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Abstract— Visual navigation is fundamental to autonomous
systems, yet generating reliable trajectories in cluttered and
uncertain environments remains a core challenge. Recent gen-
erative models promise end-to-end synthesis, but their reliance
on unstructured noise priors often yields unsafe, inefficient, or
unimodal plans that cannot meet real-time requirements. We
propose StepNav, a novel framework that bridges this gap by
introducing structured, multimodal trajectory priors derived
from variational principles. StepNav first learns a geometry-
aware success probability field to identify all feasible navigation
corridors. These corridors are then used to construct an explicit,
multi-modal mixture prior that initializes a conditional flow-
matching process. This refinement is formulated as an optimal
control problem with explicit smoothness and safety regulariza-
tion. By replacing unstructured noise with physically-grounded
candidates, StepNav generates safer and more efficient plans in
significantly fewer steps. Experiments in both simulation and
real-world benchmarks demonstrate consistent improvements
in robustness, efficiency, and safety over state-of-the-art gen-
erative planners, advancing reliable trajectory generation for
practical autonomous navigation. The code has been released
at https://github.com/LuoXubo/StepNav.

I. INTRODUCTION

Autonomous robots navigating complex, unstructured en-
vironments, such as cluttered forests or urban streets, must
generate smooth, feasible trajectories from visual inputs like
a history of observations and a goal image [1], [2]. These
trajectories need to respect physical constraints (e.g., continu-
ity and collision avoidance) while accounting for perceptual
uncertainty arising from occlusions, visual ambiguities, or
multi-modal routing choices (e.g., left vs. right at a junction).
Classical approaches often decouple perception and planning,
leading to brittle pipelines [3]. In contrast, end-to-end gener-
ative models, such as diffusion policies [4] and conditional
flow matching approaches [5], have shown promise by di-
rectly synthesizing trajectories from visual data. However,
these models are hampered by a fundamental challenge:
they fail to produce physically plausible, uncertainty-aware
trajectories efficiently, especially under visual ambiguity [6].

Unlike traditional motion planning problems where the
state space and constraints can be explicitly modeled, visual
navigation faces an inherent gap between high-dimensional,
noisy perceptual inputs and the low-dimensional manifold of
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Fig. 1. (a) FlowNav failed to avoid obstacles when navigating towards the
goal (an UAV). (b) Our StepNav estimates the success probability field to
generate the prior trajectory that can accelerate the refinement and improve
the success rate.

feasible trajectories. Bridging this gap requires mathematical
structure: the model must simultaneously (i) extract tempo-
rally consistent dynamics from raw video, (ii) represent the
multimodal nature of future possibilities under perceptual
ambiguity, and (iii) generate smooth, safe trajectories fast
enough for closed-loop execution. These three requirements
often conflict: methods that emphasize diversity lose effi-
ciency, those that enforce continuity ignore uncertainty, and
those that are real-time often compromise on safety.

This challenge manifests in two intertwined limitations.
First, trajectory generation typically starts from an unstruc-
tured Gaussian noise prior, which is agnostic to the manifold
of valid trajectories. This disconnect necessitates a long
refinement process (e.g., more than 10 diffusion steps) to
sculpt noise into a coherent path, rendering them unsuitable
for real-time robotics [7], [8]. Second, such priors overlook
the geometric structure inherent in visual inputs, such as
ambiguous corridors or occluded obstacles, resulting in over-
confident trajectories that ignore alternative paths and risk
safety in dynamic environments. While learned priors have
been explored [7], they often require auxiliary training stages
and lack explicit mechanisms for capturing multi-modal path
choices directly from visual cues.

In summary, the core difficulty lies in constructing trajec-
tory generators that are dynamically consistent, uncertainty-
aware, and real-time feasible. Existing approaches, by re-
lying on unstructured priors, struggle with the fundamental
trade-off between generative diversity and structured, effi-
cient planning. This motivates our work: a principled method
that injects structured, multimodal knowledge of navigation
feasibility directly into the generative process, avoiding the
inefficiency and brittleness of noise-driven sampling.

To tackle this challenge, we propose StepNav, a visual
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navigation framework that unifies variational field estimation
and optimal-control-based generative refinement. Our key
insight is that a dense, learned representation of navigability
can serve as a powerful foundation for constructing struc-
tured priors. Our contributions are threefold:

• We introduce a geometry-aware success probability
field, learned via a biharmonic-regularized PDE, that
captures the topology of all feasible navigation corridors
from temporally-smoothed visual features.

• We propose a method to extract a structured, multi-
modal mixture of trajectory candidates directly from
this field by identifying low-energy paths, providing a
powerful initialization for generative refinement.

• We formulate the final refinement as a regularized con-
ditional flow-matching (Reg-CFM) problem, which ex-
plicitly optimizes for trajectory smoothness and safety,
leading to higher-quality plans in fewer integration
steps.

II. RELATED WORK

A. End-to-End Visual Navigation

Visual navigation has evolved from classical modular
pipelines, which separate mapping, localization, and plan-
ning, towards end-to-end learning-based approaches. Early
learning methods often relied on reinforcement learning
(RL) [9], [10], but could struggle with sample efficiency
and generalization. More recent approaches leverage large-
scale pretraining and sophisticated architectures to improve
robustness. For instance, ViNT [11] introduced a founda-
tion model for visual navigation by pre-training on diverse
datasets. Other works have focused on incorporating explicit
3D representations, such as Gaussian Splatting, to provide
better spatial grounding for the navigation policy [12], [13].
While these methods have advanced the state of the art, they
often produce deterministic plans, limiting their ability to
handle inherent environmental ambiguity.

B. Generative Models for Trajectory Planning

To address the limitations of deterministic planners, gen-
erative models, particularly score-based diffusion and flow-
matching models, have emerged as a powerful paradigm for
trajectory generation [14], [15]. These models can capture
complex, multi-modal distributions of feasible paths. No-
MaD [4] was a pioneering work that applied diffusion models
to generate action sequences for navigation directly from
visual inputs. However, a fundamental challenge in these
models is their reliance on an uninformative prior, typically
isotropic Gaussian noise. Starting from pure noise requires a
long and computationally expensive reverse diffusion process
to generate a structured trajectory, which can compromise
physical plausibility and real-time performance.

Subsequent works have attempted to mitigate this issue by
using more informative priors. NaviBridger [7], for example,
uses a denoising diffusion bridge model initialized from a
separately trained motion prior to shorten the generation
process. NaviD [16] incorporates depth information to better
constrain the generated paths. To obtain a faster inference

speed, FlowNav [5] utilizes a combination of CFM and depth
priors from Depth Anything-v2. However, these learned
priors require additional training stages and do not explic-
itly model the geometric uncertainty that arises from the
alignment between visual perception and physical space. A
common limitation persists: the priors are either unstructured
or lack a rigorous geometric foundation.

Our work directly addresses this critical gap. Instead of re-
lying on unstructured noise or a separately learned network,
we propose a unified, geometry-aware prior constructed on-
the-fly from a learned success probability field computed
over temporally refined video features. By extracting salient
peaks and tracing low-energy corridors in this field we gener-
ate a compact, multi-modal mixture of candidate trajectories
that serve as an informative initialization for a lightweight
conditional flow-matching refinement. This design captures
perceptual uncertainty, avoids costly auxiliary pretraining,
and dramatically shortens refinement compared to noise-
initialized diffusion methods, enabling efficient, safe, and
diverse trajectory generation for real-time visual navigation.

III. METHOD

A. Problem Formulation

We formulate visual navigation as the problem of finding
an optimal finite-time trajectory τ : [0, 1] → Rd in the
robot’s local configuration space, given a history of visual
observations O = {I1, . . . , IT } and a goal image Igoal. The
objective is to minimize a composite cost functional J(τ)
that balances goal reachability with physical feasibility:

J(τ) =

∫ 1

0

(
λg ℓg(τ(t)|O, Igoal)

+ λs ℓsmooth(τ̇(t), τ̈(t)) + λc ℓcoll(τ(t))
)
dt,

(1)

where ℓg measures the likelihood of reaching the goal
specified by Igoal, ℓsmooth penalizes high curvature and jerk
to ensure dynamic feasibility, and ℓcoll encodes collision risk
with the environment.

Directly minimizing (1) is intractable due to the high di-
mensionality of O and the non-convex nature of the collision
cost. StepNav approximates the solution via a three-stage
variational approach: (1) extracting temporally consistent
features to estimate the geometry of ℓcoll and ℓg , (2) finding
coarse minimizers (priors) via a learned success field, and
(3) refining these priors via regularized optimal control.

B. Dynamics-Inspired Feature Refinement (DIFP)

To accurately estimate the cost landscape from video,
the visual features must be robust to noise and temporally
consistent. We encode inputs using a pre-trained V-JEPA2
encoder to obtain raw features Z = [z1, . . . , zT ] ∈ RT×D.
Raw features often contain high-frequency jitter uncorrelated
with robot motion.

We propose a refinement scheme that is not merely low-
pass filtering, but is goal-conditional. We compute a global
motion context zc =

∑T
t=1 wtzt (where wt are attention
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Fig. 2. Overview of StepNav. Given a sequence of input images and a goal image, we first extract temporal features via V-JEPA2 and refine them using
our DIFP module. These refined features are used to predict a success probability field F . From this field, we estimate several prior trajectories and sample
the prior trajectory according to the energy landscape E(τ). This prior is then refined into a smooth, feasible trajectory via Reg-CFM.

weights) representing the semantic intent of the episode. The
refined features Z̃ are the solution to:

Z̃ = argmin
Z′

(
∥Z ′ − Z∥2F︸ ︷︷ ︸

fidelity

+ ∥LZ ′∥2F︸ ︷︷ ︸
smoothness

+ ∥Z ′ − zc1
⊤∥2F︸ ︷︷ ︸

goal alignment

)
,

(2)
where L is the temporal Laplacian. The third term forces
the feature trajectory to lie close to the global goal context,
suppressing task-irrelevant visual variations. The closed-form
solution is:

Z̃ = (2I + L⊤L)−1(Z + zc1
⊤). (3)

This mechanism ensures that the downstream field estimation
focuses on the stable, goal-oriented structure of the environ-
ment rather than transient visual noise.

C. Success Probability Field and Structured Prior

We approximate the inverse cost landscape via a success
probability field F : Ω ⊂ Rd → [0, 1]. A lightweight
convolutional head predicts F from (Z̃, zc). We define F
as the minimizer of the variational energy:

E [F ] =∫
Ω

(
(F (x)− y(x))2 + µ∥∇F (x)∥2 + ν∥∇2F (x)∥2

)
dx,

(4)
where y(x) are binary labels from expert demonstra-
tions. The Euler-Lagrange equation yields a biharmonic-
regularized Poisson PDE:

−ν∆2F (x) + µ∆F (x) + (F (x)− y(x)) = 0. (5)

The biharmonic term ∥∇2F∥2 is crucial: it penalizes sharp
transitions, effectively ”widening” the narrow feasible paths
found in demonstrations into smooth navigable corridors.

We then define an energy landscape E(τ) related to the
path integral of this field:

E(τ) =

∫ 1

0

− log(F (τ(t)) + δ) ∥τ̇(t)∥ dt. (6)

Minimizing E(τ) corresponds to finding paths that maxi-
mize the cumulative probability of success while minimizing
length. We solve this on a discretized graph using K-shortest
path search to identify distinct local minima (modes). To
preserve multi-modality, we select a diverse subset Tprior =
{τ (m)}Mm=1 using a greedy max-min Hausdorff criterion.
This yields a mixture prior:

pprior(τ) =

M∑
m=1

πm δ(τ − τ (m)), πm ∝ exp
(

S(τ(m))
T

)
.

(7)

D. Regularized Conditional Flow-Matching (Reg-CFM)

The structured prior provides a coarse solution to (1). We
perform fine-grained refinement using a Conditional Flow-
Matching (CFM) formulation interpreted as optimal control.
Given τ0 ∼ pprior, we define the flow dτt

dt = vθ(τt, t, zc).
We train vθ to match the conditional vector field ut while
explicitly imposing the smoothness and safety constraints
from (1):

LReg-CFM = Eτ,t

[
∥vθ(τt, t, zc)− ut∥2

+ ρ∥ ...
τ t∥2 − κ

∑
k

log(max(d(xk)− ϵ, 0))
]
,

(8)

where d(xk) is the distance to obstacles approximated via
1 − F (xk). Inference becomes an integration of vθ starting
from the structured prior τ0. Because τ0 is already close to
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the solution manifold, StepNav requires significantly fewer
integration steps (N = 5) compared to noise-based diffusion
(N > 10).

IV. EXPERIMENTS

We conduct a comprehensive set of experiments to validate
the performance of StepNav in a range of challenging and
diverse environments. Our evaluation is designed to rigor-
ously answer three central questions corresponding to our
core contributions:
Overall Efficacy: Does StepNav outperform other SOTA
visual navigation methods on challenging, standard bench-
marks in terms of success, safety, and path quality?
Component Necessity: Are the key components of our
framework (i.e., the DIFP feature refinement, the structured
multi-modal prior, and the Reg-CFM) all critical to its
performance?
Real-Time Feasibility: Is the proposed method efficient
enough for potential real-time deployment on robotic hard-
ware, and how does its latency compare to other generative
models?

A. Experimental Setup

Datasets. Following [4], we aggregate the training datasets
including RECON [23], SCAND [24], GoStanford [25], and
SACSoN [26]. These datasets encompass over 1,450 total
scenes, covering varied challenges like occlusions, dynamic
obstacles, and lighting variations.

To ensure a robust evaluation, our primary quantitative
comparisons are performed on two standard and challenging
benchmarks that represent distinct domains: Indoor (Stanford
2D-3D-S) [27] and Outdoor (Gazebo citysim) [28]. This
collection presents challenges such as severe occlusions,
dynamic obstacles, ambiguous corridors, and varied lighting.
Baselines. We compare StepNav against a representative
set of SOTA methods, including both generative and de-
terministic approaches: ViNT [11]: A strong deterministic
visual navigation model based on a pretrained foundation
model. NoMaD [4]: A pioneering diffusion-based policy for
navigation that starts from an unstructured Gaussian noise
prior. NaviBridger [7]: An improved diffusion model that
uses a separately trained motion prior to initialize a denoising
diffusion bridge, aiming for higher efficiency. FlowNav [5]:
A conditional flow matching model that refines trajectories
from Gaussian noise, without structured priors or regulariza-
tion.

For fair comparison, all learning-based methods are trained
on our specific dataset splits using the authors’ official
codebases and recommended hyperparameters.
Tasks and Protocols. We evaluate all methods on two
distinct tasks, following the protocol established in [4]:
Basic Task: Standard point-goal navigation where agents are
spawned in seen environments (from the training distribution
of scenes) and must navigate to a specified goal.Adaptation
Task: A more challenging zero-shot transfer task where
agents must navigate in entirely unseen environments with
significant domain shifts (e.g., different lighting, weather

conditions, and object textures) to test generalization. An
episode is considered successful if the agent reaches within
0.2 meters of the goal in under 500 steps.
Metrics. We report four standard metrics to comprehensively
assess the performance:

• Success Rate (SR, % ↑): The percentage of episodes
where the agent reaches the goal within a predefined
tolerance. The primary measure of task completion.

• Success Weighted by Path Length (SPL, ↑): A stan-
dard navigation metric [29], defined as SPLi = Si ·
Li/max(Pi, Li), where Si = 1 if the goal is reached
(within 0.2 m, ≤500 steps), else 0; Li is the shortest
path length, Pi the executed path length. Reported SPL
is the mean over episodes.

• Collision Rate (%, ↓): The percentage of episodes
ending in a collision, directly measuring safety.

• Minimum Snap (MS, m2/s7 ↓): A measure of the integral
of the squared snap (fourth derivative of position),
which quantifies trajectory smoothness. Lower values
indicate more dynamically feasible and comfortable
paths.

Implementation Details. All models were trained on
NVIDIA RTX 4090. We will release our code and evaluation
framework upon publication to ensure full reproducibility.
We deployed StepNav on a real-world Clearpath Jackal robot
equipped with an NVIDIA Jetson AGX Orin, demonstrating
real-time navigation in both indoor and outdoor settings. The
robot uses a forward-facing RGB camera for visual input and
relies on onboard computation for trajectory generation and
execution.

B. Comparison with SOTA Methods

As summarized in Table I, StepNav demonstrates a clear
performance advantage over all baselines across both indoor
and outdoor navigation tasks. On the indoor Basic Task,
StepNav achieves an SR of 95%, outperforming the next best
baseline (NaviBridger) by 3 percentage points. This perfor-
mance gain is even more pronounced in the more challenging
Adaptation Task. Crucially, the improvement is not just in
the success rate. StepNav also achieves the highest SPL
scores, indicating that its successful paths are more efficient.
Furthermore, it records the lowest Minimum Snap and is
tied for the lowest Collision Rate, demonstrating its ability
to generate trajectories that are both safer and smoother. This
superior performance stems from the structured prior, which
provides a strong, geometry-aware initialization. Unlike No-
MaD, which must expend many refinement steps to shape
unstructured noise, or NaviBridger, whose separately trained
prior is inherently unimodal, StepNav’s on-the-fly, multi-
modal prior allows it to robustly handle ambiguous scenarios
(e.g., junctions), leading to more effective and safer plans.

The efficacy of our multi-modal prior is particularly
evident in ambiguous scenarios. Fig. 4 provides a quali-
tative visualization of StepNav’s internal mechanism when
encountering a challenging T-junction. At this junction, the
learned success probability field correctly identifies two
viable corridors: one straight ahead and another to the right.
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Fig. 3. Examples of StepNav in complex indoor and outdoor navigation tasks. The top row shows outdoor navigation in a simulated urban environment,
where StepNav successfully navigates a multi-lane intersection with other agents. The bottom row illustrates indoor navigation in a cluttered room,
demonstrating avoidance of static obstacles. The yellow trajectories are the estimated paths and the green dots represent the groundtruth waypoints.

TABLE I
QUANTITATIVE RESULTS REPORTED AS MEAN ± STANDARD DEVIATION ON INDOOR (STANFORD 2D-3D-S) AND OUTDOOR (CITYSIM) NAVIGATION

TASKS.

Task Method Indoor (Stanford 2D-3D-S) Outdoor (Citysim)

SR (%) ↑ SPL ↑ Coll. (%) ↓ MS (m2/s7) ↓ SR (%) ↑ SPL ↑ Coll. (%) ↓ MS (m2/s7) ↓

Basic
Task

ViNT 68±2.7 0.71±0.04 1.0±0.25 0.28±0.04 20±3.1 0.68±0.05 0.8±0.22 0.35±0.05
NoMaD 86±2.5 0.69±0.04 0.7±0.24 0.30±0.04 22±3.4 0.65±0.05 0.6±0.21 0.37±0.05
NaviBridger 92±1.9 0.73±0.03 0.6±0.18 0.26±0.03 44±3.6 0.69±0.04 0.6±0.20 0.33±0.04
FlowNav 90±2.2 0.81±0.02 0.8±0.22 0.22±0.03 40±3.1 0.73±0.04 0.5±0.18 0.30±0.04
StepNav 95±1.1 0.80±0.02 0.6±0.12 0.20±0.02 57±3.0 0.76±0.03 0.5±0.10 0.28±0.03

Adaptation
Task

ViNT 28±3.4 0.63±0.05 1.6±0.35 0.33±0.04 38±3.8 0.60±0.06 0.4±0.13 0.40±0.05
NoMaD 32±3.7 0.61±0.05 1.3±0.33 0.35±0.04 52±4.1 0.58±0.06 0.3±0.12 0.42±0.05
NaviBridger 88±2.2 0.65±0.04 0.5±0.20 0.31±0.03 64±4.2 0.62±0.05 0.3±0.11 0.38±0.04
FlowNav 85±2.5 0.71±0.04 0.6±0.21 0.33±0.03 65±4.0 0.70±0.05 0.4±0.12 0.36±0.04
StepNav 90±1.6 0.74±0.03 0.4±0.12 0.24±0.02 68±3.5 0.71±0.04 0.3±0.10 0.32±0.03

Subsequently, our prior extraction method generates distinct
candidate trajectories for each potential corridor (gray lines).
The highest-scoring candidate, based on our energy function,
is then selected and refined via Reg-CFM into the smooth,
final trajectory (yellow line). In contrast, baseline methods
that depend on unimodal or unstructured priors often commit
prematurely to a single, and potentially incorrect, path in
such situations.

Fig. 4. A qualitative visualization of StepNav’s core mechanism at
an ambiguous T-junction. The gray lines indicate the generated prior
trajectories, while the yellow lines represent the final trajectories of StepNav
and other baseline models. The ground truth trajectories are shown in green.

C. Computational Performance

A key requirement for autonomous navigation is real-
time performance. In Table II, we compare StepNav against
baselines in terms of inference parameters, latency, and
throughput on an NVIDIA AGX Orin. While ViNT is the
fastest due to its deterministic nature, StepNav achieves a
competitive 8.5 Hz, significantly outperforming other gener-
ative approaches like NoMaD (6.6 Hz). This efficiency is due
to our structured prior, which reduces the required number
of CFM integration steps to just 5, compared to 10+ steps
for standard diffusion.

TABLE II
COMPUTATIONAL ANALYSIS ON NVIDIA AGX ORIN.

Method Params Lat. (ms) FPS Mem (GB)

ViNT 85 35 28.5 1.2
NoMaD 142 151 6.6 2.1
NaviBridger 150 148 6.7 2.2
FlowNav 145 145 6.9 2.2
StepNav 168 117 8.5 2.4

D. Ablation Studies

To deconstruct StepNav’s performance and validate our
design choices, we conduct a series of ablation experiments
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on the Stanford 2D-3D-S dataset, chosen for its diverse set
of indoor challenges.
1. Impact of the Structured Prior. This is the most critical
ablation, designed to test the value of our success-field-driven
prior. We compare our full model against two variants:

• Gaussian Prior: Our Reg-CFM initialized with a stan-
dard isotropic Gaussian noise, effectively making it
similar to a flow-based version of NoMaD.

• Peaks as Prior: A simplified, unimodal prior formed
by only using the detected peaks from the success
probability field and connecting them.

Results in Table III show a clear and significant performance
hierarchy. The Gaussian Prior variant performs worst, con-
firming that an uninformative prior struggles to generate suc-
cessful and efficient trajectories. Using even a simple struc-
tured prior (Peaks as Prior) yields a massive improvement
(e.g., +12.8% SR), demonstrating the power of grounding the
initial trajectory in the success field. Finally, our full multi-
modal prior provides another substantial boost, particularly
in SR and SPL, which validates the importance of exploring
diverse hypotheses via low-energy corridor tracing.

TABLE III
ABLATION STUDY ON THE COMPONENTS OF THE STRUCTURED PRIOR.

Prior Type SR (%) ↑ SPL ↑ Coll. (%) ↓ MS ↓

Gaussian Prior 72.5 0.64 1.3 0.38
Peaks as Prior 85.3 0.71 0.8 0.31
StepNav (Full) 94.8 0.80 0.6 0.20

2. Impact of Feature Refinement. To verify the contribution
of the DIFP module, we compare our full model with a
variant, w/o DIFP, which uses the raw V-JEPA2 features
directly for success field prediction. As shown in Table IV,
removing DIFP causes a stark degradation across all metrics,
with SR dropping by 15%. This confirms our hypothesis
that raw video features contain temporal inconsistencies and
noise that are detrimental to planning. The DIFP module’s
ability to enforce motion-coherence is therefore crucial for
downstream performance.

TABLE IV
ABLATION STUDY ON THE DIFP FEATURE REFINEMENT MODULE.

Variant SR (%) ↑ SPL ↑ Coll. (%) ↓ MS ↓

w/o DIFP 79.8 0.61 1.9 0.29
StepNav (Full) 94.8 0.80 0.6 0.20

3. Ablation on the Success Probability Field. To demon-
strate that our learned, dense success probability field is
a superior representation for prior generation, we compare
it against simpler alternatives, keeping all other framework
components (DIFP, path extraction logic, CFM optimizer)
fixed.

• Direct Waypoint Regression: This variant removes the
concept of a field entirely. The model head is modified
to directly regress a sequence of key waypoints, testing
if a dense intermediate representation is necessary.

• Depth Field: We use a pre-trained monocular depth
estimator (DepthAnything) to create a simple geometric
traversability field where higher values correspond to
more distant (i.e., open) space. This tests if simple
geometric cues are sufficient, as opposed to a learned,
task-oriented field.

• StepNav (Learned Field): Our full proposed method.
Table V shows that our learned field significantly outper-
forms both alternatives. Direct regression performs poorly, as
it lacks the rich topological context of a dense field, making
it brittle. The depth field performs better but is still inferior
to our learned field. This is because our field is not just aware
of ”empty space” but is trained end-to-end to identify regions
that are part of a ”successful path to the goal,” embedding
crucial task-oriented semantics that pure geometry lacks.
This experiment confirms that learning a dense, task-aware
success field is a key innovation of our approach. Notably, the
depth field achieves slightly better performance in terms of
collision rate, suggesting that explicit depth cues may provide
complementary benefits. This insight motivates future work
on integrating depth information more directly into our
framework.

TABLE V
ABLATION STUDY ON THE REPRESENTATION USED FOR PRIOR

GENERATION.

Prior Generation Method SR (%) ↑ SPL ↑ Coll. (%) ↓

Waypoint Regression 74.2 0.66 1.6
Depth Field 79.5 0.73 0.5
StepNav 94.8 0.80 0.6

4. Impact of Refinement Strategy. Finally, we validate our
choice of the Reg-CFM for refinement. Using our complete
structured prior as a fixed starting point, we compare:

• Vanilla DDIM [30] (standard diffusion-based refine-
ment).

• Vanilla CFM [31] (no extra regularizers).
• CFM+Lsmooth (only smoothness penalty).
• CFM+Lsafe (only safety barrier).
• Reg-CFM (both Lsmooth & Lsafe).

As shown in Table VI, compared to vanilla CFM, incor-
porating only the Lsmooth term improves all metrics, most
notably reducing the Minimum Snap (MS from 0.30 to 0.23)
and more than halving the collision rate (from 2.1% to
0.8%). Conversely, adding only the Lsafe term significantly
lowers the collision rate to just 0.6%, but it has no effect on
smoothness. When both regularizers are used together, our
method achieves the best overall performance, with further
improvements in SR and SPL, and the lowest Collision rate
and MS simultaneously. This demonstrates that the two con-
straints are complementary. Even with a strong initial prior,
explicit and task-relevant regularization yields improvements
in deployable quality.

We also visualize the evolution of the trajectories across
2, 5, and 10 refinement steps. We compare StepNav with the
standard CFM baseline, which uses the same architecture but
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TABLE VI
REFINEMENT STRATEGY ABLATION (ALL INITIALIZED BY THE SAME

STRUCTURED PRIOR; 10 REFINEMENT STEPS UNLESS OTHERWISE

STATED).

Strategy SR (%) ↑ SPL ↑ Coll. (%) ↓ MS ↓

DDIM (10 steps) 84.1 0.68 1.9 0.33
CFM (10 steps) 84.9 0.71 2.1 0.30
CFM+Lsmooth 89.0 0.77 0.8 0.23
CFM+Lsafe 87.1 0.75 0.6 0.30
Reg-CFM (Ours) 94.8 0.80 0.6 0.20

is initialized from Gaussian noise. As shown in Fig. 5, Step-
Nav’s structured prior already captures the global topology
of the scene, allowing it to quickly refine to a high-quality
trajectory within just a few steps. In contrast, CFM starts
from an unstructured prior and requires many more steps to
converge to a reasonable path. Even after 10 steps, CFM’s
trajectory remains suboptimal and less smooth compared to
StepNav. This visualization confirms that our structured prior
significantly accelerates convergence and leads to superior
final trajectories.

Fig. 5. Refinement strategies under identical structured prior initialization.
StepNav converges faster and yields smoother trajectories compared to
CFM, which starts from Gaussian noise.

5. Ablation on Refinement Steps. We evaluate the effect of
refinement steps on scalability. As shown in Fig. 6, StepNav
achieves rapid gains and converges within five iterations,
reaching over 95% SR with negligible collision rates. By
contrast, FlowNav and NaviBridger require more than ten
steps to attain comparable SR, while consistently exhibiting
higher collision rates. These results indicate that StepNav
yields faster convergence and more reliable navigation with
fewer refinements.

E. Real-World Deployment

We deployed StepNav on a Clearpath Jackal robot
equipped with an NVIDIA Jetson AGX Orin, demonstrating
real-time navigation in complex indoor settings. The robot
uses a forward-facing RGB camera for visual input and
relies on Orin AGX for trajectory generation and execution.
The system operates at 8.5Hz, surpassing FlowNav’s 6.9Hz,
thereby confirming its suitability for real-time applications.
Fig. 7 shows the robot successfully navigating through
cluttered environments, avoiding obstacles, and reaching

Fig. 6. Success rate (SR, dashed lines) and collision rate (Coll., solid
lines) as functions of refinement steps. StepNav converges within five steps,
whereas FlowNav and NaviBridger require more iterations to approach
comparable performance.

specified goals. Real-world tests confirm that StepNav’s
efficient inference and robust planning capabilities effectively
translate from simulation to physical deployment.

Fig. 7. Real-world deployment of StepNav on a Clearpath Jackal robot
navigating through an indoor environment.

V. DISCUSSION AND LIMITATIONS

While StepNav demonstrates strong performance and ef-
ficiency, explicit limitations remain. First, the multi-stage
architecture—encompassing encoder, refinement, field PDE,
and flow matching—introduces engineering complexity com-
pared to monolithic end-to-end Transformers. Errors in the
success field estimation can propagate to the prior and
final plan. Second, our approach relies on supervised binary
labels from expert demonstrations to learn the success field.
This limits scalability compared to self-supervised methods
and may reduce transferability to environments drastically
different from the training distribution. Third, our multimodal
extraction assumes the existence of well-separated high-
probability corridors. In wide, open spaces with uniform
traversability, the energy landscape may become flat, leading
to mode collapse or noisy prior initialization. Finally, while
the system is real-time, it does not currently model the future
intent of dynamic agents, treating them as dynamic obstacles
rather than interactive entities.
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VI. CONCLUSION

This paper presents StepNav, a novel framework for visual
navigation that combines a learned success probability field,
a structured multi-modal prior, and a regularized conditional
flow matching model. Our approach addresses key limita-
tions of prior generative navigation methods by providing a
strong, geometry-aware initialization and incorporating task-
relevant regularization. Extensive experiments on challenging
indoor and outdoor benchmarks demonstrate that StepNav
significantly outperforms state-of-the-art baselines in terms
of success rate, path efficiency, safety, and smoothness. Ab-
lation studies confirm the necessity of each core component,
and real-world deployment on a robotic platform validates its
practical feasibility. Future work will focus on improving ro-
bustness in dynamic environments by integrating short-term
motion forecasts directly into the success probability field
and exploring semi-supervised or self-supervised methods to
reduce the reliance on expert demonstrations.
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