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Abstract— Enabling robots to navigate safely and efficiently
in dynamic, crowded environments requires learning from
large-scale demonstrations, which are costly and unsafe to
collect on physical platforms. While human videos offer a rich
and scalable alternative, transferring these motion patterns to
robots is challenged by the embodiment gap across observation
and action spaces. This paper presents Human2Nav, a data-
efficient framework that learns navigation policies directly from
human videos via test-time feasibility-guided flow matching.
Human2Nav employs a bird’s-eye-view representation to align
visual observations and trains a conditional flow matching
model to capture nuanced human navigation patterns. Cru-
cially, we introduce a training-free feasibility guidance mech-
anism that during inference steers generated trajectories to
satisfy heterogeneous robot-specific kinematic and dynamic
constraints without retraining. Extensive experiments in sim-
ulation and on real-world heterogeneous robotic platforms
demonstrate that Human2Nav achieves superior data efficiency
and navigation performance compared to model-based and
learning-based baselines, while ensuring safe and executable
trajectories across diverse crowd scenarios.

I. INTRODUCTION

Enabling autonomous robots to navigate safely and effi-
ciently in dynamic, crowded environments remains a cen-
tral challenge in robotics [1]. Unlike model-based plan-
ners, learning-based approaches can capture the subtle and
complex dynamics necessary for navigating dense human
crowds [2], [3]. However, their success hinges on access to
large-scale, diverse demonstrations. Collecting such robot-
centric data is notoriously expensive and often unsafe, partic-
ularly in real-world crowded scenarios, creating a significant
bottleneck that limits the scalability and generalization of
learning-based navigation systems. One approach to allevi-
ating this data scarcity is teleoperating robots in real crowds
to collect task-relevant demonstrations [4]. While effective,
this process is costly, time-consuming, and raises safety
concerns. Alternatively, wearable sensors can record human
trajectories for later transfer to robots [5]. Yet, these datasets
often exhibit significant heterogeneity in both observation
perspective and locomotion dynamics, making direct ap-
plication to robot navigation challenging. Simulation-based
reinforcement learning methods [6], [7] offer another path,
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Fig. 1: Human2Nav learns a conditioned flow-matching model

for crowd navigation from passive human videos, enabling data-

efficient policy training. At test time, feasibility guidance term uf

adapts the policy to heterogeneous robot dynamics, bridging the
domain gap between human motions and robot capabilities and
ensuring safe, executable navigation without retraining.

but they typically suffer from sample inefficiency and diffi-
culties in sim-to-real transfer, especially in dense, dynamic
environments.

Large-scale pedestrian trajectory datasets from UAVs [8],
[9] or surveillance systems [10] offer rich, low-cost ob-
servations of natural crowd behaviors. This raises a key
question: Can we transfer motion patterns from human
videos to robots with different dynamics and constraints?
This is challenging due to two fundamental gaps: observa-
tion mismatch—humans and robots perceive environments
differently—and action mismatch—human motions may be
infeasible for robots. Bridging these gaps requires an in-
termediate representation or mapping that enables safe, ex-
ecutable navigation, but direct application of human data
remains fundamentally difficult.

To this end, we present Human2Nav, a framework that
enables robots to learn from large-scale, passively collected
pedestrian trajectories by addressing both observation and
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action gaps as shown in Figure 1. We first employ a bird’s-
eye-view (BEV) representation to align aerial observations
with ground robot sensors. Leveraging flow matching, Hu-
man2Nav learns a conditional vector field that generates
trajectories reflecting real crowd dynamics. However, human
trajectories often include maneuvers—such as sharp turns or
in-place rotations—that many robots cannot execute. Directly
applying such trajectories can result in infeasible or unsafe
motions. To overcome this, we introduce feasibility-guided
flow matching, a training-free approach that embeds robot-
specific kinematic and dynamic constraints into trajectory
generation. Unlike prior methods requiring retraining or
post-processing, Human2Nav produces safe, executable tra-
jectories that generalize across heterogeneous robots while
remaining data-efficient and fully leveraging human motion
priors.

To summarize, our main contributions are as follows:

e We propose Human2Nav, a data-efficient framework
that learns crowd navigation behaviors directly from
human videos, achieving scalable policy learning and
superior effectiveness compared to representative base-
lines.

« We introduce feasibility-guided inference, a training-
free approach that embeds robot-specific kinematic and
dynamic constraints into trajectory generation, enabling
safe and practical deployment across heterogeneous
robots.

+ We demonstrate real-world deployment of Human2Nav
on heterogeneous robotic platforms, achieving safe
and efficient crowd navigation without platform-specific
modifications, highlighting its strong generalization and
readiness for real-world use.

II. RELATED WORK
A. Learn from Human Videos

Leveraging human videos for robot learning poses signif-
icant challenges, as these datasets often lack direct robot ac-
tions and embodiment information. Prior work has explored
several strategies, including extracting keypoint-based trajec-
tories and transferring them to robots [11], [12], adopting
object-centric representations that condition motion on scene
elements or abstract actions [13], and incorporating partial
real-robot data during training to guide policy learning [14].
Along similar lines, DeepMoTlon learns human-aware navi-
gation from pedestrian surveillance data for human imitation
and safe crowd navigation [15]. Despite these advances,
human motions frequently differ from robot kinematics and
dynamics, leading to infeasible or unsafe behaviors. To ad-
dress this, existing approaches focus on cleaning or adapting
human data before training, such as using privileged motion
imitation policies [16], applying nonparametric regression
with graph-based heuristics on paired datasets [17], spatio-
temporal motion retargeting of keypoint trajectories [11], or
two-stage retargeting pipelines for humanoid robots [18].
These methods share the common goal of extracting reliable
motion labels from noisy human data for downstream train-
ing. In contrast, our work is, to the best of our knowledge,

the first to extend human video learning to crowd navigation.
Although navigation involves fewer degrees of freedom than
manipulation, it still suffers from infeasible motions and
new forms of observation inconsistency. We address these
challenges by constructing ego-centric BEV representations
to resolve observation gaps and introducing feasibility-aware
guidance at inference, which adapts predicted trajectories to
diverse real-world robot platforms without requiring retrain-
ing. This approach enables scalable, safe, and executable
navigation policies directly from abundant third-person hu-
man video data.

B. Generative Models for Robot Navigation

Continuous dynamics-based generative models have re-
cently shown strong multi-modal trajectory modeling capa-
bilities in high-dimensional continuous spaces, making them
increasingly popular for robot manipulation and navigation.
These methods formulate trajectory generation as a con-
ditional process, leveraging task-relevant embeddings and
observations. Diffusion models were first applied to robotics
in [19], modeling visuomotor policies as a conditional de-
noising diffusion process over the action space. By exploiting
gradient information from action score functions [20], these
models enable flexible conditioning and have been extended
to multi-sensor inputs and navigation tasks [21], [22]. How-
ever, their iterative denoising process is computationally
expensive, limiting real-time applicability. To address this,
Flow Matching [23] replaces stochastic sampling with de-
terministic ODE integration via direct modeling of velocity
fields, improving sampling efficiency while preserving the
multi-modality of diffusion models. Flow-based generative
approaches have demonstrated practical advantages in con-
tinuous control [24] and navigation [25], supporting rich
conditioning inputs such as outputs from visual-language
models. Extensions like [26] further incorporate control
barrier functions to enforce safety guarantees. Building on
these advances, our work leverages flow matching to learn
crowd navigation policies from heterogeneous pedestrian
trajectory data, and crucially embeds robot-specific kinematic
constraints into the generation process, bridging the gap be-
tween human demonstrations and real-world robot execution.

III. METHOD

This section presents Human2Nav, which learns crowd
navigation from human videos with feasibility-guided flow
matching. As shown in Fig. 2, it has two stages: (1) build a
BEV human-trajectory dataset and train a conditional flow-
matching model, and (2) apply training-free, robot-specific
feasibility guidance at inference to produce executable tra-
jectories. This design reduces data needs and bridges the gap
between human demonstrations and robot execution.

A. Training Phase: Flow Matching from Human Trajectories

To capture natural human navigation behaviors, we con-
struct a dataset of pedestrian trajectories from UAV-mounted
cameras. We develop a CenterNet-like [27] oriented keypoint
detector for UAV imagery that localizes each pedestrian’s
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Fig. 2: Overview of the proposed Human2Nav framework. (a) Training phase: Drone-collected human videos are processed to construct
BEV rasters o;, goal positions g, and pedestrian trajectories {;}i—o. A conditional flow matching model in SE(2) space is trained
to capture human motion patterns, where integrating the predicted flow field generates trajectory distributions. (b) Inference phase: At
test time, feasibility-guided inference embeds robot-specific kinematic and dynamic constraints ®(x) into the predicted flow, steering
trajectories toward the feasible set and enabling safe, executable navigation across heterogeneous robots (red: infeasible, green: feasible).

head and estimates body orientation. Keypoints are trained
with a focal loss, while orientation and sub-pixel offsets
are regressed via L1 loss. Detections are associated across
frames using the Hungarian algorithm to produce trajectories
with position and heading. Assuming a flat ground plane,
we compute a homography matrix H to project image
coordinates to metric-consistent BEV coordinates:

Pworld = H- Pimage (1
where Pimage = [U, v, 1]T denotes homogeneous pixel co-
ordinates. The resulting dataset consists of timestamped
pedestrian poses and inferred goals, forming training tuples
(BEV raster, trajectory, goal).

We formulate navigation as an observation-conditioned
imitation learning problem, modeling trajectory generation
with a conditional flow field governed by

zo ~ po(z) 2
where ¢ denotes conditioning inputs (BEV raster observa-
tions and goals), and wu, is the conditional vector field to
be learned. We model z; = (x,y,0) and use trajectories
of length T'=3.2s with a sampling interval of 0.1s. The
BEV raster has 3 channels encoding binary occupancy and
velocity components (v, v,). The network f, follows a
U-Net backbone similar to [19], and conditions on ¢ via
FILM modulation. We set pg(z) as an isotropic Gaussian
in the se(2) tangent space, i.e., xg = exp(§p) with & ~
N (0, I), which is mapped to SE(2) via the exponential map.
Following the conditional flow matching framework [23], the
training objective minimizes

jf‘t = ut(xfm C)a

Lerm = B piaoon || fo(@e, ¢, t) — ug(ay | $0,$1)||2 3)

with z; sampled along the probability path N (zgexp(t -
log(zy 1)), o), and wuy(z1]zo) = log(z; *z1). We sample
t from a Beta distribution during training and use uniform ¢
at inference following [24].

To ensure geometric consistency on SE(2), we perform
both interpolation and integration in the Lie group. Geodesic
interpolation is given by

xy = xoexp(t - log(xglml)) 4
and trajectory integration during rollout follows
Xt—',—At = Xt exp(At . ‘/t) (5)

where X; € SE(2) denotes the current state and V; €
se(2) is the velocity in the Lie algebra. This formulation
respects the topology of orientation space, yielding stable
and geometrically consistent trajectory evolution.

B. Inference Phase: Feasibility-Aware Guidance

While the BEV representation bridges the observation gap
between third-person videos and egocentric robot control,
human trajectories may still be infeasible for robots with
actuation and safety limits. To address this, we formulate
inference as a constrained optimal control problem. Given
a pre-trained conditional flow matching model that defines
a vector field fF(x) in the trajectory space, we introduce a
steering term u; to modulate the dynamics at test time:

il‘t = ff(l’t) + Ut (6)

The objective is to steer the generated trajectory toward
the feasible set while remaining close to the human-induced
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distribution. This is achieved by minimizing a constraint-
aware cost function ®(x) subject to the robot dynamics:

J(u) aq)(x%)—&—/o L(ug)dt

S.t. i’t = ht(xtaut)v

(7

Lo = Tinit

Instead of retraining the flow matching model, we adopt
a training-free guidance strategy inspired by [28], [29] and
Pontryagin’s Maximum Principle (PMP). We propagate co-
states backward and iteratively refine the steering term wy
using the Extended Method of Successive Approximations
(E-MSA), effectively nudging flow-generated trajectories to-
ward feasibility while staying close to the learned human
distribution. Physical feasibility is enforced via soft margin
constraints on key motion quantities, including maximum
velocity, acceleration, curvature, and angular velocity:

C(a limit) = B, [1 - softplus(v(j2h — 1+4))], ®
where 7 controls sharpness and ¢ provides a tolerance mar-
gin. The overall constraint-aware penalty is then aggregated
as:

‘I)(-CUT) = /\’UC(UTa Umax) + /\ac(aTa CLmaux)

9
+ )\wC(wT, wmax) + )\KC(HT7 Kmax) ©

The complete optimization process is summarized in Al-
gorithm 1, where guidance terms are iteratively updated to
project trajectories onto the feasible set without retraining the
flow model. Theoretically, the smooth nature of the constraint
penalty guarantees stable gradient-based convergence, while
penalizing the guidance effort acts as a minimal intervention
that inherently preserves the learned human motion distri-
bution. This inference-only procedure enables cross-robot
generalization and practical deployment, producing safe and
executable navigation behaviors.

IV. EXPERIMENTS

We evaluate Human2Nav with respect to effectiveness,
data efficiency, and real-world deployability in simulation
(a customized SocNavBench-like environment [30]) and on
physical robots. Real-world platforms include: (1) Diablo:
a two-wheel differential drive robot, (2) Unitree GO2: a
quadruped robot with omnidirectional control. Our experi-
ments answer the following three key questions:

o Q1: Can Human2Nav learn effective navigation policies
from passive human videos, thereby achieving higher
data efficiency and outperforming representative model-
based and RL approaches?

e Q2: Can Human2Nav incorporate robot-specific motion
constraints to ensure dynamically feasible trajectories?

e Q3: Can Human2Nav be directly transferred to real-
world robotic platforms and still perform safe and
efficient navigation in dynamic crowded environments?

Experiment Setup. We design four representative scenar-
ios (Fig. 3): co-flow, where the robot follows, overtakes, or

Algorithm 1 Feasibility-Guided Inference

1: Given: Pre-trained flow matching model f?

: Inputs: Condition c¢; number of integration steps N ; time
steps {t;}V,; optimization steps M; learning rate 7;
momentum f3

3: Initialize: Initial state xy ~ A(0,I); control inputs

Ut, < 0

N

4: for n =1 to M do

5: Forward pass: Integrate trajectory with control:
xti+1 = Ty, +fp(xtmtiac)+utm Vi € [OaNf 1}

6: Terminal gradient: yp < clip(Vy, ®(x7))

7: for:=N—-1to0do > Adjoint backward pass

8: J(xt,)  xp, + ug, + fP(x, + Uy, ti, 0)

9: Wty < <,utz:+1 ) vxti J(xt7)>

10: ;= clip(pe,)

11: end for

12: Control update: u;, < 8- wuy, — v - pe,, Vi
13: end for

: Final rollout: Integrate x;, with optimized wuy,
15: return Trajectory {z¢, }Y,

=

Robot
Crowd

1) Co-flow scenario 2) Cross-flow scenario

3) Counter-flow scenario 4) Multidirection-flow scenario

Fig. 3: Visualization of the four representative navigation scenarios:
Co-Flow, Cross-Flow, Counter-Flow, and Multidirection-Flow.

weaves through agents moving in similar directions; cross-
flow, which requires traversing perpendicularly or diagonally
through laterally moving pedestrians; counter-flow, involving
navigation against incoming or static pedestrians; and multi-
direction flow, where the robot must navigate through agents
moving in diverse directions without any dominant flow
pattern.

In simulation experiments, each scenario contains 50
episodes sampled from held-out real-world pedestrian
datasets, selected to cover diverse motion patterns and re-
played in a nonreactive manner. Each episode lasts 5 seconds,
with local crowd densities ranging from 1 to 15 agents.

In real-world experiments, each robot is subject to distinct
kinematic and dynamic constraints, including maximum ve-
locity, acceleration, turning radius, and angular velocity lim-
its. These constraints are incorporated into Human2Nav via
feasibility-guided inference to ensure dynamically feasible
trajectory generation. All platforms share the same sensor
suite (Livox Mid360 LiDAR, RealSense D435i camera,
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Fig. 4: Visualization of navigation behaviors across four crowd scenarios. The top-left corner of each subfigure shows the corresponding
BEV observation. The green star and blue star denote the start and goal positions, respectively. Humans are depicted in gray with historical
trajectory points, and arrows indicate their current headings. The ego agent is shown in red, and the planned trajectory is highlighted in

orange.

NVIDIA ORIN). Onboard perception uses CenterPoint 3D
detection [31] with a LIO-based odometry system. Low-
level trajectory execution is handled by PD controllers tuned
for each platform. Real-world experiments are conducted in
a controlled indoor environment, where human participants
follow pre-defined directional trajectories corresponding to
those used in simulation, ensuring consistency between vir-
tual and physical interactions.

Baseline. To address Q1, we compare Human2Nav against
two widely used baselines. 1) ORCA [32]: a model-based
collision avoidance method implemented with the RVO2
library. 2) SARL [33]: a reinforcement learning approach that
jointly models human-robot and human—human interactions.
SARL uses a discrete action space of 80 actions (5 speeds
and 16 headings) and is trained in two stages: pretraining
for 50 epochs on 5,000 ORCA-generated demonstrations,
followed by fine-tuning with 20,000 RL episodes in a circular
environment using temporal-difference learning. This setup
establishes a representative comparison between rule-based
navigation and RL methods.

Metrics. We evaluate navigation performance using two
primary metrics. The first is Success Rate (SR), defined as
the fraction of episodes in which the robot reaches the goal
within the time budget and without collision; a failure in
either aspect is counted as unsuccessful. To address Q2, we
further introduce the Trajectory Feasibility Score (TFS),
which measures the proportion of planned waypoints that
satisfy platform-specific dynamic constraints (e.g., velocity,
acceleration, turning rate). We compute TFS over the full
planning horizon and the executed trajectory segments, and
report the minimum of the two to reflect both plan and
execution.

V. RESULTS AND DISCUSSION

A. Data Efficiency

Towards understanding Q1, we begin by qualitatively
inspecting the navigation behaviors learned by Human2Nav.
Figure 4 illustrates trajectory snapshots across four chal-
lenging crowd scenarios, accompanied by their BEV rep-
resentations. These visualizations highlight Human2Nav’s
ability to generate trajectories that are smooth, proactive, and
crowd-aware. Specifically, the policy anticipates pedestrian
motions to exploit emerging gaps in the crowd, rather than

Average Success Rate vs. Data Collection Time
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Fig. 5: Visualization of success rate in simulation versus data
collection time from different sources: human videos (blue) and
teleoperation (orange). Scenario-specific results are shown as faint
lines, while cross-scenario averages appear as bold lines with error
shading. Results show that learning from passive human videos
scales more efficiently with data collection time, yielding more
sample-efficient navigation policies and stronger cross-scenario
generalization than teleoperation-based demonstrations.

reacting only to immediate collisions. This provides pre-
liminary evidence that our framework effectively transfers
nuanced human-human interaction patterns from video data
into feasible and intelligent robot navigation behaviors.

We further evaluate the data efficiency and scalability of
Human2Nav by measuring how policy performance varies
with the amount of training data. To enable a direct compar-
ison, we developed a simulated human teleoperation pipeline:
at each planning step, the simulation is paused to allow
a human operator to specify the next waypoint based on
the robot’s current observation. Notably, teleoperation data
were collected in a scenario-specific manner (one policy per
scenario), whereas the human videos constitute a passive,
cross-scenario dataset. All models, including those trained
on teleoperation data, used identical architecture and train-
ing settings. As depicted in Figure 5, the success rate of
Human2Nav improves consistently as more passive human
video demonstrations are incorporated. This scaling trend
underscores the capability of our flow matching framework
in distilling a coherent and generalizable navigation policy
from large-scale, passively collected human videos. Impor-
tantly, Human2Nav achieves superior data efficiency without
recourse to expensive, scenario-specific teleoperation, con-
firming its advantages in terms of both scalability and cross-
scenario generalization.
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Fig. 6: Average closed-loop success rates over 50 episodes for four
test scenarios, showing that Human2Nav consistently outperforms
the baselines in crowd navigation.

To quantitatively compare against established baselines,
we report closed-loop navigation performance across mul-
tiple scenarios in Figure 6. Human2Nav consistently out-
performs both ORCA and SARL by a substantial mar-
gin. ORCA, as a classical reactive method, often exhibits
conservative behavior such as freezing in dense crowds,
which frequently results in timeout failures. Although SARL
improves upon model-based techniques through learning, it
remains constrained by its training regime: it relies on sub-
optimal ORCA-generated pretraining data and is fine-tuned
in a simplified circular environment. Consequently, it fails
to generalize to more realistic crowd settings. In contrast,
Human2Nav leverages real human video data to capture rich
social cues and predictive navigation strategies, resulting in
more robust and human-like navigation performance.

B. Feasibility-Aware Guidance

With the proposed feasibility-guided inference, Q2 aims
to understand whether our method can effectively incor-
porate heterogeneous robot motion constraints to ensure
dynamically feasible trajectories. We conduct an ablation
study in simulation, evaluating TFS and SR metrics for
three robotic platforms (differential-drive, Ackermann, and
quadruped). Comparisons include three methods: our pro-
posed Human2Nav with the feasibility guidance module
added (Human2Nav w/ guidance), the same model with-
out guidance (Human2Nav w/o guidance), and the ORCA
baseline. Results in Fig. 7 indicate that ORCA attains a
high no-collision rate but the lowest Trajectory Feasibility
Score, as it does not account for kinematic constraints.
This often leads to dynamically infeasible actions such as
instantaneous turns or spinning in place, which limit its prac-
tical applicability. Both versions of Human2Nav maintain
high success rates by leveraging navigation policies learned
from human video data. However, the version without guid-
ance frequently violates platform-specific constraints such as
maximum velocity or turning rate. In contrast, adding the
feasibility guidance module significantly improves trajectory
feasibility, achieving nearly perfect TFS without reducing
success rate and without requiring model retraining. These
results confirm that our approach effectively incorporates
motion constraints directly into the trajectory generation

Ablation Study on Feasibility-Guidance
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Fig. 7: Ablation study on feasibility-guided inference: Trajectory
Feasibility Score (TFS) and Success Rate (SR) for Human2Nav
(with/without guidance) and ORCA. Guidance significantly im-
proves feasibility without compromising performance, enabling
cross-platform deployment.

process, facilitating safe and practical deployment across
different robot platforms.

C. Real-World Evaluation

We explore the real-world deployment of Human2Nav
across two heterogeneous robot platforms to understand
Q3. Figure 8 presents navigation performance across four
crowd scenarios. Despite their distinct kinematic and dy-
namic constraints, both the differential-drive mobile robot
and the quadruped successfully executed smooth, collision-
free, and goal-directed navigation behaviors. In the cross-
flow scenario, the planner anticipated pedestrian trajectories
and adjusted its speed to merge safely. In multi-direction
flow, it identified and navigated through emerging gaps
while maintaining smooth and feasible motion. The co-flow
scenario shows Human2Nav’s ability to maintain appropriate
following distances, while in counter-flow it strategically
decided when to yield or proceed based on pedestrian
density. These behaviors emerged naturally from learning
human navigation patterns, without explicit social rule en-
coding. These results affirmatively answer Q3, demonstrating
Human2Nav’s direct deployability across diverse platforms
for safe and efficient navigation in dynamic crowds while
respecting platform constraints.

VI. LIMITATIONS

Our method focuses on crowd navigation in open,
obstacle-sparse spaces and does not explicitly model seman-
tic elements such as traffic lights or pedestrian crossings.
Future work will incorporate semantic scene cues as addi-
tional inputs or conditioning signals, and explore broader
data sources such as YouTube or other public videos to
extend human demonstration coverage.
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Fig. 8: Real-world evaluation on two platforms (differential-drive and quadrupedal robots) across four crowd scenarios. Blue and red stars
indicate start and goal positions. Green and yellow trajectories show robot and human motion, respectively. Each subfigure shows three
temporal snapshots (left to right), with transparency indicating time progression (lighter: earlier). Bottom row displays LiDAR point cloud
and planned trajectory (orange) in Rviz2.

VII. CONCLUSION demonstrations. Our approach addresses the embodiment
gap through a novel bird’s-eye-view representation combined
with test-time feasibility-guided flow matching. The intro-
duced training-free feasibility guidance mechanism dynam-

In this work, we proposed Human2Nav, a data-efficient
framework that learns navigation policies directly from hu-
man videos, bypassing the need for costly robot-collected
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ically incorporates kinematic constraints during inference,
enabling practical deployment across heterogeneous robotic
platforms without retraining. Extensive experiments demon-
strate that Human2Nav achieves superior data efficiency and
navigation performance compared to both model-based and
learning-based baselines. The successful real-world deploy-
ment on diverse robots confirms our framework’s capability
for safe and efficient crowd navigation while maintaining
strong generalization capabilities across different platforms.
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