(7 = (57, &),

[0049] where 8(-) is the indicator function, and d is a
distance function specified in tasks. By forcing the
expected cumulative reward r;,,, to be non-negative,
the resulting g is guaranteed to be reachable.
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[0050] The optimal solution of equation (1) can be
obtained by solving the following max-min optimization
problem, where the objective is the Lagrangian function of
equation (1):

H @
mgax %gglV”(sroa 81> [0) + ;V”(g,i, 8t [i)

3
where V”(s,i, 8 t,v) =

N
Ve VE(sy 1) + BVom(se; &1y > 1) = E Zi’env + Brroum
=

,,]

[0051] The augmented value function V™ is essentially the
value function of the low-level policy & regarding an aug-
mented reward function r,, which is the weighted sum of the
original environmental reward and the auxiliary TDM
reward:

Vg(s-ra Ary 81 T) = Fony(Scac) + Propy(Scge, 7).

[0052] It is now practical to solve the optimization prob-
lem which encourages the solution to be a reachable goal
state in the state space. The present disclosure focuses on
tasks with high-dimensional images as observations. The
present disclosure follows the convention of using a cross-
entropy method as the optimizer. To this end, the systems
and methods of the present disclosure sample meaningful
images as valid goal states from the state space S.. Gener-
ally, the systems and methods of the present disclosure do
not have an explicit high-dimensional bound between mean-
ingful images and invalid white noise, but it is possible to
find a method that implicitly encourages valid samples. One
method is modeling the goal distribution with a generative
model such as VAE. In particular, the systems and methods
of the present disclosure adopt the conditional variational
auto-encoder (CVAE) 312.

[0053] The CVAE 312 models the transition from one goal
to the next in the dataset and consists of an inference
mapping, ie., an encoder E (zlg,, g, ). and a generative
mapping, ie., a decoder D (glg, |g,.z).

[0054] The inference network maps a present goal state
g,€35. to a latent state Ze Z condition on its next goal g, ,
where Z is the latent space.

[0055] The generative mapping, which conditions on the
original input g,. maps the latent state ze Z to the next goal
g,.,- The latent lspace Z is often low-dimensional, and the
latent state z follows a specified prior distribution p(z). By
decoding goal states from latent variables sampled from the
prior p(z), the systems and methods of the present disclosure
essentially sample goal states from a distribution approxi-
mating the goal distribution in the dataset. Consequently, the
sampled images are more likely to be meaningful and
correspond to in-distribution goal states. More importantly,
different from the VAE used in prior systems, conditioning
on the present state image reduces unnecessary variance.
The sampled goals are those that are more likely given the
current state. It improves the sampling efficiency and leads
to better optimization performance of the cross-entropy
method.
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[0056] The objective function can then be optimized over
the latent representation of the goal images, where g, =D,

(g,» 7,,,) s the reconstructed goal from sampled latent state
z, condltloned on the previous goal g,.

[0057] An additional regularization term —A log p(z) is
added to penalize the z with low prior probability, where A
is a trade-off factor between the measure of optimality and
the out-of-distribution penalty.

[0058] The operation of the low-level goal conditioned
reinforcement learning policy 320 and step 214 is set forth.
[0059] After the high-level sub-goal planner 310, the
systems and methods of the present disclosure continue to
develop the low-level policy and aim to combine goal-
conditioned training techniques with offline reinforcement
learning to train the low-level policy from the static dataset.
In particular, the systems and methods of the present dis-
closure need to train not only the policy &, but also the value
function V™.

[0060] The pre-collected datasets to train the goal-condi-
tioned policies only include state and action transition pairs
and corresponding rewards.

[0061] There are no goals defined in training datasets
originally, so the systems and methods of the present dis-
closure must create a goal for each sampled state-action pair
during training.

[0062] The trajectories are valid ones to reach any state
within themselves, which makes it reasonable to use any
state within each trajectory as its goal.

[0063] Therefore, following the hindsight experience
replay, using a sampled pair (st ,a, k, S, ”k, Topv s, “) from the
k-th trajectory in the traJnlng ataset thJe present disclosure
relabels the goalas g, =s.  where s_* is a random future state
within the whole. The new reward is relabeled as:

rjg(v’i,j < r]e(nv,r' o+ prk )
57 P TDM

The IDM reward is computed regardlng the labeled goal g, .
The new pair (st ) a, * s T g,H] , k) is used as the
training data to update the goal—condltloned value function
and policy.

[0064] Many prior systems and methods of offline RL
have dealt with known distributional shift problems. Under
the goal-conditioned setting, the systems and methods of the
present disclosure need to additionally handle OOD goals,
which is similar to the problem of OOD states. However,
when dealing with OOD states, existing systems/methods
require a dynamic model to estimate state uncertainty, which
is difficult to learn in high-dimensional observation space.
Alternatively, the present disclosure provides new systems
and methods to solve the distributional shift problem caused
by OOD goals.

[0065] Concretely, the systems and methods of the present
disclosure perturb the goal in the sampled data point by
noise with a probability n, and then the reward r, ks
relabeled as the new noisy data point. In this way, ' the
systems and methods of the present disclosure penalize the
value at OOD goals, because a 1-portion of the goals in the
sampled data batch become noisy and were never achieved
in the dataset. Thus, the corresponding TDM rewards will
always be negative. Hence, the high-level goal planner using
the same value function will be encouraged to avoid those
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low value areas at OOD goals, which will implicitly affect
the low-level policy during test time.

[0066] The systems and methods of the present disclosure
integrate the high-level goal planner and the low-level
goal-conditioned policy to form a practical implementation,
which is referred to as a Hierarchical Goal-Conditioned
offline reinforcement learning (HiGoC) framework to be
used in autonomous driving decisions.

[0067] Given a static offline dataset containing K expert
trajectories:

D {4y k=1 K]

iJ iJ

[0068] the training procedure is shown in Algorithm 1,
illustrated in FIG. 4. For example, the CVAE 312 is first
trained to model the observation distribution in the
dataset. Then, the low-level goal-conditioned policy
and the corresponding value function is trained through
Conservative Q-Learning (CQL), which is customized
for the goal-conditioned settings. In the test phase, the
systems and methods of the present disclosure query
the hierarchical planner to control the driving controller
36. A hierarchical goal-conditioned (high-level) plan-
ner is shown as Algorithm 2, illustrated in FIG. 5.

[0069] Using the CARLA Simulator, the present disclo-
sure was evaluated for autonomous driving. In particular,
various driving tasks in a virtual urban town where the
reward is given by the simulator evaluating the safety and
efficiency of driving was performed. Low-level There are 30
obstacle vehicles in total running in the whole map, so that
a realistic environment with intense interactions with sur-
rounding vehicles is simulated. In experiments, an evalua-
tion in a local map containing a roundabout in the virtual
town is performed. Afterwards, the experiment is extended
to the whole town to evaluate the ability of the present
disclosure in building reliable policies in more general and
realistic scenes. In experiments, static pre-collected training
datasets were used to train the planner. To collect training
data, an expert is trained using soft actor-critic (SAC)
method with the default reward function in each environ-
ment. The expert is then executed in the corresponding
environment to record trajectories. After the collection of
training datasets, the present system, HiGoC, is trained in an
offline setting. During the test time, the vehicle controller 26
or agent with the trained policies in a simulator. During the
driving process the value function trained in the low-level
policy and used by the high-level goal planning is maxi-
mized to obtain the executable actions to obtain the desired
steering wheel angle and acceleration.

[0070] Datasets with different levels of quality, namely
“medium” and “expert” datasets may be composed.
“Medium” datasets are collected by first training the expert
using SAC, early stopping the training, and recording the
trajectories with the half-trained expert in the environment.
“Expert” datasets are collected with fully trained experts.
[0071] Antmaze in D4R may be used to evaluate the
present method for robot navigation tasks from offline RL
benchmarks, which are the Antmaze tasks in the D4RL
dataset. The dataset mainly consists of trajectories collected
with undirected navigation of the simulated ant robot.
[0072] The agent has to learn from the dataset to solve
specific point-to-point navigation tasks. The task can be
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categorized into three difficulty levels: simple (i.e., umaze),
medium, and difficult (i.e., large).

[0073] When comparing the present disclosure, HiGoC,
with two baselines: a) CQL, which is one of the state-of-
the-art offline RL algorithms for end-to-end policy training.
IRIS, which is also a hierarchical framework learned from
offline dataset, with a high-level offline RL goal planner and
a low-level imitation learning policy. For the antmaze
experiments, another approach for comparison, OPAL,
which is another hierarchical framework with a high-level
strategy planner and a low-level primitive controller. Dif-
ferent settings of the present disclosure, HiGoC were used.
A different look-ahead horizon H was used are the data
compared. A longer horizon enables the planner to better
optimize long-term behavior. Meanwhile, errors of the value
function and the CVAE model accumulate along the plan-
ning horizon. These two factors may trade off and affect the
overall performance. The notation “H-step” is used to dis-
tinguish planners with different H. For instance, “2-step”
refers to a planner with H=2.

[0074] Different goal-sampling period N may be used. The
goal-sampling period determines the episode length of the
low-level goal-reaching MDP. As a result, it affects the
accuracy of the learned value function. Variants with differ-
ent sampling period may be specified as “HiGoC-NAt”. For
instance, “HiGoC-0.4 s” refers to a variant with N=4 since
the sampling time of the simulator is 0.1 s.

[0075] Variant without goal perturbation may be consid-
ered. In this variant, one without goal sampling perturba-
tions during training, denoted by “HiGoC-no noise”. It has
a goal-sampling time of 0.4 s. By comparing it with the
variant “HiGoC-0.4 s,” the proposed method can effectively
mitigate the issue of OOD goals and lead to better perfor-
mance.

[0076] The main evaluation metric is the normalized score
(NS) [1]. The normalized score is defined as:

score — random score
NS =100«

expert score — random score

[0077] The score of each variant is the cumulative reward
during test time after the whole training process finishes,
namely, after 500 K gradient steps in CARLA and 1 M in
antmaze. For the complex whole-own driving task, the
collision rate was reported to give the audience a straight-
forward impression on the driving skill of the trained agents.
100 episodes were rolled out, and compute the ratio of
trajectories containing collisions.

[0078] The results of a comprehensive study on the small
local map, comparing all the different settings are summa-
rized in the table set forth in FIG. 7.

[0079] HiGoC with the end-to-end policy baseline is used
to evaluate the benefit of the hierarchical structure. From
FIG. 7, the performance of CQL is lower than all the other
HiGoC variants (above 90.0). It is because the hierarchical
planner is less greedy than the end-to-end policy. In FIG. 6,
sampled trajectories of the trained driving controller 36
passing through a roundabout in the local map with the
variant “7-step HiGoC-0.4 s” were used. When the ego car
610 is entering the roundabout, it first yields to the two
obstacle vehicles 612. Afterwards, it enters the roundabout
and navigates through it successfully. When the ego vehicle
610 is equipped with a non-hierarchical offline RL policy as
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shown in observations (a-1) through (a-8), it is very difficult
for the ego car to slow down and yield to obstacles at the
entrance of the roundabout. In contrast, even though the
goals sampled by the CVAE 312 are vague and twisted, they
are informative enough to guide the planner to be less
aggressive and greedy as illustrated by the observations
(b-1) through (b-8).

[0080] The performance of HiGoC when trained on data-
sets with different levels of quality is compared. When
trained on the “medium” dataset, HiGoC tends to achieve
score that is closer to the corresponding expert. Since the
data-collecting agent for the “Medium” dataset is controlled
by an early-stopped policy, its policy is suboptimal with
larger variance. Hence, the “Medium” dataset tends to cover
larger state and action space. In contrast, the state and action
distribution in the “Expert” dataset is much more concen-
trated. The offline reinforcement learning (RL) agent is more
suited in the settings where larger data coverage is provided.
Therefore, it is reasonable that the agent is able to reach
closer performance to the “Medium” level demonstration
than the “Expert” level one.

[0081] The robust to distributional shift is shown in In
FIG. 7, the normalized scores of “HiGoC-no noise” are
consistently lower than “HiGoC-0.4 s” in almost all the
settings. It indicates that the method to increase the robust-
ness against distributional shift is effective. It is worth noting
that “HiGoC-no noise” still outperforms CQL on both
datasets, demonstrating that the hierarchical structure is
beneficial to solve the overall task.

[0082] The overall planner is essentially a receding hori-
zon controller, i.e., model predictive control (MPC). The
optimization in Eqn. 4 is solved by CEM online during the
test time, and the computing time is within 100 ms which is
sufficient for the framework to plan at a frequency of 10 Hz.
From control theory, if a precise dynamic model that can
perfectly predict the behavior of the environment, the per-
formance of the controller improves as the look-ahead
horizon H increases. In the high-level goal planner 310, the
value function is equivalent to a prediction function esti-
mating future cumulative rewards from the present state.
Ideally, the trained agent should have better performance
with longer H. However, the normalized score peaks at
7-step look-ahead with 0.4 s goal-sampling period. The
normalized score began to drop when further increasing H.
If a goal-sampling period of 2.0 s is selected, the highest
normalized score is achieved with H=1. It is because the
learned value function becomes less accurate when predict-
ing the far-away future. There is a trade-off between pre-
diction accuracy and long-term planning capability.

[0083] IRIS was also used in a comparison. The present
disclosure process, HiGoC was compared against IRIS with
different look-ahead horizons. Similar to ours, their high-
level planner also selects a reference goal for the low-level
goal-conditioned policy. The main difference is that IRIS
chooses the optimal goal as the one with the highest
expected future return in the original task MDP. In contrast,
HiGoC chooses the sub-goal by finding the optimal sub-goal
sequence over the look-ahead horizon, where the objective
function is defined based on the value functions of the
short-term goal-reaching MDPs between consecutive look-
ahead time steps. Also, the low-level goal reaching policy of
IRIS is learned with imitation learning, whereas ours is
trained with offline RL. IRIS with different look-ahead
horizons, i.e., the number of timesteps between the current
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state and the goal point was used. As shown in FIG. 1,
HiGoC consistently outperforms IRIS under different look-
ahead horizons. Two factors contribute to this performance
gain. Firstly, IRIS requires accurate estimation of the value
function for the original taskMDP, which is difficult for
temporally extended tasks, especially under the offline set-
ting.

[0084] In contrast, HiGoC composes long-term behavior
online based on the value functions of the short-term goal-
reaching MDPs, which are easier to estimate via offline
learning. That is better results are achieved when the high-
level goal planner uses the value function determined in the
low-level policy 320. Secondly, the low-level goal-reaching
policy of IRIS is trained by imitation learning instead of
offline RL.. The offline RL agent is able to compose behavior
that is better than the demonstration from the offline dataset.
[0085] To further evaluate the ability of the present pro-
cedure, HiGoC, in learning driving policies for more general
and realistic scenes, the present disclosure was used with a
much larger driving scene in the CARLA simulator, the
whole “Town03” map. Two settings with different look-
ahead horizons, i.e., “7-step HiGoC-0.4 s” and “1 step
HiGoC-0.4 s”. As shown in FIG. 8, both variants of HiGoC
outperform the baseline CQL, indicating the benefit of
hierarchical structure in long-horizon tasks. In particular,
HiGoC 7 step has better performance. It further confirms
that longer look-ahead steps can benefit the high-level
strategy reasoning even in these complex tasks. Also, the
performance of HiGoC is better than IRIS. It further con-
firms the advantage of HiGoC over IRIS in composing
optimal long-term behavior. It was noticed that the agent
reaches performance closer to the “Expert” than the
“Medium” level demonstration in this complex scenario.
One possible reason is that the same size of training dataset
as the one in the local map was used, which is relatively
small in this much larger scene. Although the “Medium”
level dataset consists of more diverse samples, it does not
have sufficient samples to cover high-reward state-action
pairs in the whole town. Thus, it limits the training quality.
[0086] Most of the collisions are caused by the ego vehicle
bumping into the rear-end of the preceding vehicle. It is
because the current representation of observations only
involves implicit velocity information (the historical posi-
tions of vehicles), and the lack of velocity information is
also magnified by the encoding process of the CVAE 312.
Nevertheless, the collision rate with the hierarchical archi-
tecture is reduced. It indicates that the hierarchy can prevent
the agent from being too greedy. Therefore, including veloc-
ity in the analysis would improve the results.

[0087] Apart from the velocity information, it is also
possible to further improve the performance from other
aspects of representation. The current observation represen-
tation makes it necessary for the high-level planner to reason
about the future road map in addition to the surrounding
vehicles. In practice, it is a common practice for autonomous
vehicles to have access to the map of the whole town in
advance. If a representation with richer map information is
leveraged, it will no longer be necessary for the high-level
planner to forecast map change. Plus, a better representation
will also enhance the capacity of the CVAE model. With a
more accurate CVAE model, the sampled goal sequences are
more likely to be realizable and optimal.

[0088] The experimental results in the antmaze robotic
environment are described. In FIG. 9, the present method,
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HiGoC, has better performance than CQL and IRIS, espe-
cially in those challenging environments (i.e., medium and
large). It is because the episode length increases with the size
of the maze, which makes it more critical to compose
long-term optimal behavior in order to succeed in these
environments. The results further verifies the advantage of
HiGoC over CQL and IRIS in temporally extended tasks. In
FIG. 9, we also report the scores of OPAL collected from
their paper. Since OPAL is deliberately designed to learn
from offline data consisting of varied and undirected multi-
task behavior, they only evaluated their methods on the
medium/large-diverse antmaze environments. While HiGoC
is not specially designed for diverse offline data, it still
achieves performance close to OPAL in those environments.
[0089] Referring now to FIG. 10, the goal sequences
sampled from the CVAE and VAE in the same scenario are
set for in 10a-1 through 104a-5 relative to an object car 1012.
From FIGS. 10¢-1 to 10C-5, the goals sampled from the
VAE are vaguer than those sampled from CVAE in FIGS.
106-1 to 105-5. More importantly, the unmodified VAE
model does not correctly model the surrounding vehicles
1010 in the sampled goal sequences. As shown in FIGS.
10c-4 and 10c¢-5, the obstacle vehicles 1010 are almost
ignored by the unmodified VAE. In contrast, the CVAE
model synthesizes the surrounding agents’ future locations
in its sampled goals, which allows the high-level planner to
gain insights about the surrounding vehicles. As a result, the
planner equipped with the CVAE reaches a higher score of
61.6 than 57.4 of that with the VAE in the whole town map
when trained using the expert demonstration.

[0090] InFIG. 11, the present observation shows when the
ego car 1112 enters an intersection. The two images in 1110B
and 1110C are two samples of goal candidates when starting
from the present observation in 1110A. The obstacle car
1114 should move down, but it should not be out of sight
during the goal sampling period. Therefore, 1110B with the
obstacle 1114 in sight is more reasonable than 1110C.
Hence, 1110B should be assigned a higher value than 1110C.
Also, 1110C is twisted and has plenty of noise. Compared
with 1110B, it has lower probability in the latent space when
it is encoded by the CVAE. A low probability means that the
image is less likely to be a valid goal in the original image.
As shown in FIG. 11, the estimated value of FIG. 1110B is
10.83 whereas 5.25 for 1110C. Hence, the learned value
function can make reliable estimations on the quality of goal
candidates.

[0091] In summary, a hierarchical planning framework
through goal-conditioned offline reinforcement learning for
tasks with extended temporal duration is shown. The low-
level policy is trained by offline RL in a goal-conditioned
setting, which controls the agent to achieve short-term
sub-goals. The offline training is improved by a perturbed
goal sampling process to deal with distributional shift. The
high-level goal planner takes advantage of model-based
methods by composing behavior and solves an optimization
problem based on the low-level value function for long-term
high-level planning strategy. The proposed framework is
empirically proved to be more suitable for temporally
extended tasks than regular offline RI, without hierarchy.
The offline training strategy improves the robustness to a
distributional shift.

[0092] The foregoing description is merely illustrative in
nature and is in no way intended to limit the disclosure, its
application, or uses. The broad teachings of the disclosure
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can be implemented in a variety of forms. Therefore, while
this disclosure includes particular examples, the true scope
of the disclosure should not be so limited since other
modifications will become apparent upon a study of the
drawings, the specification, and the following claims. It
should be understood that one or more steps within a method
may be executed in different order (or concurrently) without
altering the principles of the present disclosure. Further,
although each of the embodiments is described above as
having certain features, any one or more of those features
described with respect to any embodiment of the disclosure
can be implemented in and/or combined with features of any
of the other embodiments, even if that combination is not
explicitly described. In other words, the described embodi-
ments are not mutually exclusive, and permutations of one
or more embodiments with one another remain within the
scope of this disclosure.

[0093] Spatial and functional relationships between ele-
ments (for example, between modules) are described using
various terms, including “connected,” “engaged,” “inter-
faced,” and “coupled.” Unless explicitly described as being
“direct,” when a relationship between first and second
elements is described in the above disclosure, that relation-
ship encompasses a direct relationship where no other
intervening elements are present between the first and sec-
ond elements, and also an indirect relationship where one or
more intervening clements are present (either spatially or
functionally) between the first and second elements.
[0094] As used herein, the phrase at least one of A, B, and
C should be construed to mean a logical (A OR B OR C),
using a non-exclusive logical OR. For example, the phrase
at least one of A, B, and C should be construed to include
any one of: (i) A alone; (ii) B alone; (iii) C alone; (iv) A and
B together; (v) A and C together; (vi) B and C together; (vii)
A, B, and C together. The phrase at least one of A, B, and
C should not be construed to mean “at least one of A, at least
one of B, and at least one of C.”

[0095] In the figures, the direction of an arrow, as indi-
cated by the arrowhead, generally demonstrates the flow of
information (such as data or instructions) that is of interest
to the illustration. For example, when element A and element
B exchange a variety of information, but information trans-
mitted from element A to element B is relevant to the
illustration, the arrow may point from element A to element
B. This unidirectional arrow does not imply that no other
information is transmitted from element B to element A.
Further, for information sent from element A to element B,
element B may send requests for, or receipt acknowledge-
ments of, the information to element A. The term subset does
not necessarily require a proper subset. In other words, a first
subset of a first set may be coextensive with (equal to) the
first set.

[0096] In this application, including the definitions below,
the term “module” or the term “controller” may be replaced
with the term “circuit.” The term “module” or the term
“controller” may refer to, be part of, or include processor
hardware (shared, dedicated, or group) that executes code
and memory hardware (shared, dedicated, or group) that
stores code executed by the processor hardware.

[0097] The module or controller may include one or more
interface circuits. In some examples, the interface circuit(s)
may implement wired or wireless interfaces that connect to
a local area network (LAN) or a wireless personal area
network (WPAN). Examples of a LAN are Institute of
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Electrical and Electronics Engineers (IEEE) Standard 802.
11-2016 (also known as the WIFI wireless networking
standard) and IEEE Standard 802.3-2015 (also known as the
ETHERNET wired networking standard). Examples of a
WPAN are IEEE Standard 802.15.4 (including the ZIGBEE
standard from the ZigBee Alliance) and, from the Bluetooth
Special Interest Group (SIG), the BLUETOOTH wireless
networking standard (including Core Specification versions
3.0,4.0,4.1,4.2, 5.0, and 5.1 from the Bluetooth SIG).
[0098] The module or controller may communicate with
other modules or controllers using the interface circuit(s).
Although the module or controller may be depicted in the
present disclosure as logically communicating directly with
other modules or controllers, in various implementations the
module or controller may actually communicate via a com-
munications system. The communications system includes
physical and/or virtual networking equipment such as hubs,
switches, routers, and gateways. In some implementations,
the communications system connects to or traverses a wide
area network (WAN) such as the Internet. For example, the
communications system may include multiple LANs con-
nected to each other over the Internet or point-to-point
leased lines using technologies including Multiprotocol
Label Switching (MPLS) and virtual private networks
(VPNs).

[0099] In various implementations, the functionality of the
module or controller may be distributed among multiple
modules that are connected via the communications system.
For example, multiple modules may implement the same
functionality distributed by a load balancing system. In a
further example, the functionality of the module or control-
ler may be split between a server (also known as remote, or
cloud) module and a client (or, user) module. For example,
the client module may include a native or web application
executing on a client device and in network communication
with the server module.

[0100] The term code, as used above, may include soft-
ware, firmware, and/or microcode, and may refer to pro-
grams, routines, functions, classes, data structures, and/or
objects. Shared processor hardware encompasses a single
microprocessor that executes some or all code from multiple
modules or controllers. Group processor hardware encom-
passes a microprocessor that, in combination with additional
microprocessors, executes some or all code from one or
more modules. References to multiple microprocessors
encompass multiple microprocessors on discrete dies, mul-
tiple microprocessors on a single die, multiple cores of a
single microprocessor, multiple threads of a single micro-
processor, or a combination of the above.

[0101] Shared memory hardware encompasses a single
memory device that stores some or all code from multiple
modules. Group memory hardware encompasses a memory
device that, in combination with other memory devices,
stores some or all code from one or more modules.

[0102] The term memory hardware is a subset of the term
computer-readable medium. The term computer-readable
medium, as used herein, does not encompass transitory
electrical or electromagnetic signals propagating through a
medium (such as on a carrier wave); the term computer-
readable medium is therefore considered tangible and non-
transitory. Non-limiting examples of a non-transitory com-
puter-readable medium are nonvolatile memory devices
(such as a flash memory device, an erasable programmable
read-only memory device, or a mask read-only memory
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device), volatile memory devices (such as a static random
access memory device or a dynamic random access memory
device), magnetic storage media (such as an analog or digital
magnetic tape or a hard disk drive), and optical storage
media (such as a CD, a DVD, or a Blu-ray Disc).

[0103] The apparatuses and methods described in this
application may be partially or fully implemented by a
special purpose computer created by configuring a general-
purpose computer to execute one or more particular func-
tions embodied in computer programs. The functional
blocks and flowchart elements described above serve as
software specifications, which can be translated into the
computer programs by the routine work of a skilled techni-
cian or programmer.

[0104] The computer programs include processor-execut-
able instructions that are stored on at least one non-transitory
computer-readable medium. The computer programs may
also include or rely on stored data. The computer programs
may encompass a basic input/output system (BIOS) that
interacts with hardware of the special purpose computer,
device drivers that interact with particular devices of the
special purpose computer, one or more operating systems,
user applications, background services, background appli-
cations, etc.

[0105] The computer programs may include: (i) descrip-
tive text to be parsed, such as HTML (hypertext markup
language), XML (extensible markup language), or JSON
(JavaScript Object Notation), (ii) assembly code, (iii) object
code generated from source code by a compiler, (iv) source
code for execution by an interpreter, (v) source code for
compilation and execution by a just-in-time compiler, etc.
As examples only, source code may be written using syntax
from languages including C, C++, C#, Objective C, Switt,
Haskell, Go, SQL, R, Lisp, Java®, Fortran, Perl, Pascal,
Curl, OCaml, JavaScript®, HTMLS5 (Hypertext Markup
Language 5th revision), Ada, ASP (Active Server Pages),
PHP (PHP: Hypertext Preprocessor), Scala, Eiffel, Small-
talk, Erlang, Ruby, Flash®, Visual Basic®, Lua, MATLAB,
SIMULINK, and Python®.

[0106] Example embodiments are provided so that this
disclosure will be thorough and will fully convey the scope
to those who are skilled in the art. Numerous specific details
are set forth such as examples of specific components,
devices, and methods, to provide a thorough understanding
of embodiments of the present disclosure. It will be apparent
to those skilled in the art that specific details need not be
employed, that example embodiments may be embodied in
many different forms and that neither should be construed to
limit the scope of the disclosure. In some example embodi-
ments, well-known processes, well-known device struc-
tures, and well-known technologies are not described in
detail.

[0107] The terminology used herein is for the purpose of
describing particular example embodiments only and is not
intended to be limiting. As used herein, the singular forms
“a,” “an,” and “the” may be intended to include the plural
forms as well, unless the context clearly indicates otherwise.
The terms “comprises,” “comprising,” “including,” and
“having,” are inclusive and therefore specify the presence of
stated features, integers, steps, operations, elements, and/or
components, but do not preclude the presence or addition of
one or more other features, integers, steps, operations,
elements, components, and/or groups thereof. The method
steps, processes, and operations described herein are not to
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be construed as necessarily requiring their performance in
the particular order discussed or illustrated, unless specifi-
cally identified as an order of performance. It is also to be
understood that additional or alternative steps may be
employed.

What is claimed is:

1. A method comprising:

training a low-level policy to form a trained low-level

policy and a low-level value function to form a trained
goal conditioned value function, wherein training is
performed using a static data set using goal conditioned
episodes, said low level function comprising a rein-
forcement learning policy;

training a high-level goal planner having high level goals

having high-level sub-goals corresponding to a plural-

ity of future time steps using the low-level value

function to maximize a cumulative reward over the

sub-goals for the plurality of future time steps so that

the sub-goals are reachable by the low-level policy;
obtaining an observation of a device;

generating an executable action using the low-level policy

and the high-level goal planner; and

operating the device with the executable action.

2. The method of claim 1 further comprising, prior to
training the low-level policy, forming goal-conditioned epi-
sodes from the static data set using hindsight experience
replay.

3. The method of claim 1 further comprising training the
low-level policy using goal-conditioned episodes and out-of
distribution goals by a perturbed goal sampling process.

4. The method of claim 1 wherein training the high-level
goal planner comprises using short Markov decision pro-
cesses between sub-goals of consecutive sub-goals.

5. The method of claim 1 wherein the high-level goal
planner is model-based comprising solving an optimization
problem based on a low-level value function for a long-term
strategy.

6. The method of claim 1 wherein generating the execut-
able action comprises generating the executable action based
on maximizing the value function.

7. The method of claim 1 wherein training the high-level
planner comprises selecting one of the plurality of sub-goals
of a sequence of subgoals at a second time step subsequent
to a first time step.

8. The method of claim 1 wherein training the high-level
goal planner comprises generating the high-level sub-goals
comprising reachable goals based on a reward.

9. The method of claim 1 wherein training the low-level
policy comprises training the low-level policy and value
function.

10. The method of claim 1 wherein the sub-goals corre-
spond to positions of an automotive vehicle and wherein
operating the device comprises controlling a steering wheel
angle of a vehicle, an acceleration of the vehicle, or both.

11. A system comprising a computer-readable medium
storing computer-executable instructions that, when
executed by a processor, configure the processor to:

train a low-level policy to form a trained low-level policy

and a low-level value function to form a trained goal
conditioned value function, wherein training is per-
formed using a static data set using goal conditioned
episodes, said low level function comprising a rein-
forcement learning policy;



US 2024/0336277 Al

train a high-level goal planner having high level goals
having high-level sub-goals corresponding to a plural-
ity of future time steps using the low-level value
function to maximize a cumulative reward over the
sub-goals for the plurality of future time steps so that
the sub-goals are reachable by the low-level policy;
obtain an observation of a device;

generate an executable action using the low-level policy

and the high-level goal planner; and

operate the device with the executable action.

12. The system of claim 11 further comprising, prior to the
processor configured to train the low-level policy, form
goal-conditioned episodes from the static data set using
hindsight experience replay.

13. The system of claim 11 further comprising training the
low-level policy using goal-conditioned episodes and out-of
distribution goals by a perturbed goal sampling process.

14. The system of claim 11 wherein the processor is
configured to train the high-level goal planner using short
Markov decision processes between sub-goals of consecu-
tive sub-goals.
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15. The system of claim 11 wherein the high-level goal
planner is model-based solves an optimization problem
based on a low-level value function for a long-term strategy.

16. The system of claim 11 wherein the processor is
further configured to generate the executable actions based
on maximizing the value function.

17. The system of claim 11 wherein the processor is
further configured to train the high-level planner by select-
ing one of the plurality of sub-goals of a sequence of
subgoals at a second time step subsequent to a first time step.

18. The system of claim 11 wherein the processor is
further configured to train the high-level goal planner by
generating the high-level sub-goals comprising reachable
goals based on a reward.

19. The system of claim 11 wherein the processor is
further configured to train the low-level policy and value
function.

20. The system of claim 11 wherein the sub-goals corre-
spond to positions of an automotive vehicle and the proces-
sor is further configured to control a steering wheel angle of
a vehicle, an acceleration of the vehicle, or both.
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