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Abstract— Traditional navigation algorithms rely heavily on
the fusion of heterogeneous data from different sensor modali-
ties for precise localisation and navigation tasks. However, these
approaches lack generalisation and interaction with human
operators, particularly in navigating unknown environments
and human language-based task specifications. In contrast,
the foundation models trained on internet-scale data proved
higher generalisation capabilities and show an emerging trend
in zero-shot learning for navigation tasks. Furthermore, these
generic models can close the perception-planning loop through
common sense reasoning, applicable to both language-based
tasks and open-vocabulary visual recognition. However, due to
the scarcity of robotics data for these vision-language-action-
based approaches and the lack of clear evaluation protocols for
these models, including safety guarantees, it is hard to evaluate
the real benefits of these models. In this work, we analyse three
different image-based navigation models: VINT, NoMaD, and
GNM. We propose specific metrics to quantitatively evaluate
the visual-action-based navigation methods in indoor, outdoor,
and simulation environments. In each scenario, these methods
are adapted to a different robotic setup than the one provided
in the original papers, providing an opportunity to benchmark
the generalizability of these methods. The test setups and the
associated codebase are available on the project webpage .

I. INTRODUCTION

Standard machine learning and computer vision applica-
tions for autonomous rovers are usually focused on a single
environment with a well-defined task in a specific use case.
Additionally, the perception and planning components are
decoupled, each utilising specific methods and with limited
human-robot interaction capabilities. With the appearance of
transformer-based generalised models, these limitations were
relaxed. Large language models (LLMs) [1], [2] and Visual
Transformers (ViTs) [3], are the most important components
of these generalised models, which are trained on internet-
scale images. The vision language models (VLMs) interpret
both visual and linguistic aspects of the environment. Such
VLMs are suitable for scene understanding, which requires
the adoption of other modules for robotic applications. Vision
language action (VLA) [4] models are more generalised
for applications, which perceive the environment, receive a
command prompt for the task, and then generate an action
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that can be performed by an agent (e.g., a robotic arm or
other vehicle), closing the perception-planning loop. While
VLAs refer to more generalised action models, in most cases,
with the focus on robotic arms, moving robots can fall into
the vision language navigation (VLN) [5] category.

In VLN, the task can be defined by an entire paragraph, as
the navigation task is performed in multiple steps over time;
hence, most VLN models also have a memory or history
module. Both VLA and VLN return the action as a general
command, which must be interpreted for each autonomous
agent individually. Controlling a robotic arm using VLAs
typically means that the VLA itself returns the next goal pose
for the end effector; then, the inverse kinematics must be
calculated for this pose. For navigation, the common action
is a direction (e.g. forwards, left, right, stop), followed by a
numerical value for distance or time. Therefore, the models
themselves are agnostic to the possible joint angles, Cartesian
positions, or motor torques, as they are specific to each use
case.

In this work, we (1) provide an overview of vision-based
navigation models that are available for testing with existing
(or upcoming) open-sourced code and pretrained models,
including VLA and VLN variants. (2) We quantitatively
compare 3 vision-based methods for waypoint following
applications in indoor, outdoor, and simulated environments,
each with its own specific robot setup. The analyzed methods
are: Visual Navigation Transformers (VINT) [6], Navigation
with Goal Masked Diffusion (NoMaD) [7], and General
Navigation Model (GNM) [8]. Finally, (3) we introduce
specific qualitative and quantitative measures for computing
the distance between trajectories and measuring the success
rate for each method. In the indoor environment, the endpoint
accuracy is given by the OptiTrack localisation system, which
gives both the distance and the angle errors of the robot. This
comparison is performed for the chosen methods in three a
priori unknown environments and hardware agnostic setups,
which indicates the generalizability of the analysed methods.

II. VISION-BASED ACTION MODELS

General VLA methods can be used for various tasks,
from robotic arm manipulation to navigation. Yang et al.
[4] study the effect of including heterogeneous embodiments
(i.e., increasingly different domains, such as manipulation
and navigation) in a single model. Similarly, Crossformer [9]
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offers multiple possible tasks, such as robotic arm manip-
ulation, bi-manual manipulation, ground robot navigation,
and unmanned aerial vehicle navigation, all using the same
model. Each action type is associated with a set of tokens,
and the corresponding output embeddings are then passed to
the specific heads. m() [10] and 7 5 [11] are more general
VLA methods, which can simultaneously navigate a robot in
an indoor environment, while also perform bi-manual tasks.

For VLNSs, one of the most foundational works is the
Vision-and-Language Navigation in Continuous Environ-
ments (VLN-CE) [12], which is a task set of continuous envi-
ronments for vision language navigation methods. Domain-
specific methods are encouraged to compete in the VLN-CE
Challenge based on these datasets and task sets. From this
challenge, multiple VLN methods emerged, two of which are
NavGPT [13] and NavGPT-2 [14]. These methods interact
with the environment, language guidance, and navigation
history to estimate a navigation action. The LLM part is
based on GPT-4 [15] and BLIP-2 [1]. Another significant
VLN model is the NaVid [16] method, which is entirely
based on RGB images, without any prior maps, odometry,
or depth data.

Anderson et al. [17] experiment with Sim2Real capabil-
ities of implementing a VLN trained, then using a Robot
Operating System (ROS)-based navigation stack [18] and
Simultaneous Localization and Mapping (SLAM) [19]. Xu et
al. [20] experiments with similar Sim2Real goals; however,
they focus more on a narrow-angle RGB image and an online
mapper. [21] is another method focusing on Sim2Real, but it
only uses a narrow-angle monocular camera on the real robot,
whereas the model was trained using a panoramic view of
the simulation.

Visual Navigation Transformer (VINT) [6] is a founda-
tion model for navigation, based on attention transformer
architecture [22]. This method presents an RGB image-
based waypoint follower. The current observation and the
goal observation are processed separately from the previous
5 observations on separate branches. The visual observa-
tions are encoded using EfficientNet-BO [23] to generate
input tokens. These tokens are decoded with Self-Attention
Transformers [22]. The resulting normalized actions are
used to send navigation commands to any robot. In unseen
environments, an image-to-image diffusion policy is used

The robot setups in the three environments (2 indoor, 1 outdoor, and 1 simulation), and what the camera sees (top-right corner).

[24]. Similar methods are Navigation with Goal Masked
Diffusion (NoMaD) [7] and GNM [8]. While the architecture
of the NoMaD is similar to the architecture of VINT, GNM,
on the other hand, is a simple MobileNetv2-based encoder
network [25], trained on a multirobot dataset to achieve better
generalizability over multiple robots.

III. METHOD

A. Setup

Until now, we have presented a theoretical overview of
different visual navigation methods for various types of
robots. In the following part, we aim to present practical
examples of these methods. This paper presents the first
category of experiments, which is waypoint navigation based
on real-time camera images. Therefore, the methods chosen
for showcase and evaluation are: VINT [6], NoMaD [7],
and GNM [8]. As stated previously, these methods offer the
possibility of performing image-based waypoint navigation
and wandering. The original work presents a real-world setup
with a LoCoBot robot and a Jetson Orin Nano computer. The
robot is equipped with a Kobuki base and an Intel D435 cam-
era. All of this operation is based on the Robotic Operating
System (ROS) [18], which connects all the different parts in
a single, easily manageable environment.

In order to evaluate the hardware-agnostic capabilities of
the methods, we experimented with 4 different setups, with
different robot bases. We apply 2 indoor bases (Pioneer3-AT
and AD-RIM), one outdoor base (Husarion Panther), and
one simulated base in Isaac Sim (Clearpath Robotics Jackal).
In all scenarios, the image processing is done using a Jetson
Xavier AGX computer. Apart from adapting the input-output
interfaces to our equipment, the source code is unmodified
for the real-world scenarios, especially the image processing
nodes, which provide a limited set of tunable parameters
to optimize, meaning that our tests were as out-of-the-box
as possible. In the simulator, for an optimal experiment,
we needed to slightly modify the control algorithm, which
converts the waypoint coordinates into commands. Addi-
tionally, the Husarion Panther and Isaac Sim require ROS2
commands; hence, a ROS1-Bridge was used there. The AGX
module was set up with a power limit of 30 W (maximum
setting) supplied using an external power bank.
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Fig. 2. The displacement errors of the 3 methods (GNM [8], NoMaD (7], VINT [6]). Left: indoor with Pioneer 3-AT, Center: indoor with AD-RIM,

Right: outdoor with Husarion Panther.

B. Metrics

In [6], the authors present two different real-world ap-
plications. Since the accuracy of an exploration task is
less measurable, we are experimenting with the image-
based waypoint following task using our setup in indoor
(laboratory), outdoor (park), and simulated (Isaac Sim ware-
house) environments to verify the capabilities, particularly
the generalizability, of the out-of-the-box models presented
in [6]-[8].

In each test, the first step was to manually drive the robots
along a path while images were captured. Then, these images
were converted into topological maps for the methods. Then
we performed the waypoint following 10 times for each of
the 3 models. To ensure comparability between changing
conditions, the methods were run in an alternating order.

The length of the indoor path was approximately 7m
(see Figure 3). Along this path, we marked three significant
points: two in the middle and one at the end. In each run,
we measured the closest distance of the robot from the two
middle points using a measuring tape (d1,2). The endpoint
can give us a more precise measurement because, in our
laboratory, we have an OptiTrack localisation system, which
can provide us with the location and orientation of the robot
to a millimetre-scale precision (Sepq).

In the outdoor tests, the path length was approximately
30m, along which a total of 5 significant points were marked.
Due to the lack of the OptiTrack system and precise GPS,
we only used a tape to measure the distance of the robot
from the waypoints (01 ,2,3.4,5), and the robot’s odometry for
the distance travelled (A) and the duration.

In the Isaac Sim simulator, we used a predefined ware-
house asset, where the length of the reference trajectory was
73m. Given the precise odometry in each run, we could
calculate the exact trajectories. In this case, the metric can
be defined by the Euclidean distance between the trajectories
[26], without defining significant points.

We also measured the Success Rate (SR) and Conditional
Success Rate (CSR) [27]. In our case, SR represents how
often the robots managed to get to the end without manual
intervention (Eq. 1), while CSR refers to the distance to each
waypoint being less than a threshold (0.5 m for indoor, and
1m for outdoor (Eq. 2), these values refer to the approximate

width of the respective robots, while CSR not applicable
for the simulator due to the lack of waypoints). Manual
intervention means that if the robot operator observes that
the robot is about to hit an object, they grab (or control) the
robot and rotate it in the direction of the next waypoint.
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where N is the number of experiments for the given method,
s describes if the given experiment was successful, M is
the number of waypoints in each experiment, while ¢ is the
measured distances from the reference waypoints. The T'h is
the threshold value (0.5m and 1m, for indoor and outdoor
respectively).

IV. RESULTS
A. Indoor

Starting with the results of the indoor tests: the measured
displacement and orientation errors of the runs can be found
in Figure 2. In these figures, we present the distance of the
robot from the 3 waypoints, and also the yaw angle difference
at the last waypoint (the pitch and roll value differences are
not significant, and are not relevant since they are mostly
caused by the uneven surface).

Numerical data can be found in Table I for the Pioneer
3-AT platform, while Table II shows numerical data for the
AD-RIM platform. In Figure 3, the distribution of finish
points is also presented. For Pioneer 3-AT, looking at the
average values, for the two intermediary points, the VINT
model outperforms the other two, while at the last waypoint,
it is slightly behind GNM in both distance and rotation.
Other than a few outliers, NoMaD performs the worst in
image-based waypoint navigation tasks, both in robustness
and accuracy. These values show that while the Pioneer 3-AT
robot performed the best with VINT and GNM, the AD-R1M
platform prefers GNM and NoMaD.

With the Pioneer 3-AT robot base, the SR shows the
number of runs without interventions: GNM-80 %, NoMaD-
30 %, VINT-100%. CSR shows the number of waypoints,
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Left: schematic of the ground truth path for the image-based waypoint following task. The total path is about 7m long, and ends in an area

where we can measure the robot using an OptiTrack localization system. (The checkerboard pattern represents an occupied zone as well as the walls of
the drawing.) Right: the distribution of results of the endpoints for the analysed methods (measurements in m), first, for the Pioneer 3-AT, then for the

AD-R1m robot.

TABLE I
NUMERICAL COMPARISONS OF THE INDOOR (WITH PIONEER 3 -AT)
EXPERIMENTS FOR THE 3 MODELS: GNM [8], NoMaD (7], VINT [6]. §
VALUES ARE IN cm, WHILE THE tyqw VALUES ARE IN DEGREES.

TABLE II
NUMERICAL COMPARISONS OF THE INDOOR EXPERIMENTS FOR THE 3
MODELS WITH THE AD-R1M ROBOT BASE: GNM [8], NoMaD [7],
ViNT [6]. § VALUES ARE IN cm, WHILE THE tyqw VALUES ARE IN ©.

Minimum 01 P Oend  Qyaw
GNM 0.0 0.0 5.3 0.7
NoMaD 0.0 2.0 29.0 3.5
VINT 0.0 0.0 19.5 2.1
Average o1 09 Oend  Qyaw
GNM 26.9 6.5 39.1 7.6
NoMaD 232 166 647 20.9
VINT 177 6.0 40.3 11.2
Median 51 52 5end Qyaw
GNM 21.0 6.0 36.5 5.6
NoMaD 225 156 644 20.0
VINT 180 5.0 38.9 11.3
StDev 01 02 dend Qyaw
GNM 206 4.1 26.9 5.7
NoMaD 16.6 11.9 159 11.7
VINT 119 56 11.7 6.5
Maximum o1 09 Oend  Qyaw
GNM 640 12.0 88.6 15.7
NoMaD 550 36.1 829 384
VINT 36.0 15.0 55.8 21.4

Minimum o1 o2 Oend  Qyaw
GNM 5 0 15.3 1
NoMaD 8 0 304 6
VINT 0 9 6.6 1
Average 01 02 Oend  Qyaw
GNM 432 21.6 59.7 10.6
NoMaD 376 324 794 19
VINT 54.9 43 68.5 18.4
Median 01 02 5end Qyaw
GNM 40 19 534 8
NoMaD 37.5 11 77.4 17.5
VINT 61.5 335  66.1 12.5
StDev 01 02 Oend Qyaw
GNM 26.4 20 38.8 9.2
NoMaD 18.3 37 39.7 10.2
VINT 34 28.7  43.1 16.4
Maximum 01 02 Oend  Qyaw
GNM 84 51 125.3 31
NoMaD 70 100 144.6 36
ViNT 104 98 138.7 45

which were closer to the robot than 0.5 meter: GNM-83 %,
NoMaD-67 %, VINT-93 %.

With the AD-R1M robot base, the SR shows the number of
runs without interventions: GNM-30 %, NoMaD-%, ViNT-
40 %. CSR shows the number of waypoints, which were
closer to the robot than 0.5 meter: GNM-67 %, NoMaD-
60 %, VINT-50 %.

B. Outdoor

Outdoor, the SR shows the number of experiments without
interventions: GNM-90 %, NoMaD-0%, VINT-70%. CSR
shows the number of waypoints, which were closer to the
robot than 1 meter: GNM-78 %, NoMaD-76 %, VINT-92 %.
Table III shows a more in-depth comparison of the numbers.
To sum up the table, VINT and GNM were close in terms
of distance travelled, although both of them tended to stop
before reaching the endpoint, hence the shorter A than in
the case of the reference. While GNM once stopped before
reaching the third waypoint (which is a significant outlier), it

tended to give more powerful commands, hence its average
duration time is the smallest (although this also indicates
higher power consumption). NoMaD performed the worse
in all metrics. In Figure 2, we capped the maximum values
to 2m, which refers to cases of extreme distances (GNM
once stopped even before the third waypoint, while NoMaD
did not always stop at the endpoint).

C. Simulation

In this section, we present the results of the simulation
runs. The SR shows the number of experiments without
interventions: GNM-0%, NoMaD-0%, ViNT-100%. The
average Euclidean trajectory distances are: GNM-2.44m,
NoMaD-2.03m, ViINT-0.82m. The trajectories, compared
to the reference, can be seen in Figure 4, while an in-
depth numerical analysis can be seen in Table IV. From
the experiments, we conclude that while GNM performs
comparably to VINT in real-world scenarios, GNM drops
behind NoMaD in the simulated environment, where VINT



Fig. 4. The trajectories compared to the reference trajectory in simulation for several runs (black). Left: GNM (red), Center: NoMaD (blue), Right: VINT

(green).

TABLE III
NUMERICAL COMPARISONS OF THE OUTDOOR EXPERIMENTS FOR THE 3
MODELS: GNM (8], NoMaD [7], ViNT [6]. § AND A VALUES ARE IN m,
WHILE THE TIME IS MEASURED IN SECONDS. THE REFERENCE
DISTANCE IS 29.5m AND 106 s. THE VALUES MARKED WITH * ARE
MEASURED WHEN THE METHOD DID NOT COMPLETE THE PATH, WHILE
THE OPTIMAL § IS THE ONE CLOSEST TO THE REFERENCE DISTANCE;
OTHERWISE, THE MINIMAL VALUES ARE PREFERRED.

TABLE IV
NUMERICAL COMPARISONS OF THE SIMULATED EXPERIMENTS FOR THE
3 MODELS: GNM [8], NoMaD (7], VINT [6]. THE REFERENCE LENGTH
OF THE TRAJECTORY IS 73.34 m, WHILE THE DURATION IS 99s. THE
VALUES MARKED WITH * ARE MEASURED WHEN THE METHOD DID NOT
COMPLETE THE PATH.

Minimum 51 52 53 54 55 A Time
GNM 0 0 0 0 0 13.1* 190*
NoMaD 0.1 0.18 0.10 0 0.33 29.7 735
VINT 0 0 0.18 0 0.4 28.2 569
Average 01 0o 03 04 05 A Time
GNM 0.72 031 0.63 1.17 2.51 27.21 387
NoMaD 044 094 048 0.26 1.47 34.75 828
VINT 032 042 0.3 0.09 0.85 | 28.91 585
Median 01 0o 03 04 o5 A Time
GNM 0.8 0.25 0.13 0.2 1.37 28.3 401
NoMaD 024 1.02 041 0.11 0.58 33.35 808
VINT 019 039 029 0.1 0.86 28.8 586
StDev o1 09 03 04 o5 A Time
GNM 036 029 154 3.1 4.44 5.1 70
NoMaD 0.37 048 029 035 1.87 4.6 76
ViINT 033 026 0.08 0.06 0.26 0.6 13.1
Maximum o 1 62 53 54 55 A Time
GNM 1.1 0.98 5% 10%* 15% 30.3 429
NoMaD 1.19 1.8 1.2 1.14 5% 43.8% 960*
ViINT 1.01 092 049 0.17 1.23 30 608

Minimum | A [m] Time [sec]
GNM 78.04 125
NoMaD 78.95 143
VINT 74.06 122
Average A [m] Time [sec]
GNM 86.57 163
NoMaD 83.65 153
VINT 74.22 125
Median A [m]  Time [sec]
GNM 87.5 165
NoMaD 82.62 153
VINT 74.22 125
StDev A [m] Time [sec]
GNM 5.98 25
NoMaD 2.87 6
ViNT 0.1 2
Maximum | A [m] Time [sec]
GNM 98.91 201%*
NoMaD 87.1* 162
VINT 74.42 127
TABLE V

THE PERFORMANCE OF THE MODELS, INCLUDING THE AVERAGE USED

MEMORY, THE RUNTIME, AND THE POWER CONSUMPTION.

is precise and accurate. This result indicates that while VINT
works well in various environments, NoMaD is generally
underperforming at the same level, regardless of the environ-
ment, and GNM shines in domain transfer between two real
scenarios, but struggles when the domain shift is between
real and simulated environments.

D. Performance

The performance of the models is independent of the
robotic platform, since all tests used the Jetson Xavier AGX
with the same camera. We measure the memory utilization,
power consumption, and the inference time for each method
executing them on the Jetson Xavier AGX. The values can
be seen in Table V. The Jetson Xavier AGX was set to the
maximum power mode available (MAXN - 35W), from an
external battery over USB-C PD, while an internal software

‘ Memory [GB] Inference [sec]  Power [W]
GNM 0.63 0.28 114
NoMaD 1.29 1.16 12.7
ViNT 0.95 0.65 12.1

was monitoring the power consumption (the baseline power
consumption on the whole device is 5.4 W). From every
metric, GNM is the most efficient method, while NoMaD
is not only the worst in quality but also in efficiency. VINT
is between them.

V. CONCLUSION

Recent trends show the applicability and availability of
Vision Language Action and Vision Language Navigation
models. In this work, we presented a few of these meth-
ods while conducting a quantitative comparison of three



methods, focusing on image-based waypoint following. Our
tests revealed a significant difference between models, in-
dicating that pre-trained models are not as generalizable as
their counterparts. In our tests, VINT performs well, while
NoMaD is significantly more prone to errors in each testing
environment. On the other hand, GNM performs well in real-
world environments, while the results from the simulated
environments are the worst. Even on a relatively short path,
the distance error can be more than 10% of the length of
the traversed trajectory. This refers to the variability of the
capability to generalize the learned environment and apply
it to new ones.

Overall, the applicability of such models is increasing, but
there is still a place for improvement, as the tested models
can cause collisions. In the future, these waypoint follower
methods should be compared to VLN methods.
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