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Abstract—1In recent years, reinforcement learning and im-
itation learning have shown great potential for controlling
humanoid robots’ motion. However, these methods typically
create simulation environments and rewards for specific tasks,
resulting in the requirements of multiple policies and lim-
ited capabilities for tackling complex and unknown tasks.
To overcome these issues, we present a novel approach that
combines adversarial imitation learning with large language
models (LLMs). This innovative method enables the agent
to learn reusable skills with a single policy and solve zero-
shot tasks under the guidance of LLMs. In particular, we
utilize the LLM as a strategic planner for applying previously
learned skills to novel tasks through the comprehension of
task-specific prompts. This empowers the robot to perform
the specified actions in a sequence. To improve our model,
we incorporate codebook-based vector quantization, allowing
the agent to generate suitable actions in response to unseen
textual commands from LLMs. Furthermore, we design general
reward functions that consider the distinct motion features of
humanoid robots, ensuring the agent imitates the motion data
while maintaining goal orientation without additional guiding
direction approaches or policies. To the best of our knowledge,
this is the first framework that controls humanoid robots
using a single learning policy network and LLM as a planner.
Extensive experiments demonstrate that our method exhibits
efficient and adaptive ability in complicated motion tasks.

I. INTRODUCTION

Advances in humanoid robotics require the development
of complex, adaptable, and efficient control policies. These
policies enable humanoid robots to operate effectively in
human-centered environments, thereby aiding in the success-
ful execution of a diverse range of tasks. Despite significant
advancements in the domain of humanoid robotics, a substan-
tial disparity exists between the theoretical potential of these
systems and their practical efficacy in executing complex
tasks. In this paper, we propose a novel framework to
combine the capabilities of Generative Adversarial Imitation
Learning (GAIL) [1] action data imitation with the planning
capabilities of the large language models.

The GAIL framework consists of two main components:
a policy and a discriminator [2] and trains policy to perform
tasks by imitating expert behavior. The policy interacts with
the environment to generate action based on the current state.
The discriminator aims to distinguish between the trajectories
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Fig. 1. Our framework enables robots to combine the skills obtained from
imitation learning with the planning capabilities of LLMs to accomplish
complex tasks. For example, with known obstacles as well as its own
coordinates, the robot accomplishes the task of hitting a target after avoiding
obstacles by scheduling reusable skills.

generated by the expert and those produced by the learning
policy. However, merely imitating unlabeled action data
limits the learned policy to generating specific actions in
particular situations, failing to integrate effectively with high-
level policies such as Adversarial Skill Embeddings (ASE)
[3]. ASE can only accomplish a specific task by training the
high-level policy to match the skills of the low-level network
in the process of training. To address this limitation, we
employ motion data in conjunction with its associated textual
labels to generate latent vectors [4]. These latent vectors are
subsequently integrated into the imitation learning network
as conditions and skills. These enable the policy to produce
contextually appropriate actions when fed with specific skills
as input. Leveraging the planning capabilities of LLMs, our
method enables the execution of a diverse array of tasks
without requiring the development of task-specific high-
level networks. This is achieved through the utilization of
reusable skills, thereby enhancing the system’s adaptability
and efficiency.

By utilizing the LLM as a skills planner, our approach
enables the humanoid to complete tasks autonomously based
on problem descriptions. Even when stringent prompt re-
strictions are applied to LLMs, its output may not always
align with the specified requirements. To guarantee that the
robot receives actionable and concise instructions, we refine
the complexity of the LLM’s outputs by using Contrastive
Language-Image Pre-Training (CLIP) [5] text encoder and
an integrated codebook-based vector quantization. This en-
hances the robustness of the system concerning the random-
ness of LLMs-generated outputs. The codebook consists of
skills generated from the text labels encoded during training.
It is used to correspond similar commands output by the
larger model to specific skills. Additionally, we design a
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general reward consisting of root-oriented and hip-oriented
rewards to ensure that the policy trained by imitation learning
can execute specific actions along the given directions rather
than local coordinates. In this way, we only employ one
single policy network to perform specific tasks, without the
need for complex hierarchical structures.

Our approach focuses on enhancing the integration of
GAIL’s dynamic control abilities with the cognitive capabil-
ities of LLMs. In summary, the planning results are shown
in Figure 1 and our contributions include: (I) To the best
of our knowledge, we propose a framework that employs a
single policy network with LLMs for planning to control
humanoid robots to accomplish tasks for the first time.
(II) By introducing codebook-based vector quantization, our
framework is equipped to handle a variety of similar but
unseen instruction sets, enhancing robustness to LLMs or
human commands. (III) By designing a general reward for
the hip joints, we implemented a single policy to control the
direction of robots and perform most of the motion.

II. RELATED WORK
A. Large Language Model for Robotics

Recently, the rise of large-scale language models like
ChatGPT [6] and Llama2 [7] has opened new doors for
natural language understanding and generation. Thus, there
are various prior works have explored using the large lan-
guage model for task planning [8]-[10] or robot manip-
ulation [11]-[15]. SayCan [16] combines value functions
associated with low-level skills with the large language
models, thereby establishing a bridge between rich linguistic
understanding and real-world physical interactions. Inner
Monologue [8] studies the impact of human feedback on
LLMs, including scenario descriptions and human-computer
interactions. Their findings indicate that detailed examples
and closed-loop feedback can improve the performance of
LLMs. RT-2 [17] employs Internet-scale data to train vision-
language models, enabling their application as end-to-end
robotic control systems. This model is not merely confined to
generating actions based on observations; it also assimilates
a comprehensive understanding of the human world derived
from online sources. DoReMi [18] facilitates real-time error
identification and recovery mechanisms during the execution
of plans generated by LLMs on humanoid robots.

B. Adversarial Imitation Learning

Imitation learning (IL) aims to solve complex tasks where
learning a policy from scratch is rather challenging, by learn-
ing useful skills or behaviors from expert demonstrations
in auto-driving [19], [20] or robotics [21]-[23]. GAIL [1]
first introduces a discriminator network to provide additional
reward signals to the policy. It makes the policy more con-
sistent with the distribution of expert data. Thus, GAIL ad-
dresses some of the limitations of behavior cloning [24] (such
as compounding error caused by covariate shift) by learning
an objective function to measure the similarity between the
policy and the expert data. Adversarial Motion Prior (AMP)
[25] learns to imitate different skills from the reference data

in order to fulfill high-level tasks. But in AMP, a single policy
is typically specialized for a limited set of tasks, because the
performance of the agent is strongly correlated with the re-
ward function designed during training. [26] realizes a single
policy with controllable skill sets from unlabeled datasets
containing diverse motion by using a skill discriminator.
Based on AMP, ASE [3] utilize hierarchical model [27]-[30]
to make low-level policy learn reusable skills form motion
data in latent space. Then it further trains many high-level
policies to solve downstream tasks by invoking a low-level
policy and designing different reward functions. However,
this method still requires many reward functions for specific
missions and falls short in its capacity to handle tasks that
are not encountered during training. [31] and [32] employ
textual labels and motion data to convert the skills learned
through their respective policies into explicit variables. These
variables can then be manipulated by humans through syntax
trees and finite state machines to facilitate task completion.
However, these methods rely on multiple policies and involve
considerable manual labor. Based on the above shortcomings,
we introduce a framework that incorporates large language
models and general directional rewards. This enables the
execution of unseen tasks using a single policy network,
significantly reducing the manual work required.

III. BACKGROUND

In contrast to GAIL, our framework is built upon Con-
ditional Adversarial Latent Models (CALM) [32], using a
conditional discriminator [33] to enable it to match a specific
latent to an action. Both GAIL and CALM are typically
defined in the context of a discrete-time Markov Decision
Process (MDP). MDP is defined as a tuple (S, A, R,p,7),
where S is the state space, A is the action space, R is
the reward function, p represents the probabilities associated
with the transition from the current state to the next state
for each states-action pair, v € [0, 1] is the discount factor
of reward. At each time step ¢, the agent observes the
state s, € S from the environment. The agent executes
the action a; € A which is sampled from policy 7(as|s;).
Then the state of the agent transitions from s; to s;y; by
St+1 ~ p(S¢+1]|8t, ar). And the agent obtains a reward value
at each time step r; = R(s¢, a;). For maximizing the return
reward, the objective is to optimize the parameters of the
policy 0:

T-1
arg max E (s, ,00)~po (s2.02) [Z *ytrtl )]
=0

where T denotes the time horizon of MDP.

In the traditional reinforcement learning [34]-[36], the
reward functions need to be manually designed specifically
for different tasks, but this is difficult for learning motor
skills from expert demonstrations. Imitation learning emerges
as a viable alternative for situations where defining a de-
terministic reward function is impractical, yet the task can
be accomplished by imitating expert demonstrations. GAIL
tackles some limitations of normal imitation learning such as
behavior cloning by introducing a discriminator D(s;, a;) to
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CLIP Text Encoder Fine-tune

\

Fig. 2. Overview of our proposed system. Motion captions with the
same semantics are first clustered together by fine-tuning the CLIP Text
encoder. Subsequently, the output text features are fed into the policy
training by codebook-based vector quantization. Our pre-training system
feeds a reference dataset defining the desired underlying motion and its
corresponding text labels (marked in red in the figure) into the training
discriminator to provide discriminator rewards for policy training. The
discriminator reward is then combined with the task reward for controlling
orientation to train a policy that allows the robot to execute the demonstrated
motion in the specified orientation. These two processes are not trained at
the same time.

measure the similarity between a policy and demonstrations.
Subsequently, reinforcement learning methods are employed
to update 7 in order to optimize the learning objective
which requires the state-action pairs of agents. To extend
the learning objective to datasets that only offer the state
of the agent, we follow [37] to transfer it to the state and
the next state pair instead of the original state-action pair.
We introduce the Jensen-Shannon divergence [38] as the
objective of the discriminator,

arg min — Ega(s, ) [08(D (s, 5141))]
- Ed’*(st,StH) [log(1 — D(s¢,5141))]

where d™ (s;,a;) and d™ (s, a;) denote the state-action pair
distribution of reference motion dataset and policy.

2

IV. APPROACH

As illustrated in Figure 2, the architecture of our proposed
method is designed to execute tasks via a single policy

framework. Our architecture is composed of three primary
components: an adaptive language-based skill motion policy,
a CLIP-based adaptive language discrete encoder, and the
large language model planner.

A. Adaptive Language-based Skill Motion Policy Pre-train

Our motion policy pre-train method consists of three main
parts: a skill encoder, and a discriminator, a reinforcement
learning policy. The skill encoder is used to reduce the
dimension of the text features output by CLIP-based adaptive
language discrete encoder to generate latent vectors. For
generating close and uniform skills of the same kinds of
actions on the latent space, we introduce alignment loss
and uniformity loss to train the skill encoder like [32].
The discriminator is consistent with the description in the
previous section. In our framework, each label of the motion
dataset is encoded as a latent vector z. We input z to the
discriminator and the motion policy as conditions and skills.
The discriminator outputs the degree of similarity between
the state transitions generated by policy and the dataset.

arg l’IlDiH - IEdJ\/1 (s¢y8t+1]) [10g(D(St, St+1 |Z))]

—Eir(sy,s,10) 102(1 = D(s1, 804112))] 3
+ wWopEam(s,,s,.41) [||Va7?(a)||2]

where wgy, is a hyperparameter to adjust gradient penalty
regularizers, & = (st,5¢+1]2), and z stops the gradient
computation in the process to prevent the gradient of the
skill encoder from being passed to the learning of the policy.
Then the reward of the discriminator is formulated as r4 =
log(1 — D(s¢, St+1|2)). During each iteration, a randomly
selected type of motion is input into the discriminator. In
this setup, the agent is rewarded more favorably only if its
executed actions closely align with the selected motion type.

Unlike CALM, our motion policy is trained further by
the combination of two rewards, the discriminator reward
and the task reward. This is because the policy trained
through imitation learning performs motions in their local
coordinates. However, real-world task solutions require the
humanoid robot to move in a specified direction, and even
upper body action (e.g., sword swinging) needs to determine
the orientation. Therefore, the high-level policy is required
to specify directions for the low-level policy in the CALM
framework. This leads to additional network training and
still does not represent the direction of upper body action
direction since its network rewards whole body movement
direction. Thus, we design a general reward that incorporates
the physical mechanism characteristics of humanoid robots.
This is aimed at ensuring that the policy trained through
imitation learning can move or perform specific actions along
specific directions. The general reward consists of three
items, root direction (also called pelvis), left hip direction,
and right hip direction. The reward is formulated as,

Ttask = Wilproot + Ay + wod; - dy + wad, - d; (4)

where wi and w- are the weight of the root direction reward
and hip direction reward. d,,.¢, d;, and d,. are the direction
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Evaluation system overview. The Human definitions are fed into the LLMs as prompts. The LLMs output the sequence of actions and the

target orientation of each action. The text of the action sequence is input to the CLIP Text encoder, and the target orientation is input to the policy as an

observation concatenated with the observation given by the environment.

vectors of the root, left hip, and right hip or humanoid robot.
The total reward is,

Tall = WraskTtask + Wdislog(l — D(sg, s¢4112))  (5)

where wy, i 1S the weight of the task reward, and wy; is the
the weight of discriminator reward. We find the direction
of the root infers the upper body action direction, and the
average of two hips direction infers the movements of the
whole body. Thus, we design the general reward to ensure
that the whole body moves forward (except for movements
to the left or right in the local coordinates) and the upper
body’s action in a specific direction.

B. CLIP-based Adaptive Language Discrete Encoder

To encode natural language commands(also called cap-
tions), our system employs a pre-trained text encoder from
the CLIP model. This encoder transforms the input com-
mands into a 512-dimensional vector space. Leveraging an
extensive dataset comprising action-related text, we fine-tune
this encoder to optimize its performance specifically for our
target application. In the fine-tuning phase, we utilize Mean
Squared Error (MSE) as a loss function to make the encoded
latent vectors obtained from different labels corresponding to
the same motion, closer together in the latent space. The loss
function is formulated as,

1 2
MSELoss = 5] Z(EncT(text) — Encr(label))®  (6)

i=1
where Encr is the text encoder of CLIP, the texts are the
input captions of motion, the labels are the text types of these
captions, and D is the dimension of text features encoded
by the text encoder. For example, if the input caption is
“foot strike ahead rapidly”, the text type should be “kick”.
Subsequently, we introduce vector quantization that allows
the policy to handle unseen natural language commands
and reduce the unnecessary computational resource cost
during training. Vector quantization refers to the mapping
of each vector component to a finite set of values. In the
policy training phase, we employ a codebook-based vector
quantization to discretize text features. Specifically, given a

feature vector f, we use the Euclidean distance as a metric
to find its closest corresponding code vector in the codebook.
This closest vector serves as the quantized representation for
f. And the number of motion kinds we need to embed in
the training process is the size of the codebook. Finally, we
vector quantize f as follows,

k = argmin |[f — e;|
J

fa = Codebook(f) = ey, (7
er = Encr(labely,)

where f = Encr(text), e € REXP K is the size
of the codebook, D is the dimension of the continuous
embedding and e; € RP, i € 1,--- , K. We set embedding
e; to the label feature generated by fine-tuning the CLIP
text encoder. As such, fine-tuning the CLIP text encoder and
vector quantization of the text features allows the agent to
handle captions that are unseen and reduces the memory of
the training process.

C. Large Language Model Motion Planner

In this section, we explore the possibility of extracting
action planning knowledge from pre-trained language models
without further training, simply by using the prompt. We
include descriptions of the robot itself, the task scenario, the
action skills it can perform, and some information about the
output formatting examples and constraints as prompts. The
pipeline of the evaluation system with LLMs is shown in
Figure 3. Furthermore, the most important part of the prompt
is an example of accomplishing a simple task (e.g., moving
in a specified direction). Otherwise, LLMs need to interact
with the user through subsequent interactions in order to
output the action sequences correctly. The output commands
of LLMs consist of two parts, the textual commands and
coordinate orientation. Textual commands are sequences of
reusable action skills that a robot follows to perform an
action to accomplish a specific task. The coordinate orien-
tation indicates the direction of the target when the robot
performs the action. The former is fed into the policy via a
fine-tuned CLIP-based text encoder, while the latter is added
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Fig. 4. Initialization of an obstacle avoidance attack task. The gray
rectangle represents the attack target, the blue markers are the middle path
point of the LLMs plan, the red is the obstacle, and the green line points
to the current target orientation of the robot.

TABLE I

COMPARISON OF THE ABILITIES OF DIFFERENT METHODS

Abilities
Method unseen | single policy | input diverse | no label
task network language request

AMP [25] v v
ASE [3] v
PADL [31] v
CALM [32] v
Ours v v v

to the observation vector to control the robot. In the actual
completion of the task, we take the goal, obstacles, and
global coordinates of the robot as known information. Under
this assumption, actions related to the robot’s movement are
judged to be completed or not in terms of the distance to
the goal position. For actions unrelated to movement, the
time required to execute the motion serves as the determining
factor for action completion.

D. System Architecture Implementation

Our robot is a simplified model consisting of spheres,
boxes, and cylinders. The whole robot is made up of three
joints in the arms, three joints in the legs, a joint in the
waist, and a joint in the neck. All of these joints except the
knee and elbow have three degrees of freedom. The action
space of policy is the target position of each joint. The state
space consists of the height of the root from the ground and
positions and velocities, rotation, and angular velocities of
the other bodies in the robot’s local coordinate.

V. EXPERIMENTS

In this section, we conduct experiments involving hu-
manoid robot tasks. These tasks include controlling the robot
to perform diverse actions through natural language, incor-
porating large language models for navigation, and knocking
down objects. Specifically, we show that our CLIP-based
adaptive language discrete encoder can handle diverse natural
language commands. Additionally, the general reward struc-
ture we introduce proves effective in directing the robot’s
movement along a specified direction, without influencing
the quality of imitation from the motion dataset. We collect
data and train on a single A100 GPU on 4096 Isaac Gym [39]
environments in parallel. And our reinforcement learning
algorithm is Proximal Policy Optimization (PPO) [40].

TABLE I
COMPARISON OF THE ACCURACY OF DIFFERENT CLIP TEXT ENCODERS

Motion class

Method slash run walk turn dodge shield
finetune(our) | 82.45% | 90.21% | 87.93% | 91.93% | 88.13% | 79.43%
w/o finetune | 46.23% | 53.78% | 54.34% | 61.93% | 51.20% | 45.21%

A. Solve Downstream Tasks with LLMs Planner

In the process of imitation learning, we feed the position,
velocity, height of root, rotation relative to the root of each
body, the velocity of the joints, and the position of the key
bodies (right hand, left hand, right foot, left foot, sword,
shield) into discriminator. This input strategy enables the
policy to produce actions that utilize fewer dimensions of
motion data. In order to demonstrate the motion policy uses
reusable skills to accomplish the zero-shot tasks through
the LLMs planner, we design a scenario where the robot
must navigate around obstacles to reach and knock down a
target. As shown in Figure 4, the robot is initially oriented
squarely towards the target and needs to bypass the red
obstacle in the middle and eventually knock down the target
once it reaches the vicinity of the target. The LLMs planner,
prompted by the pre-input position of the obstacle and other
constraints, outputs the robot’s actions and corresponding
goal orientations. The action type output from the LLMs is
fed into the encoder, and the orientation data is incorporated
into the observation vector. As the results are shown in
Figure 5, the complex unseen task can be solved step by
step through our proposed method by combining a single
reinforcement learning policy with the large language model
planner. Table I shows the comparison of our approach
with other methods. In contrast to ASE, our method does
not need to train high-level policies to accomplish specific
tasks. Compared to CALM, for scenarios with randomly
generated obstacle locations and sizes, our approach does
not need to manually design the path points during obstacle
avoidance and can automate more complex tasks without the
requirement of designing finite state machines.

B. Evaluate Adaptive Language Encoder by Unseen Text

In the second experiment, we investigate the ability of
our method to generalize to unseen commands by using pre-
trained language text encoder and codebook-based vector
quantization. Specifically, for each representative motion, we
test our method with rephrased commands, which are unseen
during training. Our test captions consist of three parts:
the verbs (e.g., ”walk™), adverbs describing the direction
(e.g., “forward”), and adverbs describing the features (e.g.,
“carefully”). Then we generate a large number of related syn-
onyms and combine them randomly as our train dataset and
test dataset for fine-tuning the CLIP text encoder. In Table II,
we show the accuracy of generating appropriate actions in
response to unseen commands and also compare the results
with the model without fine-tuning. To illustrate, during the
policy training phase, a familiar text command such as “run
forward” might be used, while an equivalent but previously
unseen command could be “rush ahead rapidly”. In this
experiment, all outputs from the text encoder are fed into
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run forward, [4.6, 1.9]

walk forward, [6, 0]

slash left, [6, 0]

Fig. 5. The movements and their target orientations for each step in completing the obstacle avoidance attack task. The example shows the initial
position of the robot (0,0), obstacle position (3,0), and target position (6,0). The obstacle is a rectangle with a length of 1.2m in the x-axis direction and
a length of 1.8m in the y-axis direction. The blue markers are the waypoints of the LLMs plan, the red is the obstacle, and the green line points to the

current target orientation of the robot.
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Fig. 6. Comparisons of Robot Position and Orientation Error (calculated
by root direction) during running forward and dodging backward.

codebook-based vector quantization. This step is essential as
the policy is designed to manage only those captions that
have been encountered during its training phase. To evaluate
the system’s robustness against novel input, we introduce
unseen synonymous captions as test queries. The accuracy
rate is calculated based on the network’s ability to effectively
map previously unseen commands to captions that were
encountered during the policy training phase. According to
our experiments, our approach can handle unseen commands.
This helps to enhance the robustness of our approach, as the
output of the large language model is stochastic to some
extent, and thus the output of natural language commands
needs to be limited to what is acceptable for the model.
Moreover, this is also important for future applications of
such an approach to direct human use of language control,
where user-input commands are much more uncontrollable.

C. Comparison of General Task Rewards

In this section, we evaluate the efficacy of three distinct
reward structures for controlling the robot’s orientation. The
first reward structure only focuses on the orientation of the
robot’s root, the second emphasizes the orientation of the
robot’s direction of movement, and the third incorporates the
orientation of both the robot’s root and its two hips. We set

the desired direction of the robot along the x-axis. Figure 6
illustrates the average error of the robot’s movement con-
cerning the direction of the target during ’dodge backward”
and “run forward”. Our experiments suggest that rewarding
solely based on root orientation does not offer effective
control over the robot’s forward movement. Utilizing a
reward structure that considers both the robot’s direction
of movement and root orientation results in a conflict that
inhibits the successful execution of the “backward ducking”
action. Furthermore, for upper-body motions that do not
involve overall robot movement, a movement-based reward
causes the robot to persist in moving forward. In contrast, our
general reward scheme allows the robot to maintain its initial
position during upper-body actions. Therefore, we propose a
general reward structure that includes both the root and hip
orientations. This structure effectively maintains the desired
orientation of the robot’s upper body while also facilitating
precise control over its direction of movement.
VI. CONCLUSION AND LIMITATION

In this work, we propose a framework that combines a
single adversarial imitation learning policy and LLMs to
perform complex tasks by scheduling the skills. Moreover,
we design the general reward to ensure that a single control
policy is capable of addressing a majority of requirements.
Finally, our experiments confirm that the framework we
proposed efficiently solves complex tasks and adapts to un-
certain semantic outputs of LLMs by introducing codebook-
based vector quantization. However, the robot models we
used with reference motion data are relatively ideal. Our
future work is to generate more practical data and apply the
framework to real humanoid robots.
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