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Fig. 1: Real-world deployments of UrbanVLA demonstrate zero-shot generalization across diverse environments featuring unseen layouts,
dynamic obstacles, and varying illumination, and highlight its ability to perform long-horizon urban micromobility tasks spanning over
500 meters.

Abstract— Urban micromobility applications, such as de-
livery robots, demand reliable navigation across large-scale
urban environments while following long-horizon route in-
structions. This task is particularly challenging due to the
dynamic and unstructured nature of real-world city areas,
yet most existing navigation methods remain tailored to short-
scale and controllable scenarios. Effective urban micromobility
requires two complementary levels of navigation skills: low-level
capabilities such as point-goal reaching and obstacle avoidance,
and high-level capabilities, such as route—visual alignment. To
this end, we propose UrbanVLA, a route-conditioned Vision-
Language-Action (VLA) framework designed for scalable urban
navigation. OQur method explicitly aligns noisy route waypoints
with visual observations during execution, and subsequently
plans trajectories to drive the robot. To enable UrbanVLA
to master both levels of navigation, we employ a two-stage
training pipeline. The process begins with Supervised Fine-
Tuning (SFT) using simulated environments and trajectories
parsed from web videos. This is followed by Reinforcement
Fine-Tuning (RFT) on a mixture of simulation and real-world
data, which enhances the model’s safety and adaptability in
real-world settings. Experiments demonstrate that UrbanVLA
surpasses strong baselines by more than 55% in the SocialNav
task in MetaUrban. Furthermore, UrbanVLA achieves reliable
real-world navigation, showcasing both scalability to large-
scale urban environments and robustness against real-world
uncertainties.

I. INTRODUCTION

Urban micromobility [1], [2], encompassing lightweight
embodied platforms such as delivery robots, assistive
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wheelchairs, and guide robots, is emerging as one of the most
promising applications of embodied intelligence. To achieve
deployment at scale, these systems must operate in dynamic
and uncertain environments that, unlike the structured road
networks of autonomous driving, unfold in unstructured
pedestrian spaces, making reliable and scalable navigation
a fundamental challenge.

Urban micromobility is achieved predominantly through
visual navigation, serving as the primary paradigm for au-
tonomous operation. Traditional Simultaneous Localization
and Mapping (SLAM)-based pipelines [3]-[6] provide reli-
able navigation in constrained settings but depend heavily
on detailed maps such as occupancy grids or HD maps. This
reliance severely limits scalability in large and dynamic ur-
ban environments, where maintaining accurate maps is costly
and often infeasible. To address these limitations, learning-
based approaches [7]-[13] formulate urban micromobility as
a point-goal navigation task, with foundation model methods
such as CityWalker [7] leveraging waypoints from consumer
navigation tools (e.g., Google Maps) to provide high-level
guidance. However, navigation tools preserve only coarse
route-level topological continuity while neglecting geometric
accuracy, causing frequent misalignment between waypoints
and the physical world.This makes existing point-goal nav-
igation methods difficult to use in large-scale, real-world
urban environments.

Recently, navigation-purpose VLA methods have demon-
strated both strong performance and generalization [14]-
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[20]. By fine-tuning vision-language models, they align nat-
ural language commands with visual observations, enabling
robots to ground high-level instructions into low-level actions
for reliable navigation in previously unseen environments.
Despite this progress, VLAs remain inadequate for navi-
gating urban environments over long distances. They must
interpret noisy routes from navigation apps by aligning them
with visual cues and commonsense knowledge. Furthermore,
they need to adhere to a complex set of rules, including traffic
signals, sidewalk etiquette, while simultaneously adapting in
real time to dynamic obstacles, varied terrain, and dense
pedestrian flows.

To address these challenges, we propose a route-
conditioned Vision-Language-Action (VLA) framework for
urban micromobility. Our VLA model takes structured route
descriptions (roadbooks) as input and directly predicts tra-
jectory waypoints for route following. The VLA learns to
align these “roadbooks” with visual observations, generating
local trajectories that translate high-level routes into low-
level navigation waypoints. This process enables reliable,
long-horizon navigation over large areas, thereby allowing
our framework to leverage noisy navigation tools as effective
guidance for robust and scalable urban micromobility.

To train our route-conditioned VLA, we build upon a
pre-trained navigation foundation model [19] and adopt a
two-stage training approach. In the first stage, we perform
supervised fine-tuning on two complementary tasks: (i) a
navigation task using trajectories from the MetaUrban sim-
ulator [21] and Sekai web navigation videos [22], where
navigation ‘roadbooks’ are derived from ground-truth paths
and paired with visual observations, and (ii) a real-world
Video Question Answering (VideoQA) task [22], [23] to
enhance real-world scene understanding. In the second stage,
we apply offline reinforcement fine-tuning using Implicit Q-
Learning (IQL) [24] on a sim-real aggregated dataset. This
two-stage training equips our VLA model with the ability to
interpret noisy routes, adhere to navigation norms, and adapt
to real-world urban complexity.

Experiments demonstrate that our method achieves 55%
and 56% performance improvement compared to baselines
in the SocialNav task in MetaUrban-test and MetaUrban-
unseen benchmark [21], respectively. Real-world experi-
ments further prove the generalbaility of our method. We
summarize our contribution as follows:

« We propose the first route-conditioned VLA designed
for urban micromobility, which integrates the guid-
ance of high-level urban navigation tools with vision-
language policy learning.

e We develop a simulation-to-reality pipeline, leverag-
ing a route-lifting algorithm to formulate a sim-real
aggregated dataset, achieving SOTA performance in
simulation and demonstrating real-world generalization.

« We improve safety-critical behaviors by introducing
IQL-based reinforcement fine-tuning, improving obsta-
cle avoidance, pedestrian interaction, and traffic com-
pliance.

II. RELATED WORKS

Robot Urban Navigation. Urban navigation has long relied
on SLAM-based systems [3], [4], [25], [26], typically using
pre-built maps (e.g., point clouds or HD maps) for localiza-
tion and planning. Although effective in structured settings,
such methods require costly map construction and careful
tuning, limiting scalability. Learning-based alternatives re-
duce map dependence. OpenNav [27] employs Multimodal
Large Language Models (MLLMs) to generate Bird’s-Eye-
View (BEV) maps and convert free-form instructions into
trajectories, while CityWalker [7] learns policies from large-
scale urban videos. However, existing methods remain con-
strained to sensor—action correlations and lack comprehen-
sive scene understanding. To address this, UrbanVLA intro-
duces an end-to-end VLA framework for urban navigation
that integrates multimodal perception and semantic reasoning
to embed scene semantics into route-conditioned decision-
making in dynamic environments.

VLA Models for Navigation. VLA models extend pre-
trained VLMs with action generation and show strong gener-
alization in embodied navigation [14]-[20]. By jointly mod-
eling vision, language, and action, they enable instruction-
following under real-time observations. NavFoM [19] trains
a navigation foundation model on cross-embodiment data
for consistent multi-platform performance. However, existing
models face challenges in urban navigation, which requires
sophisticated spatial reasoning, commonsense adherence, and
safety-critical decision-making. To address this, we design a
sim-to-real fine-tuning pipeline using the MetaUrban simu-
lator and the Sekai dataset to acquire navigation policies for
dynamic urban environments.

Reinforcement Learning for VLA. Reinforcement Learn-
ing(RL) has become a key post-training strategy for VLA
models [28]-[31], improving robustness over imitation learn-
ing. In navigation, VLN-R1 [32] applies temporally-decayed
rewards for long-horizon optimization, and OctoNav [33]
uses hierarchical rewards with online adaptation. How-
ever, VLA models for urban navigation face safety-critical
challenges such as pedestrian interactions and traffic rule
compliance. To address this, we use Implicit Q-Learning
(IQL) [24] for reinforcement fine-tuning to enhance safety-
aware decision-making in dynamic urban environments.

III. METHOD
A. Problem Formulation

Task Definition. We formulate the route-conditioned urban
navigation task as follows: at the current time step 7', given
a high-level target route formulated by a sequence of 2D
coordinates R = {rg,...,r,} where 7; € R? is a planar
coordinate sampled from the target route under the agent’s
egocentric frame, and a sequence of RGB image observations
Oyis = ot € RW*HX3 taken by C different cameras
at time steps {1,...,T}, the agent is required to learn a
navigation policy 7(R, Oyis) — 7, where 7 = {71, T2, ...TN }
is a navigation trajectory formulated by N waypoints with
7; € SE(2) representing the predicted 2D position and

14672



Vision Language

Give a vivid description
of the video scene.

VideoQA

Move to the next
series of target
points according
to the city walking
navigation: <points>.
Briefly, you should
go straight for x
meters and then
<turn right / turn
left / stop>.

000

Tokenizer

Real-World Nav

LLM Backbone

Transformer Blocks

Transformer Blocks

Language Modeling Head }
v

Language Response ‘

VideoQA

The video begins with the camera moving
forward along a bustling urban street in ...

g {
[}
=z

Simulation / Real-World Nav Trajectory

A
Action Head }

0y (s, a)
Q Model |-~

7(s)
v

oL }

mw

Projector

Vision Encoder L

Yy () RFT Stage Only

Fig. 2: Overview of UrbanVLA. We collect diversified VideoQA data and urban micromobility demonstrations to train the model via a
two-stage pipeline. In the SFT stage, UrbanVLA learns essential urban navigation capabilities such as goal-reaching, collision avoidance,
and social compliance; in the RFT stage, we refine the model using a sim-real aggregated dataset with IQL, enhancing robustness in

real-world scenarios.

orientation under the current egocentric frame that safely
drives the agent along the target route toward its destination.

Pipeline Overview. Figure 2 shows the overall pipeline of
our approach. We leverage a pre-trained navigation foun-
dation model NavFoM [19] as our base model, and apply
a two-stage fine-tuning strategy via supervised fine-tuning
(SFT) and reinforcement fine-tuning (RFT), respectively.
Specifically, we apply a prompt template to encode the
high-level ‘roadbook’ instructions into a linguistic form Z.
Following existing VLM approaches [23], [34], [35], we
embed Z to obtain language tokens Ep, as well as encode
visual observations O,;s using pre-trained vision encoders to
obtain visual tokens E}:¢. Together, we feed E, and E}:S
into the Large Language Model (LLM) backbone. In the SFT
stage, following previous work [18], the dual-branched VLA
learns to perform two types of tasks, VideoQA and route-
conditioned navigation. We decode the tokens generated
using a language head and an action head, respectively, to
acquire the linguistic answer and navigation trajectory.

In the RFT stage, we further fine-tune UrbanVLA on a
hybrid dataset that combines expert demonstrations collected
from both simulation and real-world environments. We adopt
Implicit Q-Learning (IQL) [24], a widely used offline RL
algorithm, to effectively utilize these limited hybrid data
while mitigating overoptimism in out-of-distribution (OOD)
samples. To estimate the action-state function () and value
function V' in IQL that take current state as input, we encode
language instruction Z and visual observation Oy into a
unified state representation s using the well-tuned vision-
language backbone after the SFT stage. The reward function
r(s,a) is delicately designed, considering both trajectory
efficiency and navigation safety, to allow efficient data
collection in the real world, as well as alignment between
simulation and real world.

B. UrbanVLA Architecture

High-Level Route Encoding. The high-level route instruc-
tions in the urban navigation task should be converted into
a form that is interpretable by VLA models and aligned
with the data schema of the prevalent urban navigation
tools [36] to facilitate large-scale deployment. Consequently,
we convert the route instructions into a structured linguistic
representation comprising two components. First, a set of
waypoints sampled from the high-level route provides the
agent with the overall geometry and orientation of the
forthcoming path. Second, distance and direction instructions
for the next turn (for example, ‘turn right in 30 meters’)
convey essential information to transition between blocks, a
critical scenario for successful urban navigation.
Specifically, given a high-level navigation route R, we first
resample the upcoming D meters of the route trajectory at
a distance of d meters (we set D = 40 and d = 2, resulting
in 20 waypoints), and convert them into the robot frame.
Subsequently, when training, we apply a corner detection
algorithm (see Section III-D) to segment the route into blocks
and then derive block-level distance and direction cues from
these segments; while in a real-world setting, this information
can be directly acquired from the API of the city navigation
tool. Finally, we formulate the above information into an
instruction template to obtain the navigation instruction Z.
VLA Model Forwarding. Given multi-view RGB obser-
vations Oy = ol¢ € RWXH>X3| for route-conditioned
urban navigation tasks, we apply a visual sliding window to
retain the nearest k frames Orewin = 0% ;.. Following
recent advanced VLM works [23], [37], [38], we encode
visual information using two pre-trained vision encoders
(DINOvV2 [39] and SigLIP [40]) and concatenate the visual
features obtained in the channel dimension to formulate the
final visual features v{‘“,..vC viC. Subsequently, we
down-sample the features with grid pooling strategy, and use
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a cross-modal projector (double-layer MLP) [34] to project
the visual features into the embedding space of the LLM
backbone and acquire the visual tokens E:<. We then embed
the navigation instruction Z in language tokens E',. Together,
we feed all tokens into an LLM backbone (Qwen2 [41]). The
model generates tokens in two manners: for navigation tasks,
we capture the generated action token Eﬁ at the current time
step and decode it through an MLP-based action model to
obtain the navigation trajectory 7:

1
T = ActionModel(E#); .

while for VideoQA tasks, the model autogressively generates
a set of language tokens, which are then decoded through the
language model head, as shown in Figure 2.

C. Training Strategy

Supervised Fine-Tuning. We first apply Supervised Fine-
tuning (SFT) to the base model NavFoM [19]. In this
stage, the model learns from urban navigation demonstrations
generated by a PPO expert in simulation [21], as well as
web-scale urban travel data that capture human navigation
behavior in real-world environments, using a Mean Squared
Error (MSE) loss. The SFT stage is designed to instill basic
goal-reaching capabilities while exposing the model to the
diversity and complexity of urban navigation tasks, thus
enhancing its generalization to real-world scenarios.

A key challenge in leveraging such demonstration data is
the lack of ‘roadbook’ instructions. Real-world demonstra-
tions typically provide only the ground-truth trajectory, while
simulators often offer perfect route information generated by
collision-free planning algorithms such as ORCA [42] and
P&R [43]. Using such idealized routes directly as conditions
may cause the model to overfit to the input trajectory, thus
compromising its generalizability in real-world scenarios.

To address this problem, we introduce Heuristic Trajectory
Lifting (HTL), a heuristic algorithm that lifts high-level route
information from the raw trajectory in urban navigation data,
encouraging the model to learn from visual cues rather than
relying solely on idealized route inputs. The raw trajectory is
first preprocessed: a Savitzky—Golay filter [44] is applied to
denoise web trajectories, while simulator-generated smooth
trajectories are used directly. The self-intersecting or other-
wise low-quality paths are then removed. Next, significant
turning points are detected (see Section III-D) to split the
trajectory into several segments. To capture the ambiguity
of real-world navigation, each segment is perturbed with
Gaussian positional noise, reflecting that high-level directives
(e.g., ‘go straight’) correspond to a corridor of feasible
paths rather than a single curve. Finally, noisy segments
are smoothly merged and resampled in a fixed spatial step,
resulting in the abstracted route R. In summary, this pipeline
allows us to generate a large-scale, unified dataset for the
SFT stage from both simulated and real-world sources with
automatically anotated ‘roadbook’ instructions.
Reinforcement Fine-Tuning. Building on the capabilities
acquired during SFT, UrbanVLA demonstrates strong per-

formance in navigating diverse urban environments, such as
intersections, turns, and varying street layouts. To further
improve its skills, particularly in collision avoidance and
handling ambiguous cues, we adopt an offline RL approach
based on Implicit Q-Learning (IQL) [24], which suits
well for offline data and mitigates out-of-distribution action
issues.

We formulate the route-conditioned urban navigation
task as a Partially Observable Markov Decision Process
(POMDP) M := (S, A,0,T,r,7), where S, A, 0, T,r,
and ~ denote the state space, action space, observation
space, transition model, reward function, and discount factor,
respectively. For IQL, we first train value networks Qg (s, a)
and Vi (s) for advantage estimation. To properly represent
the input state s € S, we employ the VLA model after
the SFT stage (denoted as UrbanVLA-SFT) as the encoder.
Specifically, at current timestep 7', the observation or =
(Oyis, Z) € O is fed into UrbanVLA-SFT, and the hidden
state from the n-th transformer layer of the LLM backbone
is extracted to serve as the state embedding s = H. ;n) € Rdim
(as shown in Figure 2), where dim is the hidden dimension
of the LLM. We empirically set n = 17, as we observe that
mid-layer hidden states yield more robust value estimation
than top-layer states. This is potentially due to the latter being
overly specialized for predicting action logits. We find this
representation effectively encodes the visual and language
context, offering task-aware embeddings that stabilize Q-
learning [30]. For the input action, we simply vectorize
the predicted trajectory: a := vec(r) € R3V, with 7 and N
defined in Section III-A.

Based on the above formulation, IQL learns a value
function Vi, (s) and a Q-function Qg(s,a) from the offline
dataset D, and the policy 7(s) is updated via an advantage-
weighted regression (AWR) objective

L9 = E(ypup [ exp (BA(s,0))la — 7(5) P], @

where A(s,a) = Qq(s,a) — Vi (s) is the advantage estima-
tion, and S is an inverse temperature parameter that trades
between imitation and performance improvement [24].

The reward function 7(s,a) is designed for: (i) ease of
acquisition during teleoperation to minimize post-processing,
and (ii) sim-real consistency to provide a unified learning
objective and enhance data efficiency. We formulate the
reward function as

7’(8, a) = )\comp lcompletion - /\coll :U-collision - )\dev ]ldevialiona (3)

where lcompletion denotes the increment of trajectory com-
pletion aligned with the ground-truth route, while 1 opision
and T geyiagon indicate whether a collision or an excessive
deviation from the route corridor occurs, respectively. The
weighting coefficients Acomp, Acoll, Adev are adjusted to bal-
ance efficiency and safety and are specified in Section III-D.
This formulation relies only on readily available or easily
measurable quantities (see the user interface in Figure 3),
and enables the seamless transfer of the learned policy to
real environments.
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Based on this design, we collect a sim-real aggregated
dataset for the RFT stage, comprising 2,400 episodes (ap-
proximately 40 hours) in the MetaUrban simulator using
a PPO expert, along with roughly 8 hours of real-world
demonstrations via human teleoperation. Please refer to
Section III-D for details. In summary, during the RFT stage,
the large scale simulation data facilitate rapid convergence of
the Q-learning, and the teleoperation data is efficiently learnt
to strengthen the model’s real-world safety performance and
corner case decisions.

D. Implementation Details

Our model is trained on a cluster server equipped with 8
NVIDIA H100 GPUs for approximately 12 hours, resulting
in 96 GPU hours in total. The VideoQA dataset is collected
from LongVU [23] and Sekai [22]. Unlike the sliding-
window mechanism introduced in the navigation task, we
retain all visual frames before feeding them into the model.
We supervise the result using cross-entropy loss.

For the corner detection algorithm mentioned in Sec-
tion III-B, specifically, we adopt a window-based detection
algorithm: for each point, we compute the turning angle
between the vectors formed by its neighbors in a window of
k points. Points with angles above a threshold are marked as
candidates. The subsequent candidates are merged by taking
the middle point, and a greedy selection step enforces a
minimum arc-length spacing to remove redundant corners.

In the RFT stage, the real-world data was collected in
the city area of Beijing. For this dataset, we collected
visual observations, navigation route instructions obtained
by querying navigation tool APIs in real time, and reward
signals either annotated through the user interface or gen-
erated using records from a real-world LiDAR-Odometry
system. We intentionally collected several scenes in which
the navigation information is inconsistent with real-world
conditions. Notably, a small amount of sub-optimal real-
world data (that yields negative reward terms) was also
intentionally collected to ensure the stability of Q-learning
[24], [45]. The weighting coefficients Acomp, Acoll, and Agey
in the reward function are set to 0.5, 1, and 1, respectively.

IV. EXPERIMENTS
A. Experiment Setup

Simulation Setup. We conduct our experiments based on
the Point Navigation (PointNav) and Social Navigation (So-
cialNav) benchmarks built on the MetaUrban simulator [21].
These two tasks provide an insightful examination on our
model’s capabilities of route following, collision avoidance,
social compliance, and generalizability to diverse scenery
layout. To allow fair comparison, our model is trained on
12,800 scenes in the MetaUrban-train dataset, and is tested
on 1,000 scenes in the MetaUrban-test and 100 scenes in
the MetaUrban-unseen.

In our evaluation, we choose a wheelchair embodiment.
While the baselines output continuous steering and accelera-
tion [21], UrbanVLA focuses on high-level spatial planning
by predicting 2D trajectory waypoints. To execute this, the
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Fig. 3: Real-world deployment of UrbanVLA. Our system con-
sists of a quadruped robot equipped with GPS, Wi-Fi, a camera, and
an onboard computing unit, along with a mobile-deployable console
for real-time monitoring, sending navigation targets, visualizing
maps and model predictions, and annotating teleoperation data used
for reinforcement learning.

agent is directly displaced to the predicted waypoints. We
bound the maximum step distance to the radius of the em-
bodiment (1.5 meters) to ensure accurate collision detection.

Real-World Setup. We conduct extensive real-world ex-
periments across multiple urban blocks, covering diverse
scenarios such as overpasses, pedestrian crossings, and envi-
ronments with dense static and dynamic obstacles. Following
NavFoM [19], our model runs on a remote server equipped
with an NVIDIA RTX 4090 GPU, communicating with a
Unitree Go2 quadruped via Web-ADK. The robot collects
visual observations from four cameras mounted on its front,
left, right, and rear, and relies on an off-the-shelf local plan-
ner to execute the trajectories generated by our model. High-
level route instructions are obtained from Amap [36] via
its Web API, while a GNSS module provides the real-time
position and orientation of the quadruped to convert these
instructions into the robot’s local frame. Figure 3 illustrates
our real-world deployment setup. The system operates at 2
Hz, which is sufficient for smooth and responsive navigation.
During the experiments, a human safety operator monitored
the model in real time and manually intervened to halt the
system whenever unsafe behaviors occurred.

Baselines and Metrics. We select the established RL/IL
models from MetaUrban [21] as our primary baselines,
as they represent the standard state-of-the-art on the two
benchmarks. We evaluate the models using the following
metrics: Success Rate (SR) and Success weighted by Path
Length (SPL) [52] to evaluate both the effectiveness and
efficiency of the agent’s navigation; the Cumulative Cost
(Cost) [53] evaluates the agent’s ability to avoid collisions,
while the Social Navigation Score (SNS) [54] quantifies the
model’s compliance with social navigation standards.
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\ PointNav \ SocialNav

Method \ Observation \ Test \ Unseen \ Test \ Unseen
| | SRt SPLT Costl | SRT SPLT Costl | SRT SNST Costl | SRT SNSt Cost]
PPO [46] LiDAR 66% 0.64 0.51 49% 0.45 0.78 34% 0.64 0.66 24% 0.57 0.51
PPO-Lag [47] LiDAR 60% 0.58 0.41 60% 0.57 0.53 17% 0.51 0.33 8% 0.47 0.50
PPO-ET [48] LiDAR 57% 0.53 0.47 53% 0.49 0.65 5% 0.52 0.26 2% 0.50 0.62
IQL [24] LiDAR 36% 0.33 0.49 30% 0.27 0.63 36% 0.67 0.39 27% 0.62 3.05
TD3+BC [49] LiDAR 29% 0.28 0.77 20% 0.20 1.16 26% 0.61 0.62 32% 0.64 1.53
BC [50] LiDAR 36% 0.28 0.83 32% 0.26 1.15 28% 0.56 1.23 18% 0.54 0.58
GAIL [51] LiDAR 47% 0.36 1.05 40% 0.32 1.46 34% 0.63 0.71 28% 0.61 0.67
Ours RGB 94 9% 0.91 0.94 97 % 0.95 0.84 91% 0.87 0.81 88% 0.85 0.82

TABLE I: Benchmarks. The benchmark of PointNav and SocialNav tasks on the MetaUrban-12K dataset. We compare our method with
seven strong baselines with LiDAR observation. The best and the second best results are denoted by bold and underline, respectively.

B. Quantitative Experiments

As shown in Table I, our method significantly outper-
forms all baseline methods on both PointNav and SocialNav
tasks in terms of SR and SPL/SNS. Specifically, our model
achieves 94% SR and 0.91 SPL on the PointNav test set,
and 97% SR and 0.95 SPL on the unseen set, surpassing
baselines by more than 25% in SR while demonstrating
strong generalization capability in unseen urban environ-
ments. The superior performance in unseen scenaries with
unusual object placement and sidewalk layout indicates that
our approach captures systematic structural and geometric
priors of urban navigation, enabling highly effective and
efficient goal-reaching behavior.

In the SocialNav task, UrbanVLA attains a high Social
Navigation Score (SNS) of 0.87 on the test set and 0.85
on the unseen set, significantly exceeding all LiDAR-based
baselines. This suggests that our model not only avoids
collisions effectively, but also adheres to social norms, such
as maintaining comfortable distances and yielding to pedes-
trians, even though relying solely on RGB inputs.

Although our method yields a relatively higher Cost com-
pared to some baselines (e.g. PPO-Lag), this is reasonable
given the substantially higher success rates, which indicate
longer traveling distance and higher probability to encounter
obstacles. Moreover, learning obstacle avoidance using only
the RGB input is considerably more challenging than using
LiDAR. Thus, achieving such high success rates while main-
taining a bounded cost reflects a strong inherent capability
to avoid obstacles and navigate socially.

In summary, our method exhibits superior performance in
navigation efficiency, success rate, generalization, and social
compliance, validating its effectiveness for complex urban
navigation tasks.

C. Qualitative Results

We evaluate UrbanVLA in several representative and chal-
lenging real-world scenarios, including overpass crossing,
pedestrian interaction, street turning, and obstacle avoidance
on trajectories greater than 500 meters. As illustrated in
Figure 4, the results highlight UrbanVLA ’s ability to operate
in large-scale, dynamic, and unstructured urban environ-
ments. In outdoor scenes, the system is able to produce

HTL Configuration Test Real World
SR? Cost| RCt

Ours-SFT w/o HTL 93 % 0.81 42%

Ours-SFT w/ HTL 89% 0.86 100%

TABLE II: Comparison of HTL configurations. We compare the
performance of UrbanVLA after the SFT stage (denoted as Ours-
SFT), with or without HTL. For simulation results, we report the
model’s performance on SocialNav in MetaUrban benchmark. For
real-world, we report results on the C-shaped sidewalk, averaged
over ten trials.

stable navigation trajectories and follow designated routes
while adapting to variations in illumination, weather, and
even nighttime conditions. Moreover, the examples suggest
that UrbanVLA can effectively align high-level navigation
instructions with visual observations, enabling correct turns
at intersections, successful navigation across overpasses, and
adaptation to diverse route structures. In addition, we observe
that UrbanVLA is capable of avoiding static and dynamic
obstacles in these scenarios, allowing the maintenance of
reasonable distances to pedestrians, and bypassing unex-
pected objects. Together, these qualitative results indicate that
UrbanVLA can integrate high-level route priors with percep-
tion to achieve reliable and socially compliant navigation in
complex urban settings in the real world.

D. Ablation Study

Effectiveness of HTL algorithm. We evaluate the ef-
fectiveness of the HTL algorithm in both simulation and
real world settings. In simulation, we evaluate using the
SocialNav test set. For real-world evaluation, we design a
60 meters C-shaped sidewalk (as demonstrated in Figure 4)
with a width of nearly 8 meters, where the robot must
gradually turn right and then proceed straight. The route
information from the navigation tools represents this curve
roughly as a polyline and exhibits an error of approximately
10 meters from the center line of the route in the real world.
We use Route Completion (RC) [55] to evaluate real-world
performance, which refers to the proportion of the completed
route out of the whole route, and we consider the scenario
to terminate when the agent deviates from the route corridor
(i.e. crashes into non-walkable area aside the route).
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0.00), (2.00, -0.09), (4.00, -0.17), (5.99, -0.26), (7.99, -0.35), (9.99, -0.43), (11.99, -0.52),
(13.99,-0.61), (15.99, -0.69), (17.98, -0.78), (19.98, -0.86), (21.98, -0.95), (23.98, -1.04),
(25 98, -1.12), (27.97, -1.21), (29.97, -1.30), (31.97, -1.38), (33.97, -1.47), (35.97, -1.56),
(37.96, -1.64)... Briefly, you should go straight for 128.01 meters and then turn right.

C-Shaped
Sidewalk

Example
Prompt

Fig. 4: Visualization of qualitative experiment results in real-world scenarios. We show four critical scenarios in real-world evaluation
of UrbanVLA: overpass crossing, street turning, pedestrian crossing, and obstacle avoidance. UrbanVLA generates executive and reasonable
trajectories shown by the blue trajectories plotted in the first person view (FPV).

Training stage Test Unseen
SRT Cost] SRt Cost|

Ours-SFT 89% 0.86 82% 0.98

Ours 91% 0.80 88% 0.82

TABLE III: Comparison across two training stages. We compare
the result of UrbanVLA before and after the RFT stage on Social-
Nav in MetaUrban benchmark.

The results in Table II show that ablating HTL leads
to a slight improvement in simulation; however, RC drops
dramatically in real-world experiments. We observe that most
failure cases are caused by the agent repeatedly attempting
to reach the shifted goal point, resulting in route deviation.
This suggests that without HTL, UrbanVLA tends to overfit
the route instructions, significantly reducing its robustness to
noisy route information in real-world scenarios and limiting
its scalability.

Effectiveness of Reinforcement Learning. We evaluate
UrbanVLA under two training strategies, SFT alone and
SFT combined with RFT, on the SocialNav benchmark
of MetaUrban-test and MetaUrban-unseen. The results in
Table IIT show that after the RFT stage, UrbanVLA con-
sistently outperforms the SFT-only model, with improved
SR and reduced Cost. In particular, the performance gain
is larger on the unseen benchmark, with a +6% increase in
SR and a —0.16 decrease in Cost, indicating the enhanced
safety and generalizability of UrbanVLA after the RFT stage.
We attribute this improvement to the safety-centric reward
design, and the increased diversity introduced by real-world
teleoperation data.

V. CONCLUSION

We present a route-conditioned vision-language-action
framework UrbanVLA for urban micromobility, which inte-
grates the noisy navigation-tool routes with on-board vision
to enable scalable and reliable long-horizon navigation. The
model is trained through SFT on simulation-based and web
video—parsed trajectories, followed by RFT with a sim-

real aggregated dataset. The proposed approach not only
improves obstacle avoidance and social compliance, but also
establishes a practical framework for the deployment of em-
bodied agents in open urban areas. Future work will explore
broader multimodal cues and further improve adaptability to
diverse and dynamic urban contexts.
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