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Abstract—This paper employs a massively parallel deep re-
inforcement learning approach to model human behavior in a
quadruped robot system designed to function as a guide dog for
visually impaired individuals. The supervisory network operates
alongside a control scheme that ensures the safe interaction
between the human user and the robot. It distinguishes be-
tween several simplified human behaviors, including stopping,
turning, spinning, and walking straight. The trained network
builds upon a low-level control network that effectively manages
the quadruped’s locomotion across challenging terrains. The
effectiveness of the proposed approach is validated in a physics-
engine-based simulation environment.

I. INTRODUCTION

The ability to walk and navigate one’s environment is
crucial for personal autonomy and quality of life. For blind and
visually impaired people (BVIP), this ability is significantly
hindered, creating substantial challenges in daily life and social
integration. Guide dogs play a critical role in mitigating these
challenges, as they are specially trained to assist BVIP by
guiding them around obstacles, stopping at curbs and stairs,
and ensuring safe navigation through various environments.
Robotic solutions can also help in assisting walking-impaired
individuals [1]. Examples include exoskeletons [2], [3], robot
wheelchairs [4], [5], robotic guide canes [6], [7], robotic
shopping trolleys [8], [9], and tethered robots [10]-[12].

This paper seeks to build upon the concept of using a
quadruped robot in the role of a guide dog. The authors do not
intend to replace guide dogs, which offer emotional support
and companionship to BVIP, but rather to provide a robotic al-
ternative when the challenges of selecting, training, and caring
for a guide dog become prohibitive [13]. Additionally, robotic
systems offer intrinsic benefits, such as easy customization
and the potential to integrate with the user’s biological data,
enabling emergency calls if necessary. For a comparison of
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Fig. 1. The quadruped robot plays the role of a guide dog for BVIP.

usability and efficiency between robot guide dogs and other
assistive devices for BVIP, see [14].

This paper presents a preliminary study aimed at generaliz-
ing the interpretation of BVIP behaviors using deep learning.
Instead of using real human data, we utilize a simplified set
of behaviors to validate the approach. The quadruped robot is
first trained to navigate robustly over challenging terrain, as
demonstrated in [15]. Subsequently, a separate neural network
is trained to interpret human intentions and relay velocity
commands to the pre-trained locomotion controller, effectively
generalizing the supervisory system. In this work, we omit
the consideration of human-robot safe interaction, which has
already been achieved through an admittance filter in [12],
and focus instead on generating velocity commands based
on human behaviors. We employ a rigid harness model, as
recommended in [16], represented as a rigid bar connecting the
robot and the human hand, modeled as a mass at the opposite
end of the bar (see Fig. 1). Interaction forces are assumed
to be measurable either through sensors or by employing the
observer method outlined in [12]. By randomizing the mass
of the quadruped robots and leveraging massively parallel



deep reinforcement learning (PDRL), the system is able to
train a network capable of distinguishing between different
commands, such as continuing to walk, stopping, turning,
and spinning in place. The validity of this approach is tested
within a physics-engine-based simulation environment, such
as NVIDIA’s Isaac Lab [17].

II. STATE OF THE ART AND CONTRIBUTIONS

The study of devices to aid BVIP dates back to the
1980s [18], [19], with numerous applications developed since
then [6], [8], [9], [20]. Initial prototypes for tethered guide
robots emerged in the early 2000s [7], [21]. Various robots
were designed to assist BVIP [11], [21]-[23] or serve as
assistants [24]-[27]. This work focuses on guide robot dogs,
similar to the one described in [10], where the authors de-
ployed a hybrid motion controller for human-robot interaction
on a Mini Cheetah quadruped robot. A comprehensive control
system for a quadruped robot was introduced in [12], where
the commanded force is computed using a momentum-based
estimator. Human-robot interaction is regulated at the force
level through an admittance filter and at the planning level via
a deterministic supervisor, which selects the appropriate action
based on force input. The lower-level control is executed using
a whole-body controller to manage the robot’s movements.

In [13], the groundwork for a guide dog-like system is es-
tablished by implementing a semantic-aware navigation frame-
work. This system takes into account the human’s presence,
adjusting for factors critical to BVIP, like movement speed
and directional control.

In [28], the control strategy emphasizes user comfort by
modeling the leash as an elastic connection and developing a
human force-motion model for a tethered environment. The
robot’s motion planner is driven by a human motion planner,
which prioritizes user comfort by accounting for factors like
the distance between the robot and the user, the exchanged
forces, and minimizing frequent transitions between slack and
taut leash conditions.

The concept of force-based interaction with a guide robot
has been explored in [29], where pulling on the leash signals
the robot’s planning algorithm to initiate turns. Additionally,
in [14], tugging is employed to modify the robot’s speed, mim-
icking established human-guide dog communication protocols
instead of using a joystick. Based on the paper’s description in
the previous section and the current state of the art, two key
contributions can be identified: (i) generalise the supervisor
devised in [12] via a PDRL approach, and (iz) use a trained
network for understanding human behaviour over an already
trained network for quadruped locomotion on rough terrains.
This modular approach allows the possibility to change the
supervisor policy without jeopardising the low-level quadruped
controller, and vice versa.

III. METHODOLOGY

The objective of this work is to train a neural network using
PDRL, specifically employing Proximal Policy Optimization
(PPO) [30], to interpret commands from a visually impaired

user directed at a robotic guide dog via a harness. These
commands, conveyed through pulling on the harness, signal
the need for the robot to stop or rotate. The forces transmitted
through the harness are translated into velocity commands
for a low-level neural network responsible for managing the
quadruped’s locomotion, ensuring robustness against varia-
tions in physical parameters and terrain conditions. A spherical
element is integrated at the gripping point in the human’s hand,
simulating the application of forces and the corresponding
human actions.

The architecture of the robot controller is divided into
two hierarchically related parts, as can be seen in Fig. 2.
Both neural networks are designed as fully connected neural
networks in Torch [31] and are subsequently trained via PDRL,
leveraging the parallelisation capabilities of the PPO algorithm
to reduce training time by simulating several environments
in parallel'. This approach also facilitates easier and faster
domain randomisation, as each environment can have different
physical and dynamic parameters.

The low-level controller is designed to track velocity com-
mands in the horizontal plane (zy plane) of the robot’s body
frame, as well as the angular velocity around the vertical axis
(z axis). In the training environment, the network receives
several inputs: joint positions and velocities; the floating base’s
linear and angular velocities; the commanded velocity (a three-
dimensional vector comprising the aforementioned velocity
commands); the previous actions generated by the network;
the projected gravity vector; and a point cloud representing
the height scan of a rectangular patch of terrain beneath the
robot, totaling 235 elements. The network outputs position
commands for the robot’s 12 rotational joints. This fully
connected neural network architecture consists of three hidden
layers, containing 512, 256 and 128 neurons, respectively.

Training was conducted with 4096 parallel environments
(see Fig. 3), each with randomized values for mass and friction
that remained constant throughout the simulation, while the
initial body and joint positions were randomized at the start of
every new episode. Random external disturbances were regu-
larly applied to the body, with force disturbances chosen within
the interval (—100,100) N to ensure robustness against strong
human pulls. Terrain training followed a specified curriculum,
enabling the controller to learn to traverse various challenging
terrains with differing types and levels of difficulty, such as
varying slope inclinations.

After training the first network, a second training environ-
ment was developed to train the supervisor network. This
network is tasked with interpreting force commands applied to
the robot through the harness and converting them into velocity
commands for the low-level controller, thereby complying
with the human’s instructions. The pre-trained network is
converted from Torch format to Open Neural Network Ex-
change (ONNX) format using the onnx2torch library [32]. The
supervisor network receives the same inputs as the low-level

Notice that the batch size does not vary, as it is the product between the
number of environments in parallel and the number of simulation steps needed
from every environment (see [15] for further details).
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Fig. 2. Proposed controller architecture.

Fig. 3.
terrains.

4096 robots learning to walk in parallel environments on rough

controller, with the only difference being that the dimension
of the previous action is now based on commanded velocities,
while the command interpretation focuses on the force inputs.
Similar to the low-level controller, the supervisor network
features three hidden layers, each with 128 neurons.

IV. SUPERVISOR POLICY

This section introduces the implemented supervisor policies
to train the neural network (e.g., rewards and penalties descrip-
tion) to understand the proposed simplified human behaviour.

The supervisor policy is meant to analyse the pulling force
exerted by the human, decomposing it into the x (heading) and
y (lateral) directions. The z component, although simulated
and generated, is not considered relevant for the supervisor
in this context. Two thresholds, o, = 40 N and o, = 20 N,
were assigned to both x and y components, respectively; o,
was chosen accordingly to [13], while o, was heuristically
chosen as o, /2. Exceeding the thresholds dictates the desired
behaviour of the supervisor as follows.

o Low force on both axes: the dog should keep walking

straight at a given velocity.

« High force on the x axis and low on the y axis: the dog
should stop.

o Low force on the z axis and high on the y axis: the dog
should keep moving forward while curving towards the
direction of the force.

« High force on both axes: the dog should stop and then
rotate in place in the direction of the applied force.

TABLE I
REWARD FUNCTIONS
Task Reward Function Weights
o exp(—10((vE — v )+
Behavioural +(”Z Zwy)? (W —w2)?) 1
Action Rate (y(k) — y(k —1))2 —10—%

“The target velociti es change based on the force input values.
See Table II for more details.

TABLE 11
BEHAVIOURAL REWARDS

Task Target Velocity Condition

Walk vy = 0.8m/s, vy = 0,w} =0 fo > —0z, |fyl <oy
Stop vy =0,vy =0,w; =0 fo < —0z,|fyl <oy
Turn | vy = 0.8m/s,vy = 0,w} =0.02fy | fz > —0a,|fyl > oy
Spin vy = 0,vy =0,w] =0.02fy fo < —0z,|fyl > oy

To enable the network to learn the aforementioned policy,
a structured set of rewards and a penalty were devised for
training the second network outlined in Section III, while the
forces exerted were in the ranges (—80, 0) N and (—40,40) N,
respectively. It is crucial to highlight that the threshold for
interpreting user commands was known solely to the reward
function and not to the network itself. In total, one penalty
aimed at reducing the action rate and four distinct rewards
to foster the learning of the desired policy were defined.
Notably, these rewards are variations of a single function, each
adapted to the specific intended command. The details of these
rewards and their corresponding parameters are summarized
in Table I and Table II. In these tables, v, vy,w, represent
respectively the linear velocities along the z and y axes
and the angular velocity around the =z axis of the robot,
respectively. The asterisk is used to mark a desired quantity,
while y(k) represents the network output at the k-th iteration.
For simplicity, the variable notation omits the index associated
with the specific environment number.
Designed rewards and penalties follow.

o Stopping reward: when the associated condition is met,
the robot should stop and stand still.

o Walking reward: when the associated condition is met,
the robot should keep moving forward.



o Turning reward: when the associated condition is met,
the robot should align itself with the harness’s desired
direction, while still moving forward, which coincides
with a turning motion. The velocity is proportional to
the exerted lateral force f,.

o Spinning reward: when the associated condition is met,
the robot should stand in place and spin on itself. Again,
the angular velocity is proportional to f,.

o Action rate penalty: the network output’s derivative is
penalised to avoid fast varying commands.

V. VALIDATION
A. Hardware and set-up descriptions

The dynamic simulations and the networks’ training were
done on a workstation equipped with an Intel i9-13900KS
processor, 128 Gb of DDR5-5600 RAM, and an NVidia RTX
A6000 GPU with 48 Gb of VRAM. All the code was run on
the Ubuntu release 22.04 LTS, according to the instructions
from [17] to run NVidia’s Isaac Lab. This choice was made
mainly for two reasons: (i) the Isaac Lab suite provides a
direct interface for creating reinforcement learning environ-
ments and training agents, which reduces the implementation
overhead of neural network interfaces, and (i¢) Isaac Lab
leverages the capabilities of NVidia GPUs to perform end-
to-end training on graphical computational resources. This
setup allows for the simulation and data collection from
hundreds or thousands of robots in parallel, enabling the use
of massive PDRL. ANYmal D from ANYbotics has been used
in simulation, given its similarities in dimensions to a medium
build guide dog. The robot’s URDF file has been taken from
the official GitHub repository?, and the needed modifications
have been made. Specifically, the inspection payload has been
removed as it is not needed in a robotic guide robot, while a
leash-like element has been added to the back of the robot as
described in Section III.

B. Case studies description

The trained supervisor policy was evaluated under various
force inputs to assess its performance and robustness. Ini-
tially, it was validated using force values that the policy had
encountered during training to confirm that it exhibited the
desired behavior. Subsequently, tests were conducted using the
exact threshold values to examine its performance in limit
conditions. Finally, the policy was challenged with inputs
outside the training range, simulating scenarios where the hu-
man exerted greater forces or pulled in unexpected directions,
resulting in a push. A video accompanying this paper shows
the representative case studies?.

C. Discussion of the results

The results of the supervisor training have been evaluated
both via the behavioural reward and by validating in simulation
the network’s performance. As can be seen in Fig. 4, the total

Zhttps://github.com/ANYbotics/anymal_d_simple_description
3https://youtu.be/P2DnmOWtcsk
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Fig. 4. The averaged sum of the behavioural rewards. In blue, raw data is
shown, while in orange the data smoothed via a 50-sample wide moving
average.

reward tends to 1, which is its theoretical maximum value,
reaching on average 0.61 after 3000 iterations: this means that
the desired velocity is not being exactly tracked, but gives
us little explicit information about the behaviours. By further
looking at the single rewards, it is possible to notice that the
Stop average reward (AR) surpasses 0.22, where 0.25 would
be optimal, the Spin AR surpasses 0.16, while the Walk AR
settles around 0.13 and the Turn AR barely reaches 0.08.

Moving on to simulation validation, a success rate has been
evaluated for every scenario by checking if the correct be-
haviour is achieved. We tested 17 different force combinations
numerous times, and the results can be seen in Fig. 5. We
can see that the Spin has a 100% success rate, while the Turn
shows issues when subjected to inputs not previously explored:
when subject to 0/50 N, the robot starts to rotate around
a point, but the movement is sideways and not forwards,
deeming it as a failure, while when subjected to 20/50 N it
starts turning, but the high and unexpected force values make
it fall. The Walk behaviour also has a high success rate, but
sometimes a slight sidestep is present, often negligible; in the
case of the push, however, all robots start turning to the left,
which is a failure. Finally, the Stop behaviour often causes the
robot to assume a relevant yaw position, in which case it is
deemed as a failure. This could be solved by adding a penalty
on the yaw value, as its slow spinning motion justifies the high
value for the adopted reward.

In conclusion, we can see that in normal circumstances,
as well as in some never seen before case, the behaviour is
correctly interpreted, with some extreme case which are not
managed correctly by the supervisor.

VI. CONCLUSIONS AND FUTURE WORK

This paper presented a framework for a robotic guide dog,
featuring an architecture that uses a massively PDRL neural
network to maintain balance on irregular terrains. Building
upon this trained controller, a supervisory network was de-
veloped to differentiate between various human behaviors,
including stopping, turning, and continuing to walk. The va-
lidity of this approach was demonstrated through simulations
conducted in Isaac Lab. In the future, the policy will be
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improved by considering BVIP’s feedback, and the framework

will
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be validated in real-life scenarios.
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