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Abstract—Zero-shot Object Goal Navigation (ZSON) with
RGB-only perception poses a fundamental challenge for em-
bodied agents, as the absence of explicit depth information
introduces severe physical uncertainty and semantic–physical
misalignment. Existing approaches either rely on high-level
semantic reasoning without geometric grounding or learn end-to-
end policies that lack explicit physical constraints, often resulting
in semantically plausible but physically unsafe behaviors. In
this paper, we propose MVP-Nav, a physical-aware RGB-only
navigation framework that aligns perception, planning, and
control with the real 3D world. MVP-Nav reconstructs explicit
physical occupancy from monocular observations by leveraging
3D foundation models to project 2D semantic instances into
3D oriented bounding boxes, forming a global spatial semantic
representation. To unify high-level semantic reasoning and low-
level physical constraints, we introduce a Multi-layer Value Map
(MVM) that integrates semantic priorities and reconstructed
geometry into a shared cost space, enabling physically grounded
geometric planning. Extensive experiments on zero-shot object
navigation benchmarks demonstrate that MVP-Nav significantly
outperforms existing depth-free methods, achieving state-of-the-
art performance and validating that structured physical priors
can effectively compensate for the absence of active depth sensors.
Code could be accessed in https://github.com/BorisXwy/MVP-
Nav.git

I. INTRODUCTION

Zero-shot Object Goal Navigation (ZSON) [22] is a
fundamental capability for autonomous agents, requiring them
to locate unseen objects in new environments based on natu-
ral language instructions. While conventional methods relied
heavily on active sensors like LiDAR or RGB-D cameras to
obtain precise metric information [38], recent research has
pivoted towards RGB-only navigation [14, 3]. This shift is
motivated not only by the desire to reduce hardware costs
and enhance the accessibility of consumer-grade robots but
also by the goal of challenging agents with higher-level visual
reasoning. As noted by Chaplot et al. [6], biological organisms
primarily “rely on passive vision and internal priors to perceive
3D structure and navigate”; this paradigm therefore compels
robots to move without depth sensors, instead mimicking
human-like perception patterns, inferring complex semantic
meanings and latent geometric structures from monocular or
panoramic visual cues combined with spatial commonsense.

Current research in RGB-only navigation primarily follows
two paradigms. Semantic-driven methods [14] utilize Mul-
timodal Large Language Models (MLLMs) for panoramic
parsing or heuristic exploration. However, treating space as a
collection of discrete semantic labels often leads to distorted
topological relationships under perspective changes. End-to-
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Fig. 1: The overview of our navigation system.

end methods [3, 35, 12] learn spatial mappings through vision-
action coupling. However, without explicit geometric model-
ing, they often fail to accurately perceive physical obstacles,
resulting in navigation that is semantically reasonable yet
physically unsafe. Collectively, these approaches expose a fun-
damental dilemma: existing solutions either decouple physical
perception from high-level planning or sacrifice geometric
constraints at the level of low-level control. As a result,
current systems lack a unified representation that aligns dis-
crete semantic reasoning with continuous physical boundaries.
These limitations highlight a critical bottleneck in RGB-only
navigation: the inability to recover explicit 3D scale from 2D
sequences leads to physical uncertainty (i.e., the ambiguity
of object distance and scale), and further induces semantic-
physical misalignment, where high-level reasoning becomes
disconnected from low-level physical constraints.

To address these challenges, we argue that the perception
and control layers in object-goal navigation should align as
closely as possible with the real physical world, while planning
should leverage both historical exploration memory and real-
time observations. Based on this principle, we propose MVP-
Nav (Multi-layer Value Map Planner Navigator). Our
framework is motivated by the insight that physical occupancy
in monocular vision can be reconstructed via geometric priors
rather than explicit depth estimation. To mitigate physical
uncertainty, we leverage 3D foundation models to project
semantic instances from 2D observations into 3D space,
representing them as Oriented Bounding Boxes (OBB) [10].
This semantic-to-physical re-projection transforms ambigu-
ous depth cues into deterministic spatial representations and
enables the construction of a Global Spatial Semantic List



(GSSL) to maintain the locations and scales of observed
instances. Furthermore, to address the semantic-physical mis-
alignment, we introduce the Multi-layer Value Map (MVM)
mechanism. MVM acts as a unified integration layer that
embeds MLLM-generated high-level semantic priorities and
low-level physical constraints into a shared cost space. This
design enables geometric path planning (e.g., via the Fast
Marching Method) that is jointly governed by reconstructed
physical occupancy and semantic guidance. By decoupling
high-level reasoning from low-level execution, MVP-Nav
ensures navigation that is both goal-directed and physically
grounded.

The contributions of this work are summarized as follows:
• We propose a physical-aware paradigm for RGB-only

ZSON, which reconstructs explicit 3D spatial occupancy
from monocular observations by leveraging 3D founda-
tion models and OBB-based fusion.

• We introduce the Multi-layer Value Map (MVM) ar-
chitecture, providing a bridge to align discrete semantic
reasoning with continuous physical constraints in a uni-
fied cost space.

• Extensive evaluations demonstrate that MVP-Nav
achieves state-of-the-art performance among depth-free
methods, proving that well-structured physical priors can
effectively compensate for the absence of active depth
sensors.

II. RELATED WORKS

A. Conventional Object Goal Navigation

Object Goal Navigation (ObjectNav) requires an agent
to locate and approach a specific object category in unseen
environments. The development of this field is closely tied
to the standardization of benchmarks, particularly the Habitat
platform [27]. By providing photorealistic 3D datasets such
as Matterport3D and Gibson [33], Habitat established the
“Success weighted by Path Length” (SPL) [1] as the primary
metric to evaluate both navigation effectiveness and path
efficiency.

Historically, ObjectNav has been dominated by Geometry-
driven Paradigms that prioritize explicit metric mapping and
frontier exploration. Early successful agents primarily relied
on active depth sensing (e.g., RGB-D) to build explicit 2D/3D
occupancy representations for path planning [7]. A classic
representative is Stubborn [21], which effectively leverages
geometric baselines to prioritize collision-free frontier explo-
ration, demonstrating that structured physical occupancy is
fundamental to reliable navigation. As the field progressed,
the focus shifted from pure geometric obstacle avoidance to
cognitive process modeling [4]. This paradigm shift is deeply
rooted in neuroscientific findings, which suggest that both
humans and animals maintain internal representations of en-
vironmental geometry—such as grid cells and place cells—to
support flexible spatial navigation [42]. Consistent with these
theories, recent studies have shown that human-like navigation
involves maintaining and dynamically updating fine-grained

cognitive states [4]. This implies that while metric geometry
provides a physical safety foundation, the integration of high-
level environmental understanding is essential for efficient
exploration. This evolution is further reflected in graph-based
works like VoroNav [32], which utilizes Voronoi diagrams to
abstract spatial topology while still leaning on the geometric
scaffolding established by earlier depth-based methods.

B. Recent RGB-only Navigation

The transition toward RGB-only Navigation represents a de-
liberate move toward simulating higher-level visual cognition,
where agents must rely on semantic cues and spatial memory
rather than direct distance measurements. Modern depth-free
methods have evolved from early reactive policies into two
main technical paradigms:

Modular Reasoning based on Image/Pixel Space: Early
RGB-only attempts like ONN [37]and Target-driven RL [46]
utilized visual scene priors or generic feature embeddings
to guide exploration. To compensate for the lack of depth,
modern works leverage Multi-modal Large Language Models
(MLLMs) to perform reasoning directly on observed images
or panoramic views [3, 14]. For instance, PixNav [3] bridges
foundation models and navigation via pixel-guided goal spec-
ification, while ImagineNav [44] and PanoNav [14] use ’scene
imagination’ and panoramic parsing to predict semantic way-
points. Similarly, SG-Nav [38] prompts LLMs with 3D scene
graphs to enhance reasoning. A notable recent work, Mobility
VLA [34] , leverages long-context reasoning with topological
graph priors to navigate in known environments. However,
these methods either depend on environment-specific priors
or perform inference in 2D semantic spaces, frequently suf-
fering from a Semantic-Physical Gap. In contrast, MVP-Nav
targets zero-shot exploration in entirely unseen environments
by reconstructing a 3D substrate for every decision, ensuring
the agent’s ’mental plan’ is consistently grounded in the
latent 3D layout. However, because these methods perform
inference in 2D image semantics or abstract graph spaces,
they frequently suffer from a Semantic-Physical Gap. The
agent’s ’mental plan’ often fails to ground in the environment’s
latent 3D layout, leading to semantically logical but physically
unreachable goal points.

End-to-End Learning Paradigm: This paradigm explores
mapping raw RGB pixels directly to control signals, with
early foundational works such as SAVN [31] focusing on
self-adaptive navigation. Modern attempts like OmniNav [35]
and the navigation foundation model NavFoM [43] seek
to achieve generalizable navigation through large-scale pre-
training across diverse tasks and embodiments. While these
methods provide efficient, low-latency policies, they typically
treat spatial relations as implicit latent features. Without an
explicit persistent 3D substrate to ensure Embodied Spatial
Consistency, these end-to-end models struggle to maintain sta-
ble environmental awareness over long horizons, manifesting
the Physical Uncertainty and Semantic-Physical Misalign-
ment that our work aims to address.
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Fig. 2: Overview of the MVP-Nav framework. Our system employs a recursive architecture that first transforms monocular RGB sequences
into a 3D Global Spatial Semantic List (GSSL) using foundation models. A Vision-Language Model (VLM) then reasons over this list to
assign semantic scores and determine the navigation mode. These insights are integrated into a Multi-layer Value Map (MVM) to identify
an optimal midterm goal gmid within a unified cost space. Finally, a low-level execution loop performs A∗ and FMM planning, ensuring
physical safety via real-time semantic floor re-projection.

Unlike these paradigms, MVP-Nav reconciles high-level
reasoning with physical boundaries by grounding VLM de-
cisions within a recovered 3D volume via the Multi-layer
Value Map. This transition from image-space imagination to
physically-grounded planning ensures both goal-directed ef-
ficiency and environmental safety, fundamentally overcoming
the bottleneck of depth-free navigation.

III. METHODOLOGY

A. Problem Statement

Following the standard experimental protocols of Object
Goal Navigation (ON) benchmarks [27], we consider an em-
bodied agent operating within a large-scale, stationary indoor
environment E . The agent is equipped with a reliable onboard
localization system that provides its global pose estimate
pt = (xt, yt, θt) at each time step t. Despite the availability
of pose information, the environmental geometry, semantic
distribution, and the exact coordinates of the target remain
entirely unknown at the start of the mission.

The agent’s perception is strictly constrained to monocular
vision, where the observation tuple at time t is Ot = {It, pt}.
We adhere to a rigorous RGB-only constraint, meaning the
system does not rely on any active depth sensors or LiDAR.
Consequently, all spatial information must be inferred purely
from the image sequence I. The navigation goal is specified
by a goal image Igoal or a language instruction. The task is
deemed successful if the agent executes a STOP command at

a pose pt such that ∥pt − p∗∥2 < d, where p∗ represents the
target position and d is a predefined distance threshold.

B. Pipeline Overview

In this subsection, we will introduce the overall process
of the entire episode, including the start and end of tasks, as
well as the multi round navigation mechanism in between. The
navigation mechanism as the core algorithm will be explained
in detail in the following content, while the start and end of
tasks as non core content will only be introduced here.

1) Episode Start: The target image is parsed by a VLM into
a combination of a main-target and several sub-targets, which
will be utilized in subsequent navigation loop. At the start
of the episode, the robot first performs a 360-degree in-place
rotation to obtain the initial observation before proceeding to
the actual navigation.

2) MVP-Nav Loop: The MVP-Nav framework adopts a
decoupled, recursive architecture designed to bridge the gap
between high-level semantic reasoning and low-level physical
constraints. As illustrated in Fig. 2 and Algorithm 1, the
system alternates between high-level decision stages and low-
level execution loops through four logical components:

Physical Perception. This module transforms the monocu-
lar image sequence I into a structured Global Spatial Semantic
List (GSSL). We utilize 3D foundation models as the geo-
metric backbone for end-to-end 3D reconstruction, recovering
pseudo-depth and physical scale. 2D instances from open-



vocabulary models are projected into 3D Oriented Bounding
Boxes (OBB) to populate the GSSL.

VLM-based High-level Reasoning. The Vision-Language
Model (VLM) acts as the system’s cognitive core. Leveraging
common-sense priors, the VLM processes GSSL entities and
the navigation goal to evaluate spatial-semantic relevance.
It assigns heuristic weights to entities and determines the
navigation strategy (e.g., Explore, Find, or Judge).

Multi-layer Value Map (MVM) Planning. This compo-
nent unifies high-level VLM reasoning with low-level geo-
metric constraints into a shared cost space. By projecting
3D OBBs and VLM-assigned weights onto a 2D grid, the
system generates a multi-layer value map integrating semantic
attraction, exploration guidance, and traversability. A path
search on this map establishes a stable midterm goal (gmid).

Low-level Execution Loop. Once gmid is established, the
agent enters a high-frequency control loop, generating short-
term goals (gshorterm, simplified as gst) via A∗ [11] and the
Fast Marching Method (FMM) [28]. To ensure safety under
the RGB-only constraint, we implement a Safety Verification
step by back-projecting semantic floor masks to validate real-
time traversability. The loop continues until gmid is reached,
triggering the next reasoning cycle.

3) Episode Finish: As for the termination of the whole
episode, if the reasoning stage give the mode as Judge, which
means the agent seems find the goal. The robot performs
a 360° panoramic scan. We utilize LightGlue to match the
goal image with the most relevant historical views. Final
task completion is only triggered after a Vision-Language
Model (VLM) confirms the target’s presence in the immediate
vicinity. If a sub goal or main goal is misdetected, the system
will give it a low score to stop agent from being attracted
again.

Algorithm 1 MVP-Nav: Recursive Navigation Loop

1: Input: Igoal,p0; Init: Icurr ← initial 360° scan;
2: while mission not complete do
3: Update GSSL via Physical Perception using Icurr;
4: Select NavMode and Direction through GSSL and

Igoal;
5: Synthesize Value Map, determine midterm goal g∗;
6: Inext ← ∅;
7: while not reached gmid do
8: Generate short-term goal gst toward gmid;
9: Execute Obstacle Avoidance using real-time observa-

tions and gst;
10: Record It into Inext and update pt;
11: end while
12: Icurr ← Inext;
13: end while

C. Physical Perception for 3D Reconstruction and GSSL

The Physical Perception module serves as the geometric and
semantic foundation of MVP-Nav. As shown in Fig. 4 (a),
this module aims to lift fleeting monocular RGB observations

It into a persistent 3D spatial memory through four stages.
It enables end-to-end 3D reconstruction from uncalibrated se-
quences by regressing globally consistent point clouds, thereby
recovering pseudo-depth and physical scale from monocular
observations.

For each navigation stage, the agent utilizes the visual
geometry foundation model VGGT [30] to process the image
sequence I, regressing the pseudo-depth map ẑ and camera
parameters K̂. All pixels q = [u, v]⊤ from the original image
It are back-projected to construct a comprehensive local 3D
point cloud Praw:

p = ẑ · K̂−1[u, v, 1]⊤. (1)

In each stage, observation history collected in last stage
are used as the source image of Physical Perception. To
balance perceptual coverage and computational efficiency, we
constrain the number of input images to approximately 30 per
stage, if agent moves over 30 steps, this stage is stopped early.
Empirically, exceeding 50 images significantly increases the
risk of Out-of-Memory (OOM) errors during the global point
cloud reconstruction phase.

Simultaneously, Grounded-SAM [26, 20, 16] generates
three categories of semantic masks by inference 3 times
separately , namely target objects (Mtarget), general objects
(Mobj), and the floor (Mfloor), which collectively guide the
branching of point cloud data. Specifically, the raw point cloud
Praw is projected into the Bird’s-Eye View (BEV) space,
where non-floor occupancy is extracted and processed via
morphological inflation to generate a local occupancy map for
A∗ and FMM planning (Sec. III-F). Points corresponding to
Mfloor are isolated and passed to the low-level execution loop
as a benchmark for real-time semantic re-projection verifica-
tion. To prevent semantic cross-contamination during spatial
fusion, the system explicitly decouples point clusters covered
by Mtarget and Mobj to fit separate Oriented Bounding Boxes
(OBB). This isolation ensures that navigationally critical target
entities remain distinct in the GSSL, as Fig. 3, and are not
erroneously merged with nearby general obstacles.

For GSSL entity generation and verification, the system im-
plements a robust construction pipeline in the local space. The
final entity label Lentity is determined by a majority voting
mechanism based on the mode of all associated detections.
To ensure temporal consistency and filter out sensor noise,
an observation frequency constraint is enforced, requiring
each entity to be associated across at least three independent
frames. Furthermore, OBBs serve as the primary geometric
entries, effectively optimizing computational efficiency while
maintaining high physical occupancy accuracy.

Building upon these locally consistent entities, the system
must then integrate them into a globally metric-consistent
framework. To this end, scale ambiguity is resolved by corre-
lating the predicted trajectory Γvggt and the metric trajectory
Γloc. The similarity transform T (x) = σRx+ t is derived by



minimizing the residual:

min
σ,R,t

N∑
i=1

∥ploc,i − (σRpvggt,i + t)∥2. (2)

Once the scales are unified, the GSSL can be dynamically
updated via 3D Intersection-over-Union (IoU). In this stage,
if semantics are consistent and the spatial overlap exceeds
a predefined threshold, a weighted fusion is triggered to
refine the entity properties. The preliminary category decou-
pling mentioned above ensures that target entities remain
semantically salient throughout this fusion process, ultimately
providing a high-fidelity memory for VLM-based reasoning.

1 [ {
2 "id": "node_11",
3 "caption": "doorframe",
4 "position": "directly behind, 1.18m away",
5 "explore": false,
6 "exploration_score": 0.2,
7 "cls_type": "node"
8 },
9 {

10 "id": "node_12",
11 "caption": "cabinet",
12 "position": "to the back-left, 2.99m away",
13 "explore": false,
14 "exploration_score": 0.4,
15 "cls_type": "node"
16 },
17 {
18 "id": "sub_8",
19 "caption": "shelf",
20 "position": "directly behind, 3.04m away",
21 "explore": false,
22 "exploration_score": 0.8,
23 "cls_type": "sub"
24 },
25 ...]

Fig. 3: An example of a part of GSSL.

D. VLM-based High-level Reasoning

The VLM reasoning module serves as the cognitive core,
taking the GSSL and navigation goal G as inputs to output
semantic importance scores αi for each entity and a navigation
mode to guide spatial planning. To evaluate the exploration
value, the Vision-Language Model (VLM, e.g., GPT-4o) lever-
ages common-sense priors to assess the relevance of environ-
mental entities to the goal. In order to optimize computational
efficiency, the VLM performs scoring exclusively on newly
detected entities within the GSSL, denoted as having an
explored status of False. For each novel entity ωi, the VLM
assigns an exploration value score αi ∈ [0, 1] based on its
likelihood of being the target or a significant semantic cue,
which is formally defined as:

αi = VLM(ωi,G | Common-sense Priors). (3)

These scores are stored in the GSSL and serve as weights for
evaluating spatial attraction during the cost-map generation
stage.

Beyond scoring, the VLM acts as a high-level arbitrator
that dynamically determines the navigation mode based on

the distribution of exploration values. When no high-value
entities are identified in the GSSL, the system operates in
an explore mode, where the VLM provides coarse directional
suggestions such as left-front, front, or right-front. The system
then enhances the exploration rewards of the corresponding
regions in the cost map to guide the agent toward unmapped
areas. Once the target or a strongly correlated cue, such as
a pillow when searching for a bed, is detected, the system
transitions to a find mode and plans a trajectory directly
toward the spatial center of the entity. Finally, when the agent
approaches the main target, it enters a judge mode to collect
multi-view observations of the object. These visual features
are compared with the goal image Igoal by the VLM to verify
whether the current entity fulfills the task requirements before
terminating the search.

E. Multi-layer Value Map Planning

As shown in Fig. 4 (b), the MVP module integrates the
GSSL, VLM-derived scores αi, and the local occupancy
map to synthesize a cost space. By synthesizing semantic,
directional, and geometric constraints, the system generates
a total value map Φtotal to determine the optimal midterm
goal gmid. Specifically, the planning module constructs three
independent value layers in the 2D grid space to represent
different planning constraints:

• Semantic Value Map (Φsem): This layer is generated by
aggregating the spatial contributions of GSSL entities. To
avoid over-saturation, the sum is clipped at 1.0:

Φsem(p) = min

( ∑
i∈GSSL

αiηi · e
− ∥p−ci∥

2

2σ2
i , 1.0

)
, (4)

where ci denotes the projected center, σi is the standard
deviation derived from the entity’s physical extent, and
ηi represents whether the object oi has been explored or
not: ηi = 1 for newly-detected, and ηi = 0.5 for already
detected.

• Directional Value Map (Φdir): This layer biases move-
ment toward the VLM-suggested orientation. Letting
∆θ = θp − θtarget represent the angular deviation, the
map is formulated as:

Φdir(p) = exp

(
−∆θ2

2σ2
θ

)
· I
(
|∆θ| ≤ π

2

)
, (5)

where σθ is the directional variance controlling the angu-
lar spread of semantic guidance, and I(·) is an indicator
function that restricts the exploration gain to the forward
180° semi-circular sector.

• Traversability Value Map (Φtrav): This layer is derived
from the geometric occupancy map. We compute the
distance dmin(p) to the nearest obstacle for each cell
to ensure safe navigation:

Φtrav(p) = 1− exp(−k · dmin(p)). (6)

where k is the distance penalty weight: k = 1.0 for
obstacles, and k = 0.5 for unknown regions



Fig. 4: Construction of the Multi-layer Value Map (MVM). (a) The framework reconstructs 3D oriented bounding boxes (OBBs) from
monocular RGB sequences to establish physical occupancy and spatial semantics. (b) These representations are integrated into the MVM,
where semantic priorities and geometric constraints are fused into a unified cost space to determine the optimal navigation goal.

The final total value map Φtotal is synthesized through an
element-wise product of these constituent layers, such that
Φtotal = Φsem⊙Φdir⊙Φtrav. The optimal midterm goal gmid

is then determined by identifying the global maximum within
this fused space, calculated as gmid = argmaxp Φtotal(p). In
this framework, gmid serves as the fixed reference point for the
current navigation stage, guiding the agent’s local execution
until a new high-level decision or an environmental update
triggers a re-evaluation.

Notably, this multiplicative fusion mechanism distinguishes
MVM from traditional Artificial Potential Fields (APF)[18].
While APF typically generates control gradients by summing
attractive and repulsive forces at the execution level, MVM
operates at the planning level by performing element-wise
multiplication. This ensures that the selected gmid strictly sat-
isfies all semantic and physical constraints simultaneously—
any area marked as non-traversable in Φtrav (value of 0) will
result in a zero total value, effectively eliminating candidates
that are semantically attractive but physically unreachable.

F. Low-level Execution Loop

The execution layer translates gmid into motor commands
by combining map-based pathfinding with reactive semantic
verification. The system performs an A∗ search on the local
occupancy map to establish a topological trajectory. To ensure
high-frequency reactivity, as Fig. 5, a sliding-window Fast
Marching Method (FMM) identifies the intersection of the
A∗ path and the window boundary as a projection target,
generating a refined local goal gst. While A* identifies the
optimal discrete waypoint sequence, FMM solves the Eikonal
equation on the MVM to generate a continuous potential field.
This field acts as a safety-aware tracker, guiding the robot with
smooth velocity commands while maintaining distance from
identified hazards.

To compensate for map discretization, a safety layer uses
the floor mask Mfloor for reactive avoidance. Before moving
FORWARD, gst is re-projected onto the image plane:

qlocal = K̂ (R · gst + t) . (7)

If qlocal /∈ Mfloor, the agent halts and rotates until the goal
aligns with the traversable region. This dual-layered strategy
maintains global consistency alongside real-time constraints.

Furthermore, MVP-Nav employs a parallelized pipeline to
eliminate transition latency. When ∥pt−gmid∥ < ϵ, high-level
reasoning for the next stage is triggered during active low-level
control. Overlapping VLM inference with physical movement

Fig. 5: Visualization of the local goal gst generation. (a) The A∗ path
from start position to the midterm goal. (b) The silding window of
current position. (c) The intersection of sliding window and the A∗

path, which is the projected goal. (d) The System generates a short-
term goal (STG) in the local occupancy map with FMM Planner.

enables a fluid transition to gmid,next without requiring the
agent to stop.

IV. EXPERIMENTS

A. Experimental Setup

Benchmarks: We evaluate the performance of MVP-
Nav across three widely-adopted indoor object-goal navigation
benchmarks, namely HM3D [23], MP3D [5], and RoboTHOR
[8]. Specifically, HM3D consists of 20 high-fidelity indoor
scene reconstructions encompassing 2K validation episodes
across 6 target object categories, while MP3D provides 11
real-world indoor environments with 1.8K validation episodes
covering 20 categories. Additionally, we utilize RoboTHOR,
which includes 1.8K validation episodes across 15 indoor
environments involving 12 goal categories. In each episode,
the goal image is defined by episode file in the dataset.

Evaluation Metrics: To quantify navigation performance,
we employ two standard metrics: Success Rate (SR) and
Success weighted by Path Length (SPL). Specifically, SR
represents the ratio of episodes where the agent successfully



Method
Navigation Setting MP3D HM3D [23] RoboTHOR

Perception Execution Training-free SR (%) SPL (%) SR (%) SPL (%) SR (%) SPL (%)

SemExp [7] RGB-D RGB-D × 36.0 14.4 37.9 18.8 — —
PONI [24] RGB-D RGB-D × 31.8 12.1 — — — —

Habitat-Web [25] RGB-D RGB-D × — — 41.5 16.0 — —
OVRL [36] RGB-D RGB-D × — — 62.0 26.8 — —

ESC [45] RGB-D RGB-D ✓ 28.7 14.2 39.2 22.3 38.1 22.2
VoroNav [32] RGB-D RGB-D ✓ — — 42.0 26.0 — —
L3MVN [41] RGB-D RGB-D ✓ 34.9 14.5 48.7 23.0 41.2 22.5

OpenFMNav [17] RGB-D RGB-D ✓ 37.2 15.7 52.5 24.1 44.1 23.3
VLFM [40] RGB-D RGB-D ✓ 36.2 15.9 52.4 30.3 42.3 23.0
SG-Nav [38] RGB-D RGB-D ✓ 40.2 16.0 54.0 24.9 47.5 24.0
Unigoal [39] RGB-D RGB-D ✓ 41.6 16.4 54.5 25.1 48.0 24.2

ZSON [22] RGB RGB × 15.3 4.8 25.5 12.6 — —
PixNav [3] RGB RGB × — — 37.9 20.5 — —

PanoNav [14] Pano-RGB Pano-RGB ✓ — — 43.5 23.7 — —
ImagineNav [44] RGB RGB-D ✓ — — 53.0 23.8 — —

MVP-Nav (Ours) RGB RGB ✓ 50.4 18.1 65.4 27.9 57.5 26.8

TABLE I: Comprehensive comparison with state-of-the-art methods on Object-Goal Navigation benchmarks. We report Success Rate (SR)
and SPL (%) across three major datasets. Missing metrics are indicated by a dash (—).

Fig. 6: Examples of successful navigation episodes in the HM3D dataset. The trajectories illustrate how MVP-Nav effectively handles diverse
indoor layouts.

reaches the target object within a predefined distance thresh-
old, while SPL evaluates navigation efficiency by normalizing
the success rate with the ratio of the shortest path length to
the actual distance traversed by the agent.

Implementation Details: Experiments are conducted in
the Habitat simulator with 640× 480 RGB observations. The
agent executes discrete actions (0.25m per step, 30◦ rotations).
We use VGGT for geometric perception and GPT-4o-mini
for high-level reasoning. To assess deployment feasibility, all
benchmarks and computational analyses are performed on a
workstation with an NVIDIA RTX 6000 Ada GPU and an
Intel Xeon Platinum 8352V CPU.

B. Results

As summarized in Table I, MVP-Nav demonstrates strong
competitiveness across all benchmarks. Compared to the pri-
mary RGB-only baseline PanoNav, MVP-Nav exhibits an
overwhelming performance gain; specifically, on the HM3D
dataset, we significantly improve the Success Rate (SR) from
43.5% to 65.4% and the SPL from 23.7% to 27.9%. These
results demonstrate that our multi-view geometric perception

framework constructs spatial representations far more effec-
tively than traditional monocular schemes.

Notably, despite relying solely on RGB input, MVP-Nav
achieves performance levels on par with, or even superior
to, several state-of-the-art RGB-D systems equipped with
physical depth sensors. For instance, our SR outperforms SG-
Nav [38] (54.0%) and UniGoal [39] (54.5%), both of which
utilize offline-trained scene graphs. This suggests that semantic
planning based on physical constraints enables the system to
reach a capability level close to that of active depth sensing.
Fig. 6 shows two successful episodes in the HM3D dataset.

C. Ablation Study and Analysis
Ablation Study: As summarized in Table II, each core

component in MVP-Nav is critical for balancing geometric
fidelity and navigation intelligence.
Ablation Analysis. The failure of the “Full-Sequence Recon-
struction” underscores our recursive framework’s necessity.
Maintaining global maps from long sequences causes se-
vere cumulative drift, geometric warping, and Out-of-Memory
(OOM) failures. In contrast, our recursive strategy reconstructs
at smaller spatial scales, ensuring high-fidelity, drift-free local



maps while preserving essential context via the Spatial Se-
mantic List.

The semantic re-projection module is vital for operational
safety. Removing it (w/o Sem. Re-proj.) marginally increases
SPL (27.9%→ 30.5%) but significantly reduces Success Rate
(SR). Without re-projection, agents adopt riskier, direct trajec-
tories without verifying floor traversability; frequent collisions
justify this efficiency trade-off for robust physical safety.

Furthermore, exploration mechanisms are critical for zero-
shot navigation. Disabling exploration memory (w/o explore
memory) causes SR to plummet to 38.2% as agents become
trapped in repetitive search. Similarly, removing LLM-based
rating (w/o LLM rating) drops SR to 45.7%, demonstrating
that without LLM-driven common-sense reasoning to prior-
itize candidate frontiers (e.g., identifying hallways as paths
to kitchens), exploration becomes suboptimal, confirming the
value of semantic anchoring.

Module SR (%) ↑ SPL (%) ↑

Full-Sequence Recon. OOM (Out of Memory)
w/o Sem. Re-proj. 53.2 30.5
w/o explore memory 38.2 13.4
w/o LLM rating 45.7 20.1

full MVP-Nav 65.4 27.9

TABLE II: Ablation Results of MVP-Nav on the HM3D Dataset.

Component Selection Comparation: We screened various
foundation models to determine the optimal configuration for
perception and reasoning, as detailed in Table III. Regarding
3D perception, while Depth-Anything V3 achieves a minimum
latency of 2.56 s, its insufficient accuracy fails to provide
reliable geometric constraints, leading to a 7.6% drop in SR.
Conversely, although Map-Anything can generate dense maps,
its VRAM consumption (28.78 GB) is prohibitive for real-time
applications. The VGGT scheme provides the best balance,
maintaining the highest SR with moderate resource usage. For
the reasoning backend, GPT-4o-mini stands out with the lowest
end-to-end latency (5.59 s) and superior logical robustness
in following spatial semantic instructions compared to local
alternatives like Llama3.2-vision.

Module SR (%) SPL (%) Latency VRAM

Physical Perception
Depth-Anything V3 [19] 57.8 21.5 2.56 18.61
Map-Anything [15] 62.4 23.7 14.83 28.78
VGGT [30] 65.4 27.9 5.31 15.72

VLM Reasoning
Llama3.2-vision (Local) [9] 58.3 22.4 4.33 –
Gemini-3-flash (API) [29] 63.8 26.5 8.64 –
GPT-4o-mini (API) [13] 65.4 27.9 5.59 –

TABLE III: Performance analysis of each modules in MVP-Nav.

Computational Efficiency and Latency Analysis: We eval-
uate the computational overhead by measuring the end-to-end
latency of a single navigation loop. As reported in Table IV,
the Physical Perception and VLM Reasoning module serves
as the primary bottleneck, requiring 10.90 s per stage.

To prevent this latency from causing motion interruptions,
MVP-Nav utilizes a parallel pipeline mechanism that overlaps
high-level reasoning with physical execution. Specifically, we
initiate the planning for the next stage when the agent is within
a Euclidean distance threshold of ϵ = 3m from the current
midterm goal.

In each stage, the average step count remaining after
reaching the distance d = ϵ is 10.3. Given that the robot
moves 0.25m per step and the inference time is approximately
1.67 s, the buffer time of 10.3 × 1.67 s = 17.20 s theoreti-
cally eliminates latency. In practice, however, the number of
steps varies per stage, resulting in an actual average delay
of 1.6 s. This is negligible compared to the average stage
duration of 50.31 s. This minimal overhead demonstrates that
our hierarchical decoupling successfully reconciles the high
computational demands of MLLMs with the requirements for
fluid indoor navigation.

Module Device Latency (s) Ratio (%)
Physical Perception GPU 5.31 40.26%

MLLM Semantic Reasoning API-Call 5.59 42.38%
Spatial Semantic List Update CPU 2.12 16.18%

MVM & Path Planning CPU 0.17 1.29%

Total - 13.19 100%
Low-level Execution costs 1.67s per step

TABLE IV: Latency of different modules of MVP-Nav.

D. Real-World Experiments

To bridge the gap between simulation and reality, we deploy
MVP-Nav on a physical robotic platform to evaluate its
navigational robustness in unstructured indoor environments.

Hardware and Sensor Configuration: We utilize the Ag-
ibot G1, a wheeled robot, for our real-world deployment. The
hardware and sensor configurations are detailed as follows:

• Vision System: Navigation is performed using only the
RGB stream from the single head-mounted camera. To
balance the field of view (FOV) between low-profile floor
obstacles and eye-level semantic instances, the robot’s
head is fixed at a pitch angle of −20◦.

• Motion Tracking: The G1 is equipped with high-
precision wheel encoders and a 9-axis IMU. The onboard
odometry system provides real-time pose feedback at
a frequency of 1 kHz, which is critical for maintaining
trajectory consistency during our recursive map updates.

• Computing Infrastructure: All heavy computations are
offloaded to a dedicated server via a high-speed wireless
link. The server is equipped with dual NVIDIA RTX
2080 Ti GPUs.
Experimental Environment and Setup: The real-world

evaluation is conducted in a university library corridor, a
demanding environment characterized by long-range vistas,
repetitive visual patterns, and varying lighting conditions.
Specifically, we define two navigation tasks: (1) locating a
fire extinguisher box situated in the left corridor after exiting
the starting room, and (2) reaching a large green plant
positioned along the wall of the right corridor. Each task was



Fig. 7: Real-world experimental results. We evaluated MVP-Nav on an Agibot G1 [2] wheeled robot in a library corridor. The results (right)
show that the system can successfully navigate to target objects over distances exceeding 15 meters, proving that our framework effectively
translates from simulation to physical hardware.

Fig. 8: Real-world deployment on a wheeled robot platform. We
present sequential frames captured from a follow-cam perspective
to visualize the robot’s physical execution.

Fig. 9: Real-world deployment in another scenario.

Target test times success Ratio (%)
Fire extinguisher box 20 7 35.0

Large green plant 20 11 55.0

Total 40 18 45.0
Computer on the chair 20 12 60.0

Trash bin 20 7 35.0

Total 40 19 47.5

TABLE V: Test results in two different real scenarios.

executed for 20 trials. These paths exceed 15meters in length,
with the left corridor stretching approximately 60meters. To
ensure stability, the robot’s height was set to 130 cm. Another
experiment scenario is an office with its many complex objects
and its small range outdoor environment.In this scenario, the
goal is a computer on the chair and and trash bin in front
of the elevator

Results and Observations: Despite the total absence of
active depth sensors, MVP-Nav works successfully in the
physical world, achieving an overall success rate of 45.0%
(18/40). In the right corridor task, the robot reached the green
plant with a 55.0% success rate (11/20). Performance in the
left corridor was lower, with 7 successful trials out of 20
(35.0%). Analysis suggests that the primary failure mode in
the 60-meter left corridor is the inherent difficulty of long-
range monocular depth estimation, which occasionally leads
to point cloud drifting and map distortion at extreme distances.

It is worth noting that while MVP-Nav was originally
optimized for indoor benchmarks, these experiments were
conducted in a challenging semi-outdoor setting due to library
environment constraints. The fact that the system maintains a

reasonable success rate under such conditions—where depth
ambiguity is maximized—underscores its robustness. Our ob-
servations highlight two key strengths:

• Drift-Resistant Execution: By leveraging the recursive
stage-wise update mechanism, the cumulative drift from
monocular vision input is effectively reduced. The robot
maintains precise alignment between its A∗ path and the
physical corridor boundaries.

• Semantic Safety under Monocular Failure: In the
presence of glass partitions and textureless walls where
monocular depth estimation frequently fails, MVP-Nav
prevents collisions by identifying the semantic floor
mask. The re-projection module successfully triggers
proactive recovery whenever the projected goal falls
outside the traversable floor region.

• Semantic Safety under Monocular Failure: In the
presence of glass partitions and textureless walls where
monocular depth estimation frequently fails, MVP-Nav
prevents collisions by identifying the semantic floor
mask. The re-projection module successfully triggers
proactive recovery whenever the projected goal falls
outside the traversable floor region.

V. CONCLUSION

In this paper, we presented MVP-Nav, a training-free
and RGB-only navigation framework that bridges the gap
between high-level semantic reasoning and low-level physical
occupancy. To address the challenge of achieving safe and
consistent navigation without active depth sensing, we devel-
oped a 3D-driven OBB generation and computation algorithm
that extracts structured geometric priors directly from 3D
foundation models. These reconstructed OBBs are unified with
MLLM-based semantic reasoning into a Multi-layer Value
Map (MVM), enabling a tri-objective goal selection policy
that respects both semantic relevance and physical constraints.
Extensive experiments across multiple benchmarks and real-
world deployment on a wheeled robot platform demonstrate
that MVP-Nav generalizes robustly across diverse environ-
ments and instructions. We also identify several technical
insights for future improvement, including fine-tuning 3D
foundation models with navigation-specific priors to further
enhance reconstruction fidelity, and designing hybrid memory
structures to balance implicit neural features with explicit
and explainable geometric outputs. Furthermore, exploring a
tighter coupling between physical features and the execution
layer remains a key direction to further minimize latency and
enhance the agility of sensor-minimalist embodied systems.
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