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Fig. 1: We present OpenFrontier. Top: OpenFrontier detects and semantically evaluates visual frontiers directly in the image space, enabling language-conditioned goal reasoning
without dense 3D reconstruction. Arrow color encodes goal relevance, from red (high) to yellow (low). Bottom: Visual frontiers from individual observations are sequentially
grounded into the 3D metric space, driving long-horizon, natural-language—conditioned navigation across diverse goals in a fully zero-shot manner, without task-specific fine-tuning.

Abstract—Open-world navigation requires robots to make deci-
sions in complex everyday environments while adapting to flexible
task requirements. Conventional navigation approaches often
rely on dense 3D reconstruction and hand-crafted goal metrics,
which limits their generalization across tasks and environments.
Recent advances in vision—language navigation (VLN) and vision—
language-action (VLA) models enable end-to-end policies con-
ditioned on natural language, but typically require interactive
training, large-scale data collection, or task-specific fine-tuning
with a mobile agent. We formulate navigation as a sparse subgoal
identification and reaching problem and observe that providing
visual anchoring targets for high-level semantic priors enables
highly efficient goal-conditioned navigation. Based on this insight,
we select visual frontiers as semantic anchors and propose
OpenFrontier, a navigation framework that requires no task-
specific training or fine-tuning and seamlessly integrates diverse
vision—language prior models. OpenFrontier enables efficient
navigation with a lightweight system design, without dense 3D
semantic mapping, task-specific policy training, or model fine-
tuning. We evaluate OpenFrontier across multiple navigation
benchmarks and demonstrate strong zero-shot performance, as
well as effective real-world deployment on a mobile robot.

I. INTRODUCTION

Navigation in open-world environments requires robots to
reason over both high-level semantics and low-level geometry
while operating under partial observability. Classical object-
goal navigation methods typically rely on dense 3D recon-
struction followed by object detection and localization in a
global map [54, 2, 19], which demands accurate mapping and

struggles with cluttered scenes or small, ambiguous objects.
Previous learning-based approaches attempt to jointly solve
high-level decision making and low-level control through
reinforcement learning [6, 7, 52, 37, 53], but are commonly
limited to closed-set object categories and show poor gen-
eralization beyond training distributions [14]. More recently,
large language models (LLMs) and vision-language models
(VLMs) have been explored as sources of semantic priors
for navigation, either via end-to-end vision-language-action
training [42, 55, 8] or by directly prompting models for action
cues [26, 15]. However, such approaches often require large-
scale interactive training, suffer from real-time constraints, or
face fundamental difficulties in grounding high-level semantic
reasoning into metric navigation decisions.

While stronger semantic priors, larger datasets, and more
versatile policies continue to advance language-conditioned
navigation, an equally important challenge lies in identifying
an effective interface that grounds semantic reasoning into
physically meaningful navigation decisions. In this work, we
revisit the general robot navigation task and propose Open-
Frontier, a zero-shot navigation framework that uses visual
navigation frontiers as sparse, interpretable, and physically
grounded semantic anchors. Frontiers correspond to navigable
regions in metric space and naturally encode exploration while
remaining directly actionable, making them an ideal substrate
for language-conditioned reasoning. OpenFrontier presents de-
tected frontiers to a VLM using a set-of-marks formulation
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Fig. 2: System Overview. Given a posed RGB observation and a natural-language navigation goal, OpenFrontier detects visual frontiers in the image and directly queries a
vision—language model to evaluate their relevance (probability to the target) using in-image context. The resulting frontiers are then lifted into the 3D metric space with the updated
information gain as goal-conditioned candidates and globally managed to update navigation targets, perform path planning, and determine termination.

[48] over the individual RGB observation, enabling the model
to assign semantic relevance and priority to each candidate. It
maintains a global updating mechanism to keep track of sparse
frontiers. The robot then navigates by iteratively clearing fron-
tiers according to these grounded priors, balancing exploration
and exploitation while continuously assessing goal satisfaction.
OpenFrontier requires no dense semantic mapping, no task-
specific policy training, and no fine-tuning, is agnostic to the
choice of VLM for reasoning, and transfers seamlessly to
unseen environments, open-set goals and real-world scenarios.
We evaluate OpenFrontier across multiple indoor navigation
benchmarks, including both closed-set and open-set object-
goal navigation tasks, and demonstrate strong zero-shot gen-
eralization compared to prior methods. Despite its simplicity,
OpenFrontier shows competitive performance against recent
baselines while requiring the minimum mapping or fine-tuning
effort. Finally, we deploy our system on a mobile legged robot
and demonstrate robust real-world navigation in a large indoor
environment. As a summary, our main contributions are:

. We propose OpenFrontier, a navigation framework that
uses visual navigation frontiers as an interface for grounding
vision—language priors into actionable navigation goals for
language-conditioned object-goal navigation.

. We introduce a visual-target reasoning formulation that
evaluates candidate frontiers using vision—language models
and integrates semantic relevance with exploration-driven
information gain, without requiring dense 3D semantic maps
or task-specific policy training.

. We demonstrate strong zero-shot performance across mul-
tiple navigation benchmarks and validate the approach in
real-world robotic deployment.

II. RELATED WORK
A. Map-based Exploration and Navigation

Building explicit maps for navigation is one of the most
classical paradigms in mobile robotics [35, 1]. A wide range
of map representations have been investigated. Among them,
frontier-based exploration has long been a core approach,
where frontiers represent the boundary between known and

unknown space and serve as natural candidates for exploration-
driven motion [45]. Classical methods extract frontiers from
volumetric occupancy maps and select navigation goals based
on hand-crafted heuristics such as distance or information
gain [20, 36, 10, 17]. While effective, these approaches depend
on reliable mapping and typically operate purely on geometric
criteria.

Recent works extend frontier-based navigation by incor-
porating learning-based perception and semantic reasoning.
FrontierNet [34] demonstrates that frontiers can be de-
tected and evaluated directly from RGB images without
constructing dense maps, enabling lightweight exploration
driven by learned visual cues. Vision-Language Frontier Maps
(VLFM) [50] integrate vision-language priors into frontier-
based navigation by constructing dense semantic frontier maps,
allowing semantic relevance to guide frontier selection.

Semantic-enabled frontier representations are particularly
natural for object-goal navigation. Object-goal navigation has
been widely studied in the context of embodied AI, where
agents are tasked with navigating to objects specified by
category labels or semantic descriptions. Several benchmarks
have been proposed, including HM3D ObjectNav [43, 44] and
OVON [51], with OVON explicitly targeting open-vocabulary
settings, thereby increasing the complexity of required seman-
tic representations. GOAT-Bench [21] further evaluates open-
world object navigation with diverse object categories and
environments.

Early approaches rely on dense 3D reconstruction and
semantic mapping pipelines, combining object detection with
explicit spatial representations to guide navigation [54, 6].
BeliefMapNav [59] constructs voxel-based belief maps to
represent object likelihoods in 3D space, enabling zero-shot
navigation at the cost of maintaining dense semantic state.
Similarly, GOAT [5] maintains a dense semantic map from
which global and local policies derive actions. Another line
of work uses map representations as inputs to reinforcement
learning models to learn spatial information and navigation
policies [40, 7, 6, 29].

Another line of work focuses on zero-shot navigation, par-



ticularly enabled by recent advances in large-scale foundation
models. CoWs [13] guides frontier-based exploration using
CLIP-based semantic similarity. OpenFMNav [22] leverages
vision-language foundation models to support open-set object-
goal navigation, while History-Augmented VLM [16] incorpo-
rates memory mechanisms to improve zero-shot exploration.
ForesightNav [31] constructs CLIP-based semantic maps and
trains a model to predict vision-language features for un-
explored regions to guide navigation decisions. [IPPON [28]
builds volumetric occupancy maps augmented with language
embeddings during exploration and uses them for open-
vocabulary goal reasoning. UniGoal [49] proposes a universal
framework for zero-shot goal-oriented navigation by combin-
ing dense mapping, scene graph reasoning, and both LLMs and
VLMs. Despite the different approaches and design choices,
these methods often require persistent semantic maps, scene
graphs, or learned belief representations, and some further rely
on interactive learning to acquire navigation knowledge.

B. Vision-Language Navigation and Action Models

The emergence of large language models (LLMs) and
vision-language models (VLMs) has led to significant progress
in vision-language navigation (VLN) and vision-language-
action (VLA) systems [57]. Many approaches train end-to-
end policies conditioned on language instructions using re-
inforcement learning or imitation learning, often requiring
large-scale interactive data collection and task-specific fine-
tuning [56, 53, 38]. While effective in constrained settings,
these methods typically struggle to generalize beyond training
distributions and incur high computational cost at inference
time.

Several recent works explore general navigation by directly
leveraging pretrained foundation models. InstructNav [25]
relies on large-scale, closed-source vision-language and lan-
guage models to infer navigation actions directly from visual
observations and instructions. NAVILA [8] fine-tunes vision-
language models using datasets extracted from real-world
videos and maps them to robot action spaces through a
hierarchical structure. StreamingVLN [38] designs a sliding-
window key—value cache management architecture that enables
navigation through multi-round dialogue. Uni-NaVid [55] fur-
ther fine-tunes vision-language navigation models on specific
navigation benchmarks to achieve strong performance.

These approaches generally require large-scale datasets for
fine-tuning and often rely on frequent model queries, such
as direct action inference at every step. Such designs can be
computationally expensive and difficult to ground in metric
navigation space. Moreover, despite the significant training
resources involved, many VLN systems primarily focus on
target reaching or instruction following, which does not fully
exploit the rich spatial and semantic information inherently
captured by large-scale vision-language models.

III. METHOD

OpenFrontier adopts a minimal but effective principle: de-
tect and evaluate navigation target directly in the 2D image
domain whenever possible. Following this principle, both goal
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Answer: Detected Frontier Probabilities: [{ [0 5, ‘This frontier is in a corner, partially obscured by an armchair. While it leads
to unexplored space, its location makes it less likely to be a primary entrance to a living room. '], 'B': [0.8, ‘This is a clear,
conventional doorway, typically indicating a transition to another significant room. From a bedroom, a doorway often leads to a
hallway or directly to a common area like a living room or family room. This represents the most conventional and direct route to
another main part of the dwelling, making it highly probable to eventually lead to a living room.’], '": [0.05, "This frontier is located
very close to the bed and appears subtle, almost blending into the wall. It doesn't seem like a conventional doorway or a
significant opening for a main living area. Its position suggests it's more likely to be a small closet, a utility space, or a very
narrow, less-trafficked passage rather than a direct or indirect path to a living room."]}]

Fig. 3: The detected visual frontiers are jointly queried with the corresponding RGB
image using a set-of-marks prompting strategy. Each frontier is marked in the image,
enabling the VLM to evaluate its relevance to the given navigation instruction within
the local visual context. The resulting relevance probabilities are used to re-weight its
exploration-driven information gain from FrontierNet, effectively integrating task-specific
semantic priors with exploration.

identification and goal evaluation are carried out directly on
RGB observations I, € RF>XW>3 together with the associated
camera extrinsic parameters T, € SE(3) and the camera
intrinsic matrix K € R33 at time step ¢. OpenFrontier outputs
a goal pose, which can be further translated into control
actions for the robot. Given a natural-language navigation
goal, OpenFrontier processes the current observation I, to
identify a set of visual frontiers. Each frontier is first rep-
resented as F = {X, g}, where X = {p,q} denotes the 3D
position and orientation of the frontier in the world frame,
and g denotes its information gain. Importantly, no dense 3D
semantic reconstruction is required for goal identification. The
selected frontier is grounded in 3D space and used to generate
a goal pose, which is then passed to a low-level motion
planner for execution. The system iteratively updates frontier
information gain and replans as new observations arrive, until
the navigation goal is reached. An overview of the full system
of OpenFrontier is shown in Fig. 2.

A. Visual-Frontier Identification

A large body of robot navigation follows the convention of
using geometry frontiers [45, 27, 20, 50, 58] extracted from
volumetric maps as goal candidates for robot motion. Frontiers
provide an effective and natural representation for encourag-
ing exploration toward uncertain regions of the environment.
Inspired by FrontierNet [34], we observe that frontiers can
be detected and evaluated directly from a single 2D image,
which we refer to as visual frontiers, without relying on
dense 3D mapping or separating detection from evaluation.
We use visual frontier and frontier cluster interchangeably in
the remainder of the paper.

Following FrontierNet, we apply a similar pipeline to a
keyframe RGB observation I, and, after post-processing, re-
turns a set of frontier clusters F;, i € N. Each frontier cluster is
represented in the image domain and then back-projected into
3D space to obtain its pose. The frontier identification pipeline
also provides an information gain estimate g;, which captures
a pure exploration prior by predicting the volume of unknown
space associated with the frontier [34, 3, 10]. To incorporate
task-specific semantic priors, we directly ground a VLM onto
the frontier clusters in the image I,. Given a natural-language
goal L, the VLM assigns each frontier cluster a probability



p; € [0, 1] indicating the likelihood that navigating toward that
frontier will lead to accomplishing the goal. The final utility
of each frontier is computed as:

& =pi & (1
pi = VLM(Itv Fiv L)s (2)

where §; represents exploration-driven information gain and p;
injects task-conditioned semantic guidance, which is obtained
via the set-of-marks VLM query described below. This formu-
lation naturally balances general exploration with goal-directed
exploitation.

Visual frontiers are detected and clustered based on visual
cues in the input image, resulting in a set of frontier clusters
localized by their centroid pixel coordinates in the image
plane. These 2D locations provide a natural and explicit mech-
anism for guiding the attention of a vision-language model.
To this end, we adopt a set-of-marks querying strategy that
encourages the VLM to evaluate the correspondence between
each frontier cluster and the language-conditioned goal using
the surrounding image context. As illustrated in Fig. 3, we
overlay a visual marker [48, 32] at the 2D centroid of each
frontier cluster on the RGB observation. The marked image,
together with the natural-language goal, is jointly fed into the
VLM using an additional prompt that instructs the model to
output a probability score for each marker. An example prompt
template is provided in the Appendix. This querying strategy
enables the VLM to jointly reason about all candidate frontiers
within a single forward pass, while leveraging fine-grained 2D
visual context directly tied to actionable navigation locations.
Moreover, by anchoring reasoning in the image plane, this
formulation avoids requiring the VLM to perform explicit 3D
spatial reasoning, where current models are known to be less
reliable [12].

B. Frontier Management

Long-horizon navigation requires maintaining and updating
goals at a global level. We maintain a set of active frontier
goals and manage their selection and update throughout the
navigation process. Similar to classical exploration strategies,
the utility of each frontier is periodically updated based on the
current robot state. Specifically, for each frontier i, we compute
a global utility

i

=— 3)
P, = pill

u;
where p, denotes the current position of the robot. This formu-
lation favors frontiers that are both semantically relevant and
spatially efficient to reach. The frontier with the highest utility
is selected as the next navigation goal and passed to a low-
level planner. The choice of low-level planner is flexible. When
no global map is available, a map-free PointGoal navigation
policy [39, 46, 41, 47, 23] can be used. Alternatively, if
a 3D volumetric representation is maintained, a map-based
collision-free planner can be applied without modifying the
frontier management logic.

Algorithm 1 Global Target Management

Require: Global frontier set F, cleared set C, proposals i’,
Require: Robot position p,., PointNav =, goal L
Require: Thresholds 7,,ec: Felears F'nears "'goal
Require: Progress parameters (T, €gian)
I: hasTarget « 0, x* «< 0
2 stall < 0, dpey < 10°
3: while true do
4 F < MERGEUPDATE(F, F\. Tinerge)
5: F « PRUNE(F, C, rjeqr)
6: F « INSERTVIEWPOINTIFANY(F, L, rpear)
7 (ok,F*) « SELECTBEST(F, p,)
8 if ok =0 then
9: continue
10 end if
11: (p,,d) « STEPTO(x, F*)
12: (drop, stall,dye,) <
HANDLEPROGRESS(d, d
13: if drop =1 then

prev> stall, Tstall’ €stall)

14: C <« Cu {Pos(F*)}
15: F < F\ {F*}

16: continue

17: end if

18: if d <ry, then

19: C « CU {POsS(F*)}
20: F <« F\ {F*}

21: end if

22: (hasTarget,x*) «

VERIFYANDSETTARGET(F*,L,d, r.,.)
23: if hasTarget =1 then

24: (p,,_) < STEPTOPOS(x,x™)
25: if ||p, — X*|| < ryoy then
26: break

27: end if

28: end if

29: end while

While the robot navigates through the environment, the
RGB observations are processed by an open-vocabulary seg-
mentation model [4] to generate segmentation masks corre-
sponding to the target. When a valid mask is detected, depth
and camera pose are used to estimate the 3D centroid of the
object. A new frontier with high (effectively infinite) utility is
then instantiated at a fixed offset from the object, oriented to
face it directly. This viewpoint frontier is inserted into the
active frontier set and prioritized by the frontier manager,
encouraging the robot to move to a configuration that provides
direct visual access to the object.

After the robot reaches the viewpoint frontier, the corre-
sponding RGB observation is queried by the same vision—
language model to verify the presence of the target. If the
object is not confirmed, the viewpoint frontier is removed and
the object hypothesis is discarded. If the object is confirmed,
the estimated centroid is designated as the final target position,
and the robot is instructed to approach it as closely as possi-



Method Zero-shot Spatial Representation

| HMB3D Val OVON Val Unseen
| SR (%)t SPL (%)1| SR (%)t SPL (%)t |SR (%)t SPL (%)t

MP3D Val

History-Aug. VLM [16] v 2D semantic & textual history 46.0 24.8 - - - -
OpenFMNav [22] v dense 2D semantic 52.5 24.1 37.2 15.7 - -
InstructNav [25] v dense 2D value map 58.0 20.9 - - - -
BeliefMapNav [59] v 3D voxel belief map 61.4 30.6 37.3 17.6 - -
VLEM [50] v dense 2D value map 52.5 30.4 36.4 17.5 35.2 19.6
DAgRL+OD [51] X none - - - - 37.1 19.9
UniGoal [49] v 3D scene graph 54.5 25.1 41.0 16.4 - -
Uni-NaVid [55] X none 73.7 37.1 - - 39.5 19.8
OpenFrontier (Ours) v sparse visual frontiers 77.3 35.6 40.7 17.8 39.0 20.1

TABLE I: Performance Comparison on Habitat ObjectNav benchmarks. Zero-shot indicates no fine-tuning on navigation tasks. Spatial Representation denotes the primary global

representation each method uses for goal reasoning and planning.

ble. Algorithm 1 summarizes the global frontier management
process from goal selection to termination. For simplicity, the
algorithm presents a compact formulation; additional imple-
mentation details for the helper functions are provided in the
Appendix.

C. Flexible Framework Design and Open-Context Query

OpenFrontier is structured around a clear separation be-
tween visual-frontier perception/reasoning and global goal
management. This separation is enabled by the use of naviga-
tion frontiers as the interface between the two components.
We construct frontiers as a lightweight and interpretable
abstraction that bridges visual-frontier reasoning with global
decision making. As a result, each component of the pipeline
can be modified or replaced independently, providing a high
degree of flexibility in system design.

Importantly, OpenFrontier does not assume any pre-training,
fine-tuning, or in-context learning of the vision-language
model. The VLM is queried in an open-context manner and
can be replaced directly without modifying the rest of the
system. Likewise, the framework does not require dense 3D
reconstruction or semantic mapping. However, when available,
simple geometric information can be incorporated to improve
robustness. In our implementation, an optional lightweight
volumetric map built from monocular depth priors is used
only for basic filtering: occupied space is used to discard
unreachable or unsafe frontiers, while free space is used to
suppress frontiers whose exploration information gain has been
exhausted during navigation. These geometric cues operate
asynchronously and are not required for the reasoning steps,
but consistently improve navigation performance in practice.

IV. EXPERIMENT AND RESULTS
A. Experimental Setup

We evaluate OpenFrontier along three dimensions: (1) per-
formance on object-goal navigation tasks, (2) flexibility and
generalization across environments, VLMs, and task settings,
and (3) robustness to the sim-to-real gap. To measure the
overall quantitative performance, we benchmark OpenFrontier
on three object-goal navigation datasets: HM3D ObjectNav,
MP3D ObjectNav [43, 44], and OVON [51]. All benchmarks
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Fig. 4: Navigation Results across two representative baseline methods and OpenFrontier
(HM3D: 5cdEh9F2hJL, goal: bed). The red square and shaded region indicate the
ground-truth target location and its success region. OpenFrontier shows stronger decision-
making ability, e.g. at multi-choice intersections, navigating directly toward the target
region while avoiding redundant exploration of irrelevant areas.

OpenFrontier (Ours)

G

follow the Habitat Navigation Challenge formulation. HM3D
and MP3D consider closed-vocabulary object goals, while
OVON extends the task to open-vocabulary settings with more
diverse language descriptions.

We implement OpenFrontier within the Habitat framework
and evaluate navigation performance using standard metrics:
Success Rate (SR, %) and Success weighted by Path Length
(SPL, %). We compare against a set of baseline methods
spanning dense 3D mapping approaches, belief-based plan-
ners, and recent vision-language navigation methods. For
object-goal benchmark experiments, we use Gemini-2.5-flash
as the VLM model. Low-level navigation is executed using
a DD-PPO point-goal policy [39] with pretrained weights
from VLFM [50], which matches the Habitat action space.
Visual frontier detection is performed using FrontierNet with
pretrained weights from [34]. We use the same set of system
parameters across all benchmarks. Empirically, we run frontier
detection and reasoning every six steps. All experiments are
conducted on a machine equipped with a single RTX 4090
GPU (24GB). Details about parameter settings can be found
in the Appendix.

B. ObjectNav Benchmark Evaluation

OpenFrontier achieves competitive performance across all
three benchmarks compared to state-of-the-art baselines.
Quantitative results are summarized in Table I. As the system
only processes keyframes and operates on a sparse set of
frontiers, it avoids high-frequency inference such as step-
by-step mapping updates used by History-Augmented VLM,
or direct action inference as in Uni-NaVid. Under a sin-



Fig. 5: Additional Navigation Examples. Top: OVON scenes with goals (left to right)
refrigerator, picture, and dishwasher. Middle: MP3D scenes with goals stool, table, and
cushion. Bottom: HM3D scenes with goals sofa, toilet, and bed. All experiments are
conducted using the same system configuration and parameters across datasets.

gle, uniform configuration across all scenes, OpenFrontier
outperforms most baselines on all three datasets. Compared
to the strongest competing methods, OpenFrontier is 1.5%
lower in SPL on HM3D validation and 0.5% lower in SR on
OVON than Uni-NaVid, and 0.3% lower in SR than UniGoal.
Notably, Uni-NaVid is a VLN model fine-tuned on these
benchmarks and their action spaces, while UniGoal relies on
dense mapping, scene graph construction, and the combined
use of both a LLM and a VLM model. Despite these additional
assumptions, UniGoal performs more than 20% lower in SR
than OpenFrontier on HM3D. Overall, OpenFrontier adopts
a minimal design while maintaining stable and competitive
performance across benchmarks. Additionally, we provide a
failure case decomposition in Fig. 10, with more detailed
analysis in the Appendix.

To further inspect qualitative behavior beyond aggregate
numbers, we re-ran two representative baselines, InstructNav
and VLFM, under the same evaluation setup on the en-
tire HM3D validation set. InstructNav uses both advanced
VLM and LLM models, while VLFM adopts a frontier-
based strategy combined with dense mapping and feature
integration. As shown in Fig. 4, OpenFrontier demonstrates
higher navigation efficiency in complex scenes with multiple
branching corridors, consistent with the quantitative results.
Fig. 5 presents additional qualitative examples across all three
evaluation datasets. In these scenarios, OpenFrontier demon-
strates effective spatial and semantic reasoning, allowing the
agent to bias exploration toward goal-relevant regions and
reach the target efficiently. Additional qualitative results are
provided in the Appendix.

Vision-language models are used in OpenFrontier for two
purposes: frontier utility reweighting and goal verification.
Goal verification is triggered only when a candidate target
is detected by SAM3 [4]. Neither component requires task-
specific training or fine-tuning, allowing the VLM to be easily
replaced with alternative models. To evaluate this flexibility,

Method (VLM) SR (%)1 SPL (%)1
UniGoal (LLaVA 1.6) 54.5 25.1
History-Aug. VLM (LLaVA 1.6) 46.0 24.8
InstructNav (Gemini-2.5-flash) 52.0 22.0
OpenFrontier (LLaVA 1.6) 74.2 353
OpenFrontier (InternVL3_5-8B) 74.5 34.5
OpenFrontier (Gemma-3-4b-it) 76.9 33.7
OpenFrontier (Gemini-2.5-flash) 77.3 35.6

TABLE II: VLM Sensitivity and Cross-Method Comparison on HM3D. The swapped
VLM here refers to the frontier-reweighting reasoning model; the InstructNav (Gemini-
2.5-flash) entry is a re-run with the substituted VLM and therefore differs from the
original number in Table I. Within OpenFrontier, VLM-induced variance is small (< 3%
SR), showing that our framework offers a stable and universal interface for leveraging
VLMs. At a matched VLM, OpenFrontier substantially outperforms baselines, indicating
that the gain is driven by the visual-frontier design rather than by VLM strength.

we run the full HM3D evaluation using several other VLMs.
As shown in Table II, replacing Gemini-2.5-flash [9] with
other publicly available or open-source models, including the
older LLaVA 1.6 [24], results in only a marginal performance
decrease (< 3% SR) while maintaining strong compatibility
with our framework. To further isolate the contribution of the
system design from that of the VLM, the same table also
reports a cross-method comparison in which baselines and
OpenFrontier are evaluated using the same VLM backbone.
At a matched VLM, OpenFrontier substantially outperforms
UniGoal, History-Aug. VLM, and InstructNav, indicating that
our gains are not attributable to VLM strength alone but
to the visual-frontier representation and the system design
around it. We further evaluate a broader set of VLMs on real-
world images to compare their image-space reasoning ability
with frontier selection capability. The qualitative comparison
in Fig. 7 illustrates the differences in reasoning behavior
across models. Despite differences in the exact probability
values generated by different VLMs, all tested models provide
reasonable probability estimates. These results suggest that
for OpenFrontier stronger VLMs naturally bring improved
performance with just a simple switch, however it is also
generally robust to the choice of different VLM.

Beyond category-level object navigation, we also evaluate
OpenFrontier under more complex language conditions that
include spatial or appearance context, which the quantitative
protocol does not easily capture. Fig. 6 shows an example
comparing the goals “Plant” and “Plant in Bathroom”. The
resulting trajectories and frontier probability assignments differ
accordingly, with OpenFrontier prioritizing bathroom-related
frontiers under the spatially conditioned query. Additional
examples are provided in the Appendix. These results demon-
strate that OpenFrontier is able to exploit contextual reasoning
from VLMs and successfully ground it onto frontiers to
support goal specifications with more complex context.

C. Real-World Deployments

Finally, we evaluate OpenFrontier in real-world settings.
The results in Fig. 7 already demonstrate the visual frontier
identification module on real indoor images with human-
specified language targets, verifying its generalization beyond
simulation. We further deploy OpenFrontier on a legged robot
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Fig. 6: OpenFrontier Navigation Example with Different Goal Contexts (HM3D: 5cdEh9F2hJL). Top: target is “plant in the bathroom.” Bottom: target is “plant.” The robot is
initialized at the same starting location in both runs. From left to right, we show selected frames along the navigation trajectory together with the corresponding image observations
overlaid with detected frontiers. The rightmost image is the final observation that triggers termination once the target enters the field of view. Despite observing similar frontier
locations, OpenFrontier assigns different relevance probabilities depending on the goal context. As a result, the top trajectory prioritizes regions likely associated with the bathroom,
while the bottom trajectory moves toward the living room, which also commonly contains plants.
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Fig. 7: Visual Frontier Reasoning Examples. Four different VLMs are evaluated for
frontier probability estimation (without normalization) using the set-of-marks querying
strategy (left to right: Qwen3-VL, Gemini-2.5, GPT-4o, InternVL-3.5). All models
operate on the same real-world image with the same prompt after frontier detection.
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(Boston Dynamics Spot) and conduct navigation tasks in
a large-scale indoor environment. The system is integrated
within ROS, with RGB observations provided by the camera
mounted on the robot arm end-effector. The camera pose is
obtained from the robot’s onboard vision—inertial odometry.
The robot is started at different initial locations and given
different language inputs for the target, without any prior
knowledge of the scene layout. Fig. 8 shows an example in
which the robot autonomously navigates to a fire extinguisher
in a large indoor environment without any human intervention.
We further conduct a small-scale quantitative evaluation in the
indoor environment, covering 5 different target objects with 10
navigation trials in total, and obtain a 70% success rate.

V. INSIGHTS

OpenFrontier occupies an intermediate design point between
recent advanced navigation approaches that either rely on rich
3D map representations or require training VLN/VLA models
for navigation settings. Despite its zero-shot setup, OpenFron-
tier demonstrates stable and competitive performance across
benchmarks and transfers effectively from simulation to real-
world deployment. In this section, we discuss several insights
that help explain these observations.

A. Why the Design Is Effective

A key observation from OpenFrontier is that a lightweight
navigation pipeline can be highly effective when appropriate
representations and system interfaces are used. We attribute
the effectiveness of OpenFrontier to three aspects of the visual-
frontier abstraction.

(1) Detection and reasoning operate in a shared image
space. Because visual frontiers are detected and evaluated
on the same RGB observation, the VLM sees the full visual
context behind each candidate without any lossy intermediate
representation, and is asked to perform a task it is much closer
to its training setting: 2D visual reasoning rather than 3D
spatial reasoning over multi-view inputs or abstract scene-
level representations. This yields three direct consequences.
(a) Direct Adaptation. No fine-tuning is needed for the VLMs
to give high-quality reasoning results. (b) Robustness to the
VLM backbone. Swapping the reweighting VLM across four
backbones, including the older LLaVA 1.6, induces only < 3%
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Fig. 8: Real-world Deployment. Example of a deployment of OpenFrontier queried to find a fire extinguisher. The blue arrows illustrate the path of the robot through the environment.
The yellow boxes mark the VLM prompt images for different keyframes, connected to some key 3D frontiers marked during navigation on the map. The red box shows the detection

of the target object that signals successful task completion.

SR variation (Table II). Combined with the absence of any
fine-tuning or in-context learning, this gives OpenFrontier a
truly zero-shot operating mode in which most of the inductive
load is carried by the representation rather than by the VLM.
The same image-space framing also explains our advantage at
matched VLM backbones (Table II). (¢) Natural extensibility.
The query interface is straightforward to extend with additional
context. As a proof-of-concept, a history-augmented variant
simply appends a small set of recent keyframes to the VLM
query (Fig. 9), so the model can refine a frontier’s relevance
in light of what has already been observed, while frontier
detection, global management, and the rest of the pipeline
remain unchanged.

(2) The utility merges complementary exploration and
exploitation priors. The frontier utility g; = p; §; combines a
geometric exploration prior g; from FrontierNet (the expected
unobserved volume revealed by visiting the frontier) with a
semantic exploitation prior p; from the VLM (high-level scene
and object knowledge conditioned on the goal). These priors
are genuinely complementary: FrontierNet has no notion of
task semantics, while FrontierNet outperforms current VLMs
on estimating unobserved 3D volume. Combining them in a
single utility lets each compensate for the other’s weakness
and naturally balances coverage of unexplored regions with
goal-directed bias.

(3) The system has a sparse, transferable, and hierarchi-
cally aligned interface. Detected in 2D, visual frontiers are
then grounded in 3D, where they directly serve as actionable
navigation targets. Their sparsity makes them robust to noisy
sensor input, and inexpensive to maintain and update over long
horizons, providing a form of global memory without dense
semantic state. The same abstraction also aligns naturally with
the standard high-level / low-level decomposition of robot
navigation: frontiers carry the high-level semantic decisions
while a low-level controller handles execution, letting each
component operate at the level of abstraction where it is
most effective. Future work may explore tighter but principled

Fig. 9: History-Aug)

ted Frontier R
marks frontier annotations. Right: three prior keyframes from the same room, passed as
additional context. Given television as the navigation target, without history, the VLM
assigns p=0.65 to Frontier A based on category-level priors about bedrooms. With history,
the VLM recognizes that the bedroom has already been observed without a television
and lowers the probability to p=0.10.

ing. Left: current observation with set-of-

integration between these two levels, enabling mutual feedback
while preserving the benefits of modularity.

B. When and Why It Fails

Despite strong benchmark performance, OpenFrontier re-
mains susceptible to several failure modes. As Fig. 10 shows,
failure types differ across benchmarks but follow a consistent
pattern. One major challenge lies in termination criteria, which
is non-trivial in open-world navigation settings. Some failures
are influenced by limitations of the Habitat benchmark itself.
However, our analysis indicates that these cases also expose a
broader limitation of OpenFrontier, namely its limited ability
to recover from failure once progress stalls. Even after a target
is detected and navigation reduces to point-goal execution, the
robot may move in incorrect directions or become trapped
in local minima. In such cases, the system currently lacks
a mechanism to quickly recognize failure and trigger re-
reasoning or replanning at the semantic level. Enabling reliable
failure detection and recovery is expected to significantly
improve robustness and overall performance, and remains an
important direction for future work.
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Fig. 10: Failure Case Analysis. (Left to right: HM3D, MP3D, and OVON) Across all three benchmarks, the two most common failure modes are false-positive target detections

and termination due to exhausting the step budget.

VI. CONCLUSION

We presented OpenFrontier, a zero-shot framework that
enables general language-conditioned navigation by grounding
vision-language priors onto visual navigation frontiers. By
treating navigation as a discrete subgoal selection problem
and performing perception and semantic reasoning primarily
in the 2D image domain, OpenFrontier avoids dense semantic
mapping, task-specific policy training, and fine-tuning. Fron-
tiers serve as sparse and physically grounded anchors that
bridge high-level semantic reasoning with metric navigation,
enabling efficient exploration and goal-directed behavior in
both closed-set and open-set environments. We demonstrated
that this design achieves competitive performance across mul-
tiple object-goal navigation benchmarks and transfers robustly
to real-world deployment on a mobile legged robot. Our results
suggest that effective grounding and system-level abstraction,
rather than increasingly complex models or training pipelines,
play a central role in scalable open-world navigation. We
believe OpenFrontier provides a practical and flexible founda-
tion for integrating future vision-language models into robotic
navigation systems without requiring costly retraining or dense
environment representations.
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