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Abstract— Efficient target localization and autonomous navi-
gation in complex environments are fundamental to real-world
embodied applications. While recent advances in multimodal
foundation models have enabled zero-shot object goal naviga-
tion, allowing robots to search for arbitrary objects without
fine-tuning, existing methods face two key limitations: (1)
heavy reliance on ground-truth depth and pose information,
which restricts applicability in real-world scenarios; and (2)
lack of visual in-context learning (VICL) capability to extract
geometric and semantic priors from environmental context, as
in a short traversal video. To address these challenges, we
propose RANGER, a novel zero-shot, open-vocabulary semantic
navigation framework that operates using only a monocular
camera. Leveraging powerful 3D foundation models, RANGER
eliminates the dependency on depth and pose while exhibiting
strong VICL capability. By simply observing a short video of the
target environment, the system can also significantly improve
task efficiency without requiring architectural modifications
or task-specific retraining. The framework integrates several
key components: keyframe-based 3D reconstruction, semantic
point cloud generation, vision-language model (VLM)-driven
exploration value estimation, high-level adaptive waypoint se-
lection, and low-level action execution. Experiments on the
HM3D benchmark and real-world environments demonstrate
that RANGER achieves competitive performance in terms
of navigation success rate and exploration efficiency, while
showing superior VICL adaptability, with no previous 3D
mapping of the environment required.

I. INTRODUCTION

Efficient visual target localization and autonomous nav-
igation in complex environments are core capabilities of
embodied agents, with broad applications in service robotics,
human–robot interaction, and autonomous monitoring sys-
tems. With the recent development of multimodal foundation
models, including large language models (LLMs) (e.g., [1]–
[6]) and open-vocabulary vision models (e.g., [7]–[9]), the
performance of zero-shot object navigation (e.g., [10]–[15])
has significantly improved. Such methods enable robots to
be capable of navigating towards arbitrary target objects
without task-specific fine-tuning. Specifically, they leverage
open-vocabulary perception to recognize arbitrary targets
and semantic reasoning to guide navigation. This zero-shot
paradigm enables immediate deployment in unseen environ-
ments without the need for environment-specific re-training.

However, existing approaches still face major limita-
tions. First, most methods rely heavily on depth sens-
ing and precise pose estimation, usually involving global
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Fig. 1: RANGER Workflow: Given an offline video of a
new environment captured with a camera (optionally) and an
online RGB observation stream from the robot, RANGER
efficiently adapts to the new environment and completes
navigation tasks based on human instructions.

mapping/reconstruction, which are typically feasible only
in simulation or with specialized hardware. In real-world
scenarios, sensor noise, calibration errors, data collection,
and hardware costs substantially restrict their practicality,
similarly to indoor localization scenarios [16]. Second, cur-
rent systems have yet to better leverage contextual knowledge
available in everyday video streams, which can provide
valuable priors for efficient exploration and rapid adaptation
to novel environments.

This naturally raises a fundamental question: Can a nav-
igation framework be built relying solely on RGB input?
Such a framework would be inherently low-cost, easy to
deploy, and capable of directly utilizing videos captured from
arbitrary devices for rapid adaptation to new environments.
Notably, recent data-driven methods such as MASt3R [17],
Dust3R [18], Fast3R [19], and VGGT [20] have demon-
strated remarkable performance and generalization in 3D
reconstruction tasks, opening new opportunities to achieve
efficient navigation with RGB-only input.

In this paper, we introduce RANGER: a zero-shot, open-
vocabulary semantic navigation framework based on monoc-
ular RGB input. Our approach requires neither depth sensors
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nor precise robot pose estimation, yet enables semantic-
driven exploration and navigation in unseen environments.
Furthermore, RANGER can adapt to a new environment
using only a short offline video to extract rich geometric
and semantic priors, significantly reducing exploration costs
and enhancing navigation efficiency. Importantly, our method
does not require any task-specific fine-tuning during nav-
igation (see Fig. 1). Specifically, RANGER is built upon
four key components: (1) online 3D reconstruction and
localization from RGB-only input, (2) cross-frame semantic
point cloud fusion, (3) high-level waypoint selection guided
by vision–language models (VLMs), and (4) low-level action
execution. At its core lies a keyframe-based memory bank,
which encodes geometric, semantic, and exploration-value
information of the environment. This memory is continu-
ously curated and optimized in the backend to reduce errors
and improve system robustness.

We conduct systematic evaluations on the large-scale
HM3D dataset, demonstrating that RANGER achieves com-
petitive performance without access to depth sensing, precise
poses, or global maps. In addition, we validate the practi-
cality and robustness of our system in real-world environ-
ments such as meeting rooms and offices with a humanoid
robot deployment. Our contributions are as follows: (1) A
zero-shot semantic navigation framework (RANGER) that
operates solely on monocular RGB input, enabling rapid
adaptation via offline videos. (2) A novel system architecture
integrating RGB-based 3D reconstruction with VLM-guided
hierarchical planning through a dynamic keyframe-based
memory bank. (3) Extensive evaluations on HM3D and real-
world humanoid robots, showing competitive performance
and superior VICL adaptability.

II. RELATED WORK

Object Goal Navigation. Current object-goal navigation
methods include: (1) Learning-based approaches that train
navigation policies over visual features extracted by pre-
trained encoders via extensive imitation learning (e.g., [21]–
[27]). However, these methods often overfit to simulations
and are restricted to predefined object categories, limiting
open-world generalization. (2) Approaches that focus on
Zero-Shot Object Navigation (e.g., [10], [11], [13]–[15],
[28], [29]). These methods explicitly construct environmen-
tal maps and utilize VLMs [1], [3] or LLMs [4], [5] to
select the most valuable frontier or waypoint for explo-
ration. For instance, in Cow [11], the robot explores the
nearest frontier point until the target is detected using CLIP
features [30] and open-vocabulary object detectors [31].
ESC [32], L3MVN [12], and Voronav leverage LLMs for
reasoning and decision-making to enhance performance.
VLFM [14] employs a VLM to build semantic values on the
map based on first-person observations and textual prompts,
selecting the highest-scoring frontier. Their reliance on depth
information, precise pose estimation, and task-specific fine-
tuning often limits their performance in real-world scenar-
ios, where depth data may be inaccurate or unavailable.
These methods also hinder the ability to perform contextual

learning, making it challenging for robots to leverage freely
available monocular videos to improve exploration efficiency
and adapt to new environments.

Monocular 3D Reconstruction. Monocular 3D recon-
struction methods have made notable progress recently in
enabling the building of 3D maps from single camera inputs.
Techniques such as MASt3R [17], Dust3R [18], Fast3R [19],
VGGT [20], MASt3R-SLAM [33], and VGGT-SLAM [34]
have contributed significantly to this field. However, these
methods often rely on passive reconstruction, where the
trajectory is pre-collected and does not involve active per-
ception or exploration. This restricts the system’s ability to
adapt to dynamic environments and limits its exploration
capabilities. In contrast, our approach tightly integrates in-
cremental monocular 3D reconstruction with active semantic
exploration to enable autonomous navigation.

In-Context Learning. In-context learning (ICL) [35] al-
lows models to perform tasks by leveraging a few examples
provided in the input context, without requiring task-specific
retraining. Recent work has extended this idea to robotics,
where robots are trained to perform navigation tasks based
on contextual information, such as video or textual prompts.
For example, several works have used context from videos
or previous maps to train navigation models [36]. However,
these methods often require the target object to appear in
the context, which severely limits their practical application,
especially when the object is not initially visible. In contrast,
our approach does not require the target object to appear,
even in the collected offline video. Instead, our approach
enables robots to adaptively decide whether to continue
exploring or exploit the knowledge contained in the offline
video, remaining fully functional even without any prior
visual context. This adaptive approach makes RANGER
more versatile, allowing it to handle a broader range of
navigation scenarios.

III. PROBLEM FORMULATION

We consider two semantic navigation tasks under a zero-
shot setting, where the agent must locate a target object in a
novel environment without task-specific training. These tasks
differ in the availability of contextual information: the first
relies solely on online RGB observations, while the second
leverages an offline traversal video as prior context.

RGB Navigation. In the standard ObjectNav task with
RGB-only inputs, an agent must navigate an unseen envi-
ronment to approach a target object specified by a human-
provided instruction. We denote the set of object cate-
gories as C = {c1, . . . , cM} and the set of scenes as
S = {s1, . . . , sN}. 1 Each episode is defined by a tuple
Ti = ⟨si, ci, pi⟩, where the agent starts from an initial
pose pi in scene si with target category ci ∈ C. At each
time step t, the agent receives an RGB observation ot ∈
RH×W×3 and the target category ci, without access to depth
or pose information. The action space A consists of six

1Each scene si ∈ S represents a unique physical environment (e.g., a
specific house layout) used to evaluate the agent’s navigation performance.
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Fig. 2: Overview of RANGER: a unified architecture for zero-shot RGB-only navigation that builds geometric and semantic
memory via a keyframe-based memory bank, which subsequently guides the agent’s exploration.

discrete actions: move forward, turn left, turn right, look up,
look down, and stop. An episode is considered successful if
the agent executes a stop action when the geodesic distance
to the target is below a predefined threshold, with a trajectory
length within the step limit.

Contextual RGB Navigation. In the contextual variant,
the agent is additionally provided with an offline traversal
video Vsi of a human exploring the target environment si.
The agent must then navigate the same environment si to
approach the target object by combining prior visual context
from Vsi with real-time RGB observations. Compared to
the RGB-only setting, this formulation enables the agent
to reduce redundant exploration and achieve more efficient
semantic navigation in unseen environments.

IV. METHODOLOGY

A. Overview of the Process

As illustrated in Fig. 2, RANGER employs a unified
architecture that seamlessly handles both zero-shot RGB-only
navigation and video-context-augmented navigation without
requiring any architectural modifications or retraining. The
system maintains a dynamic keyframe bank, which serves
as a joint geometric and semantic memory of the envi-
ronment. Upon receiving each new RGB observation, the
backend refines the agent’s pose in real-time and performs
loop closure by optimizing relative poses against the stored
keyframes. This process incrementally constructs a dense
3D map, enabling metric self-localization. Meanwhile, a
semantic module aggregates object features via CLIP [30]
and GroundingDINO [7] into a semantic point cloud, where

each point is annotated with category probabilities and spatial
context. To facilitate efficient navigation, we project the
3D reconstruction into a 2D occupancy map. Based on
this representation, a hierarchical planner generates high-
level waypoints by jointly evaluating the target’s semantic
relevance to the textual goal, along with its spatial and
perceptual confidence. This perception-planning-action loop
executes continuously until the agent reaches the target.

B. Online RGB Reconstruction and Localization
To enable metric-aware navigation from monocular RGB

inputs, we integrate MASt3R-SLAM [33], a state-of-the-art
real-time dense SLAM system based on the MASt3R two-
view 3D reconstruction prior. Its open-source implementation
is directly incorporated into RANGER as a plug-and-play
geometric backbone.

Keyframe-Based Reconstruction. To build the dense
scene representation, the pipeline dynamically registers
keyframes when the number of valid matches falls below a
specific threshold ωk . For each frame, the MASt3R network
directly predicts dense pointmaps. The system continuously
fuses them into a canonical keyframe pointmap using a
running weighted average filter. This sequential filtering
seamlessly merges multi-view information to maintain a
coherent 3D structure.

Localization. To continuously estimate the camera pose,
the system first establishes fast pixel correspondences be-
tween the incoming frame and the active keyframe using
an efficient iterative projective matching scheme. Based on
these matches, the relative pose is then solved by minimizing
the directional ray error. By formulating the problem purely
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around ray geometry, this approach inherently bypasses the
need for specific camera models. Consequently, it remains
highly robust to structural inconsistencies and seamlessly
handles uncalibrated video sequences, making it ideal for
real-world deployment.

Global Consistency via Backend Optimization. To mit-
igate drift, MASt3R-SLAM constructs a pose graph con-
nected by sequential tracking and loop-closure edges. Loop
candidates are efficiently retrieved via the ASMK frame-
work [37] on encoded visual features and validated through
geometric matching. The system then enforces long-term
consistency across all poses and dense geometry by jointly
minimizing the directional ray errors across the entire graph.

Real-Scale Reconstruction. Since monocular reconstruc-
tion lacks absolute scale, we utilize the robot’s camera height
hreal as a geometric prior. We select the lowest 20% of
points along the vertical axis as candidate ground points and
use RANSAC to fit a ground plane n⊤x + d = 0, where
n = [a, b, c]⊤ is the plane normal. The estimated camera
height in the reconstructed space is computed as hest =

|d|
∥n∥ .

Finally, we derive the global scale factor s = hreal/hest to
align the 3D map with the physical environment.

C. Object Point Cloud Merge

We first employ Grounding DINO as an open-vocabulary
detector and combine it with Mobile SAM [8] to extract
object masks within the detection boxes of each keyframe
stored in the memory bank. Then, using the keyframe
confidence masks provided by MASt3R-SLAM, we filter
these object regions to obtain high-confidence object point
cloud representations in 3D space. For each semantic mask,
we further crop the corresponding image region and extract
visual features with CLIP. This process ultimately generates
a semantic point cloud along with class confidence scores
and target category information.

Object Association. For each newly detected object j, we
compute both geometric and semantic similarity to existing
objects. Geometric similarity Sgeo is based on the Intersection
over Union (IoU) of the point clouds, while visual similarity
Svis is determined by comparing the CLIP semantic features
of the newly detected object with those of existing objects.
The overall similarity score is a weighted sum:

s(i, j) = w1Svis(i, j) + w2Sgeo(i, j), (1)

where w1 and w2 are weights. If the similarity score falls
below a predefined threshold τ , a new object is initialized.
Otherwise, the new detection is associated with the existing
object exhibiting the highest similarity.

Object Fusion. For associated objects, their point clouds
are merged, and their features are updated via a weighted
average based on detection frequency. Additionally, the final
confidence of the fused object is determined by the maximum
confidence score across all its observations.

D. 2D Map Generation

Frontier Map. After constructing a unified 3D point
cloud, we project the points onto a 2D plane to create

obstacle and exploration maps. Points above the floor are
projected onto the obstacle map, while all points contribute to
the exploration map. Frontiers are generated by detecting the
boundaries between explored and unexplored regions. As the
robot explores, the locations of frontiers dynamically change
until the environment is fully explored.

Value Map. To guide the agent’s exploration, we construct
a 2D value map by integrating both object-level and image-
level semantic relevance. For the fused objects and each
keyframe in the memory bank, we compute the cosine
similarity between their CLIP embeddings f and the target
instruction embedding g, i.e., f ·g

∥f∥∥g∥ , denoted as match-
ing scores sobj and simg respectively. The associated high-
confidence 3D point clouds are then projected onto a 2D
grid. The final value at each grid cell (i, j) is determined by
the maximum relevance score from both sources, denoted as
V (i, j) = max(sobj, simg).

E. High-Level Planner for Adaptive Waypoint Selection

To ensure robust navigation under perceptual uncertainty,
we design a high-level planner that dynamically selects
waypoints by integrating semantic relevance, traversability,
and candidate confidence. Operating on dense 2D maps and
the current pose Tt provided by MASt3R-SLAM, the planner
evaluates a candidate set Wt = Ot∪Ft, where Ot represents
object proposals and Ft denotes frontier points. The selection
follows a hierarchical priority: (1) objects exceeding σobj are
final targets; (2) low-confidence objects serve as temporary
waypoints for guided exploration; (3) otherwise, the frontier
in Ft with the highest 2D value map response is selected.
To ensure geometric feasibility, all candidates must be nav-
igable via the obstacle map. Crucially, a dynamic blacklist
Bt records two failure modes to prevent repetitive errors:
(i) unreachable locations that remain inaccessible beyond
the maximum step limit, and (ii) perceptual false positives
where low-confidence candidates fail to meet the verification
criteria despite exceeding τobs cumulative observations.

F. Low-Level Planner for Path Planning

We use the Fast Marching Method (FMM) [38] as the
local planner to generate a path toward the goal. At each
step, the robot executes motion commands toward a local
subgoal, while the map and target are updated in real
time, enabling adaptive, closed-loop navigation in partially
observed environments.

V. EXPERIMENTS

We evaluate RANGER on object goal navigation tasks
across both simulated and real-world environments, testing
its navigation performance in completely unseen settings, as
well as when provided with a contextual video.

A. Simulation-based Experiment Setup

Navigation in unseen environments. We evaluate our ap-
proach on the Habitat HM3Dv2 dataset (HM3D-Semantics-
v0.2 [39], released in the 2023 Habitat Challenge), which in-
cludes six goal categories. For our experiments, we select 10
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Navigation in the simulator
(a) 3D Map at step 127 (b) Frontier Map at step 127 (c) Value Map at step 127 (d) The first view image at step 127

Fig. 3: Visualization of the navigation process in a simulated environment with task instruction: ”Find the toilet”. (a)
Reconstructed 3D map and the agent’s trajectory at step 127. The red cones represent keyframe locations, while the green
cone indicates the agent’s current position. The green line traces the agent’s movement, and the red point cloud represents the
toilet object. (b) The Frontier Map showing the robot’s exploration trajectory. The blue area highlights the target object region,
red areas indicate obstacles, and yellow dots represent frontier points. (c) The Value Map, where red regions correspond to
high-value areas. (d) First-person observation.

single-floor scenes comprising 279 episodes in total. In each
episode, the agent’s starting position is randomly sampled
to assess navigation performance in unseen environments.
The move forward action moves the agent by 25 cm, while
turn actions adjust orientation by 30°. Considering the trade-
off between system storage and performance, we set the
maximum episode length to 300 steps.

Navigation with contextual video. We use the same 10
scenes and manually collect one video trajectory per scene by
teleoperating the robot in the simulator. For evaluation, the
agent is initialized near the endpoint of the collected video to
ensure partial overlap between the agent’s initial observation
and the video frames, which facilitates re-localization. For
each scene, we randomly sample 2 or 3 starting positions
near the video endpoint, resulting in 100 episodes in total
across 6 object categories.

B. Metrics

We use navigation success rate (SR) and success rate
weighted by navigation path length (SPL) as evaluation
metrics. SR represents the percentage of successful episodes
out of the total episodes. SPL measures the efficiency of
reaching the goal in addition to the success rate.

C. Implementation Details

In Habitat, the agent uses a 640×480 RGB camera
mounted at 0.88m height. For semantic segmentation, we
leverage Grounding DINO [7] to generate class-agnostic
object proposals and MobileSAM [8] to produce pixel-
accurate masks. Semantic confidence scores for detected
objects are computed using CLIP [30], enabling zero-shot
semantic grounding. Our system employs consistent hyper-
parameters: keyframe selection threshold ωk = 0.333, loop-
closure detection threshold ωl = 0.1, and robustness regular-
ization weight ωr = 0.005. To ensure reliable relocalization,
we enforce a stricter geometric consistency check when
attaching the current frame to the pose graph: the ratio

of inlier feature matches must exceed 0.3. In addition, the
confidence threshold for the point cloud is set to 1.9.

VI. RESULTS

A. Navigation in Unseen Environments

Previously, zero-shot object navigation heavily relied on
accurate pose and depth information provided by simulators
or auxiliary hardware sensors. To evaluate our approach in
more realistic settings, we compare with L3MVN [12], a
representative work that utilizes LLMs for efficient frontier
selection and requires privileged inputs (depth and pose).
As detailed in Table I, L3MVN (300) and L3MVN (500)
represent performance under step limits of 300 and 500,
respectively, both leveraging RGB, depth, and pose data. In
contrast, RANGER operates solely on RGB input, without
any privileged sensing.

TABLE I: Navigation performance in unseen environments.

Methods Sensors SR SPL Avg Steps

L3MVN (300) RGB, Depth, Pose 39.4 15.7 147.62
L3MVN (500) RGB, Depth, Pose 42.3 16.3 171.06

RANGER (300) RGB 42.7 17.8 172.80

As presented in Table I, RANGER achieves an SR of
42.7% and an SPL of 17.8% under the 300-step limit. This
performance outperforms L3MVN (300) by 3.3 percentage
points in SR. Notably, RANGER even surpasses L3MVN
(500), which benefits from both an extended step limit and
privileged sensor inputs. These compelling results underscore
that integrating contextual video priors enables competitive
navigation performance in previously unseen environments
using only standard RGB input. Figure 3 visually depicts a
navigation instance: the agent successfully reaches the toilet
at step 127, with 42 frames stored in its keyframe-based
memory bank. The highlighted region in Figure 3 (c) further
confirms the strong spatial consistency between the agent’s
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(e) 3D Map at the Final Step (f) Frontier Map at the Final Step (g) Value Map at the Final Step (h) First-View Image at the Final Step

Adapting navigation to new environments using only an offline video.

(a) 3D Map with the Offline 
Memory Bank

(b) Frontier Map with the 
Offline Memory Bank

(c) Value Map with the 
Offline Memory Bank

(d) The Related Keyframe in the 
Memory Bank

Fig. 4: Contextual adaptation for navigation in a new environment. RANGER can leverage an offline video to adapt and
locate the target object ”bed”. (a-d) Initial state with offline memory; (e-h) Final navigation state. The system successfully
found the target in 38 steps.

memory and the observed environment, illustrating effective
visual grounding.

B. Navigation with a Contextual Video

TABLE II: Performance w/ & w/o contextual video.

Methods SR SPL DTG Avg Steps

w/o video 44.0 16.4 2.933 171.36
w/ video 58.0 30.2 2.381 110.22

Table II presents the navigation performance with and
without contextual video. As shown in Table II, incorporating
an offline traversal video significantly improves performance,
boosting SR (44.0% → 58.0%) and SPL (16.4 → 30.2),
while reducing average steps (171.4 → 110.2). These results
confirm that contextual videos effectively reduce redundant
exploration and guide the agent toward more efficient navi-
gation. In our framework, offline videos serve as an environ-
mental preview. By constructing a keyframe-based memory
bank, the system acquires prior knowledge of the scene
before navigation, thereby reducing redundant exploration.
This mechanism mimics the way humans navigate more ef-
ficiently in a new environment after watching a walkthrough
video. In practice, we observe that providing such contextual
information enables the agent to significantly reduce unnec-
essary exploration and complete target-finding tasks more
efficiently. As illustrated in Fig. 4, when searching for a
bed, RANGER first builds a keyframe memory bank from
the offline video and applies semantic retrieval to identify the
target object within the video. The object is then transformed
into a point cloud representation, which is integrated with

both the offline video and real-time observations to construct
an environment map. Finally, the system plans a collision-
free path that directly leads the agent to the target location.

C. Ablation Studies

(a) GT (b) VGGT (d) MASt3R-SLAM(c) VGGT-SLAM

Fig. 5: Comparison of 3D maps reconstructed using different
methods. Figure (a) shows the result using real depth and
pose data. Figures (b), (c), and (d) present the reconstruc-
tion results of VGGT, VGGT-SLAM, and MASt3R-SLAM,
respectively, all relying solely on RGB images.

Reconstruction and Localization Accuracy As shown
in Fig. 5, we compare the latest 3D reconstruction meth-
ods (e.g., VGGT, VGGT-SLAM, and MASt3R-SLAM) with
the ground truth. The video trajectories are collected by
a manually teleoperated agent navigating within the envi-
ronment. The results demonstrate that VGGT suffers from
insufficient detail modeling and, due to its requirement to
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Navigation in the Real World

(a) 3D Map at step 127 (b) Frontier Map at step 127 (c) Value Map at step 127 (d) The third view image at 
step 51 and step 76

(e) The first view image at 
step 76

Fig. 6: Real-world navigation with RANGER on a Unitree G1 humanoid robot. Task: ”Find potted plant.”.

process the entire video sequence at once, fails to meet the
real-time demands of navigation tasks. In contrast, VGGT-
SLAM constructs dense 3D maps and performs localization
by incrementally aligning submaps generated by VGGT.
However, in long-sequence scenarios, the submap merging
process often introduces significant alignment errors, limiting
its effectiveness. MASt3R-SLAM exhibits stronger robust-
ness under the same conditions. It consistently achieves
higher reconstruction quality and global consistency across
trajectories of varying lengths, effectively mitigating drift
and distortion issues commonly observed in long-sequence
stitching. Moreover, it supports real-time operation, making
it suitable for navigation applications.

Component Analysis. Table III summarizes the ablation
results for two key components: the high-level planner and
the object detector. When the high-level planner is removed,
the SR decreases from 42.7% to 39.8%, and the average
number of steps increases from 172.80 to 184.43. This
confirms the critical role of the planner in efficiently guiding
the agent toward the target. For the detector comparison,
YOLO-World [9] and DINO yield relatively close results,
with DINO showing a slight advantage (SR = 42.7%, SPL =
17.8% vs. 42.3%, 17.1%). This suggests that while replacing
the detector has only a modest impact on overall accuracy,
stronger visual grounding from DINO provides more consis-
tent navigation performance.

TABLE III: Impact of model components.

component SR SPL DTG Avg Steps

w/o High Level Planner 39.8 17.6 3.552 184.43

YOLO-World 42.3 17.1 3.573 178.06
DINO 42.7 17.8 3.366 172.80

Effect of Step Limits. As the step limit increases, the
memory bank must maintain a growing number of keyframe
point clouds, poses, semantic segmentation, and their as-
sociated values, potentially leading to substantial storage
and computation overhead. Based on this consideration, we
evaluate RANGER under different maximum step limits. As
shown in Table IV, the success rate (SR) improves steadily
with larger step budgets, rising from 6.1% at 50 steps to
42.7% at 300 steps. This indicates that a longer execution

horizon provides the agent with more opportunities for
exploration. However, the improvement becomes marginal
beyond 250 steps; therefore, we set the maximum step limit
to 300 in our experiments.

TABLE IV: SR under different maximum step limits.

Max Steps 50 100 200 250 300

SR 6.1 22.2 36.6 40.1 42.7

D. Navigation in the Real World

Real-World Experiment Setup. We validate the practi-
cality of RANGER through real-world experiments on a Uni-
tree G1 humanoid robot, equipped with an Intel RealSense
D455 RGB-D camera mounted at a height of 1.29 m on
a custom 2 DoF head. Importantly, only the RGB stream
is used for sensing and navigation, consistent with our
depth-free assumption. All system components—including
MASt3R-SLAM for online 3D reconstruction, CLIP, and
Grounding DINO for semantic grounding, and MobileSAM
for instance-aware segmentation—are deployed on a mobile
workstation with an NVIDIA RTX 4090 Laptop GPU and an
Intel Core i9-13900HX CPU, achieving real-time inference
at approximately 1 Hz. The experiments were carried out
in diverse indoor environments, including laboratories and
meeting rooms, where the robot was instructed to navigate
toward semantically defined targets.

Visualization. Representative qualitative results are shown
in Fig. 6. In the example task, the user instructs the robot
to locate a plant. After completing exploration of the first
room (step 51), the robot autonomously selects a high-
value frontier region and transitions to an adjacent room,
successfully detecting the target at step 76. Notably, the high-
value region highlighted in Fig. 6 (c) aligns closely with the
actual target location shown in Fig. 6 (b), demonstrating the
effectiveness of semantic information in guiding exploration.

VII. CONCLUSIONS AND LIMITATIONS

In this work, we introduce RANGER, a novel zero-shot
visual target navigation framework relying solely on RGB
input. RANGER significantly enhances navigation efficiency
without task-specific fine-tuning through its keyframe-based
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memory bank, back-end optimization, keyframe-driven re-
construction, and hierarchical planning strategy. The system
also demonstrates rapid adaptation and substantial perfor-
mance gains with only a short video sequence of a new envi-
ronment, offering a new perspective on zero-shot navigation.
Ultimately, this work presents a practical pathway toward
real-world autonomous navigation and opens new directions
for research focused purely on visual input.

Limitations. Despite the strong performance and con-
textual learning capability of RANGER, several limitations
remain. First, the continuous accumulation of keyframes
increases storage overhead and may degrade system effi-
ciency over time, highlighting the need for more effective
memory management strategies. Second, reconstruction and
localization remain possible bottlenecks for purely RGB-
based navigation, as their robustness is still insufficient to
handle overly complex or dynamic environments. Enhancing
the reliability of these modules will be critical for advancing
the practical deployment of such systems.
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