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ABSTRACT Universal zero-shot goal-oriented navigation requires an agent to locate object categories,
target instances, or text-described goals in unseen environments without task-specific policy training.
Existing methods usually rely on either broad semantic exploration or fine-grained target verification,
but they can become inefficient when semantic cues are sparse, ambiguous, or insufficient for reliable
graph matching. This paper presents ForesightNav, a training-free universal zero-shot navigation framework
that adaptively combines context-aware semantic value mapping, graph-based target verification, and
TSP-based frontier ordering. Guided by semantic-score dispersion and graph-matching confidence, the
planner switches among geometric exploration, semantic exploration, partial-match exploration, and target
verification, balancing broad goal-directed search with fine-grained target confirmation. Experiments on
MP3D, HM3D, and RoboTHOR across Object Navigation (ObjectNav), Instance Navigation (InstanceNav),
and Text Navigation (TextNav) show favorable performance across different goal modalities. Compared
with UniGoal, ForesightNav improves ObjectNav performance on three evaluated benchmarks, with the
largest gains on RoboTHOR ObjectNav: 18.6 percentage points in Success Rate (SR) and 11.4 in Success
weighted by Path Length (SPL). On HM3D, it achieves 65.3% SR on InstanceNav and 29.6% SR on
TextNav, suggesting that the same training-free planning process remains applicable to instance- and
language-specified goals. Foundation-model analysis and ablation results further support the effectiveness
of adaptive switching, context-aware semantic mapping, and TSP-based frontier ordering. Code is available
at https://anonymous.4open.science/r/ForesightNav

INDEX TERMS Zero-shot navigation, goal-oriented navigation, semantic mapping, scene graph.

I. INTRODUCTION

Enabling embodied agents to navigate toward user-specified
goals in unseen environments remains a fundamental chal-
lenge for embodied AI. In goal-oriented navigation, the
agent receives only a target specification rather than step-
by-step route instructions, and must actively explore the
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environment to infer the target location. Representative
formulations include Object Navigation (ObjectNav) [2],
[3], [4], Instance Navigation (InstanceNav) [5], [6], and
Text Navigation (TextNav) [8], where the target is specified
by an object category, an instance image, or a textual
description, respectively. A universal navigation framework
should support these goal modalities within a unified
decision-making process, without designing separate policies
for each task.
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FIGURE 1. Comparison of representative methods on the HM3D
benchmark. ForesightNav is evaluated against representative baselines
across ObjectNav, InstanceNav, and TextNav. The results indicate
improvements over UniGoal, particularly in SPL.

Recent learning-based methods have progressed through
training policies or goal representations for multiple goal
types. GOAT [7] demonstrated universal navigation across
category, image, and language goals, but relied on experience
accumulation and was not purely training-free. PSL [8] uses
CLIP [9] embeddings to unify different goal representations,
but still requires reinforcement learning to build its policy
network. Such training-based policies may suffer from
limited transferability when deployed in unseen layouts,
novel object distributions, or in real-world robotic platforms.

To reduce task-specific training, recent zero-shot navi-
gation methods leverage large language models (LLMs),
vision-language models (VLMs), and open-vocabulary per-
ception [10], [11], [12]. The existing approaches often
follow two complementary paradigms. Semantic-map-based
methods, such as value-map navigation [28], provide broad
spatial guidance by estimating the goal relevance over
explored regions, but they may fail to distinguish a specific
target instance from semantically similar objects. In contrast,
graph-matching methods [12] construct structured goal and
scene representations for fine-grained target verification, but
become unreliable when the observed scene graph is sparse
during early exploration. Moreover, both paradigms may rely
on greedy frontier selection, which can lead to redundant
movements and path oscillations.

These limitations reveal a gap between broad semantic
exploration and precise target localization in universal zero-
shot navigation. Semantic value maps can provide coarse
spatial guidance over explored regions, but they may be
ambiguous when the goal refers to a specific instance or
a language-described target. Graph matching can support
fine-grained verification, but it becomes less reliable when
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the observed scene graph is sparse during early exploration.
Therefore, an effective training-free navigator should not rely
on only one of these signals; instead, it should decide when to
expand the map, when to follow semantic cues, and when to
activate graph-based verification.

To address the challenges in universal zero-shot goal-
oriented navigation, where semantic cues may be insufficient
for reliable target localization and graph-matching evidence
is often incomplete during early exploration, we aim to
improve target discovery by enabling an agent to adaptively
balance broad exploration and fine-grained target verifica-
tion. To this end, we propose ForesightNav, a training-free
universal zero-shot goal-oriented navigation framework that
coordinates three complementary sources of information:
geometric coverage, semantic relevance, and graph-matching
evidence. Specifically, ForesightNav maintains a context-
aware semantic value map for large-scale exploration and
an online scene graph for target verification. According
to semantic-map dispersion and graph-matching confi-
dence, the planner switches among Geometric Exploration
(GE), Semantic Exploration (SE), Partial-Match Exploration
(PME), and Target Verification (TV). High-value frontiers
are further clustered and globally ordered using TSP-based
frontier ordering to reduce redundant paths.

The main contributions of this paper are summarized as
follows:

« We formulate target discovery in universal zero-shot
navigation as an adaptive coordination problem between
semantic exploration and graph-based verification.

o We propose ForesightNav, a training-free navigation
framework that combines context-aware semantic value
mapping and graph-based target verification.

o We introduce an adaptive semantic-geometric explo-
ration strategy together with TSP-based frontier order-
ing to reduce redundant exploration.

« We conduct extensive experiments on MP3D, HM3D,
and RoboTHOR across ObjectNav, InstanceNav, and
TextNav. Compared with UniGoal, ForesightNav
improves ObjectNav SR by 10.7, 10.0, and 18.6 per-
centage points on MP3D, HM3D, and RoboTHOR,
respectively, supporting adaptive semantic-geometric
coordination as a practical planning principle for
universal zero-shot goal-oriented navigation.

The remainder of this paper is organized as follows.
Section II reviews related studies on goal-oriented nav-
igation, vision-language navigation, zero-shot multimodal
navigation, scene graphs, and semantic planning. Section III
formulates the universal zero-shot goal-oriented naviga-
tion problem, including multimodal goal definitions, agent
observations, map representations, and evaluation objectives.
Section IV presents the proposed ForesightNav framework,
including the context-aware semantic value map, adaptive
semantic-geometric exploration strategy, graph-based target
verification, and TSP-based frontier ordering. Section V
reports quantitative comparisons, qualitative analysis, and
ablation studies on MP3D, HM3D, and RoboTHOR.
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Il. RELATED WORK

A. GOAL-ORIENTED AND VISION-LANGUAGE
NAVIGATION

Goal-oriented navigation requires an embodied agent to
reach a target specified by a goal modality (object category,
image, or text) rather than step-by-step route instruc-
tions. Representative tasks include ObjectNav [2], [3], [4],
InstanceNav [5], [6], and TextNav [8]. Instruction-following
VLN tasks, such as R2R [1] and REVERIE [16], address a
different setting in which agents follow route-like language
instructions. These tasks have driven progress through
recurrent [17], [18], [19] and Transformer-based architec-
tures [20], [21], [22], [23], but most methods rely on large-
scale supervised training and may not generalize to unseen
layouts or real-world robotic platforms.

B. ZERO-SHOT MULTIMODAL NAVIGATION
Zero-shot multimodal navigation aims to handle unseen
environments and goals without task-specific policy training.
Recent methods have leveraged open-vocabulary per-
ception, LLM-based commonsense reasoning, or VLM-
based semantic scoring to infer promising exploration
regions. For zero-shot ObjectNav, CoW [26] provides
a CLIP-based benchmark and baseline, while ESC [4],
OpenFMNav [27], and VLFM [28] use commonsense
reasoning or vision-language foundation models to guide
exploration. In addition, L3MVN [25] leverages large
language models to score frontier candidates for visual
target navigation, and PixNav [24] bridges zero-shot object
navigation with foundation models via pixel-guided naviga-
tion. For InstanceNav, Mod-IIN [6] combines frontier-based
exploration with keypoint matching for target recognition.
Universal zero-shot navigation methods aim to support
multiple goal modalities within a unified framework.
UniGoal [12] represents both goals and scenes as graphs
and performs graph matching for ObjectNav, InstanceNav,
and TextNav. However, existing zero-shot methods still
face a trade-off between broad exploration and precise
localization: semantic cues support efficient searches but
may be ambiguous, whereas graph-based matching enables
verification but is unreliable when observations are sparse.

C. SCENE GRAPHS AND SEMANTIC PLANNING

Scene graphs provide structured representations of objects,
attributes, and spatial relations, which makes them useful
for fine-grained target reasoning. OVSG [29] constructs
open-vocabulary scene graphs for entity grounding, while
SG-Nav [3] builds an online hierarchical scene graph and
uses LLM prompting for zero-shot ObjectNav. UniGoal [12]
further formulated multimodal goals as graphs and matched
them with an observed scene graph.

Despite their precision, graph-based methods can be
inefficient when the observed scene graph contains few infor-
mative nodes or relationships. In semantically sparse regions,
unreliable partial matches can lead to inefficient exploration
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or repeated visits. In contrast, semantic value maps provide
broader spatial guidance but may lack fine-grained target
verification. ForesightNav addresses this gap by combining a
context-aware semantic value map, graph-based verification,
and adaptive semantic-geometric planning.

Ill. PROBLEM FORMULATION

We consider universal zero-shot goal-oriented navigation in
an unknown indoor environment. At the beginning of an
episode, the agent receives a multimodal goal

S g= gobj ) gimg U Gixt, (1)

where Gobj, Gimg, and G denote object-category goals,
instance-image  goals, and text-description goals,
respectively.

At each time step ¢, the agent observes RGB-D and pose
information,

oy = (;, Dy, pr), 2)

where I; is the RGB observation, D; is the depth observation,

and p; is the estimated agent pose. The agent maintains an

occupancy map M, ¢, semantic value map M;*™, confidence

map C;, and online scene graph G;" = (V "¢, E°°"°),
The goal is to generate a sequence of actions

Air ={a1,az, ..., ar} 3)

that navigates the agent to the target within a step budget
Tmax. ForesightNav uses a training-free decision policy
composed of frozen foundation models, semantic mapping,
graph matching, and frontier planning:

ar =TI (g, 014, MY, M°™, Cy, GY°°"). 4

No task-specific policy parameters were optimized during
navigation. This objective is evaluated using standard met-
rics, including the Success Rate (SR) and Success weighted
by the Path Length (SPL).

IV. METHOD

ForesightNav addresses the trade-off between efficient explo-
ration and precise target localization in universal zero-shot
goal-oriented navigation. As shown in Fig. 2, the framework
consists of three closely coupled modules: a context-aware
semantic value map, an adaptive exploration strategy, and
graph-based target verification. The context-aware semantic
value map estimates goal relevance over the explored space
by incorporating the current observation, recent navigation
history, and VLM-based semantic scores. This map provides
coarse spatial guidance when the target is not directly visible
or when the observed scene graph is still sparse.

The adaptive exploration strategy determines how the
agent selects the next long-term goal. It uses semantic-
frontier dispersion and graph-matching confidence to
switch among Geometric Exploration, Semantic Exploration,
Partial-Match Exploration, and Target Verification. When
semantic evidence is weak, the agent expands the map
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geometrically. When semantic scores become concentrated,
it follows semantically guided frontiers. During Semantic
Exploration, high-value frontiers are clustered and ordered
using a TSP-based strategy to reduce unnecessary backtrack-
ing during long-range exploration.

Graph-based target verification provides fine-grained con-
firmation when sufficient object and relation evidence has
been observed. A partial graph match guides the agent toward
potentially relevant regions, while a high-confidence match
activates target verification. In this way, ForesightNav does
not rely on semantic mapping or graph matching alone.
Instead, it progressively coordinates semantic guidance,
geometric coverage, and graph-based verification according
to the reliability of available evidence. The overall navigation
loop is summarized in Algorithm 1.

Algorithm 1 ForesightNav Navigation Loop
Require: Multimodal goal g, maximum steps Tmax
Ensure: Navigation action sequence Aj.7
1: Initialize My, M*™, Co, Gy*"°, and goal graph Geodl
2: fort = 1to T do
3:  Receive observation o; = (I;, Dy, pr)

4:  Update occupancy map M,

5. Update semantic value map M ™

6:  Update scene graph G;*"°

7. Extract frontiers F; and compute scores Sg

8:  if semantic cues are sufficient then

9: Compute  graph-matching score S =

MatCh(G?(:ene, Ggoal)

10:  else
11: SetS; =0
12. end if
13:  Select long-term goal f?oal using Algorithm 2

14:  Execute local policy toward f‘?oal and obtain action a;
15:  Append a; to Aj.1
16:  if target is verified then

17: break
18:  endif
19: end for

20: return Aj.r

A. CONTEXT-AWARE SEMANTIC VALUE MAP

Graph matching can be unreliable when the explored
scene contains few goal-relevant entities. To provide broad
guidance under semantic sparsity, ForesightNav maintains
a semantic value map M/*" that estimates goal relevance
over explored space. The map is updated from context-aware
VLM scores and is used to identify promising frontiers before
reliable graph matching becomes available.

1) CONTEXT-INJECTED VLM QUERIES

At each timestep, the VLM receives the current RGB
observation /;, the goal g, and a structured context prompt

h, — {S?ist’ P Ogecent’ Qgecent}’ (5)
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Algorithm 2 Adaptive Semantic-Geometric Exploration

Require: Frontiers F;, semantic scores S, graph score S;,
thresholds Tpartial, Trull, Trs o B
Ensure: Long-term goal ££*
1: Compute score ratio R and standard deviation o
if S; > tg then
£ TargetVerification(G5°", Geoaly
else if §; > Tpartial then
£  PartialMatchExploration(GScene, Geoal | pfsem)
else if R > 1, and o5 > 1, then
f,goal < SemanticExplorationTSP(F;, SF)
else
£ GeometricEx loration(F;, M)
t p X t
end if
. return 5

R e A i

—_ =
- o

where sf’”’ is a long-term exploration summary, p; is the

current pose, O™ denotes recently observed objects, and
Q{“e”’ denotes recent VLM interactions. The VLM outputs
a semantic relevance score and a confidence score:

(st,¢r) = VLM(}, g, b)), si, ¢ € [0, 1], Q)

The scored visual region was projected onto a global map
using depth observation D; and pose p;.

2) MAP UPDATE MECHANISM

Let €2, be a set of grid cells projected from the scored visual
region. For each (x,y) € €;, the semantic value is updated
using confidence-weighted accumulation:

Cl—l(xv y)MtSET(xv )7) + Ct(xs y)st()ﬁ y)
G, y) +cx,y) +€

where € is a small constant for numerical stability. For all
(x,y) € Q, we set s;(x,y) = s; and ¢;(x,y) = ¢, i.e.,
the per-frame VLM relevance and confidence scores from
Eq. (6) are uniformly broadcast over the cells projected from
the current scored region. For cells outside 2, M;*"(x, y) and
C:(x, y) are inherited from the previous step. The confidence
map is updated as follows:

Ci(x,y) = Ci—1(x, y) + ¢ (x, y). ®)

where C;(x,y) denotes the cumulative confidence of grid
cell (x,y) up to time step f. This formula ensures that
high-confidence observations have a greater impact, while
gradually building a stable semantic understanding of the
environment.

Mtsem (x , y) —

. (D

B. ADAPTIVE EXPLORATION STRATEGY

The adaptive strategy determines whether an agent should
expand the map geometrically, investigate high-value seman-
tic frontiers, or verify a potential target through graph
matching. The decision is based on two signals: dispersion
of semantic frontier scores and graph-matching confidence.
The procedure is summarized in Algorithm 2.
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FIGURE 2. Overview of ForesightNav. A multimodal goal, specified as an ObjectNav, InstanceNav, or TextNav target, is converted into a goal
graph and processed together with RGB-D observations. The framework updates a context-aware semantic value map for large-scale
guidance and an online scene graph for fine-grained verification. The adaptive planner switches among Geometric Exploration, Semantic
Exploration with TSP-based frontier ordering, Partial-Match Exploration, and Target Verification according to semantic-map dispersion and

graph-matching confidence.

1) EXPLORATION MODE DECISION
Given frontier scores S = {s(f) | f € F;}, we compute the
score ratio and standard deviation:
max(Sr)
=———"— o;=std(Sp). 9
mean(Sr) ¢ s (SF) )
A high R and oy indicate that a small number of frontiers are
more goal-relevant than others. The exploration mode was
selected as follows:

TV, 8 > T,

PME,  tpartial <S¢ < Ttun,
SE, St < Tpartial AR > T, A o5 > Tg,
GE, otherwise.

where TV, PME, SE, and GE denote the Target Verification,
Partial-Match Exploration, Semantic Exploration, and
Geometric Exploration, respectively.

If the cues are weak or ambiguous (low R and o),
the system defaults on Geometric Exploration to efficiently
expand the map. If strong, concentrated cues are found,
it switches to Semantic Exploration.

2) GEOMETRIC EXPLORATION

When semantic cues are weak or uniformly distributed,
the agent prioritizes the map coverage by selecting an
informative frontier while penalizing long travel distances
and recently visited regions. This mode prevents unreliable
semantic or graph-based reasoning from dominating the early
exploration.
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3) SEMANTIC EXPLORATION WITH TSP-BASED FRONTIER
ORDERING

When semantic scores become concentrated, the agent
investigates the high-value frontiers. First, we select semantic
frontiers by

F={feF |s(f) > s+ Boy), (1)

where py and oy are the mean and standard deviation
of frontier scores, respectively, and B is a sensitivity
coefficient that controls the strictness of the frontier selection.
To remove spatial redundancy, DBSCAN clusters F[”' and
selects the highest-scoring frontier from each cluster, yielding
representative frontiers

Fro={f, b, ... f). (12)

We then compute their visiting order by solving a TSP-style
optimization:
K—1
p* = arg mpin dist(py, £,,) + Z dist(,,, 5., |, (13)

i=1
where p is a permutation of the frontier indices. The next
long-term goal is selected as

ftgoal Zf‘pf (14)

In practice, clustering maintains K small, making the TSP
solver efficient for online planning.

C. GRAPH-BASED TARGET VERIFICATION
A semantic value map provides coarse spatial guidance, but
precise localization requires fine-grained target verification.
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TABLE 1. Comparison with representative methods across goal-oriented navigation tasks and datasets. The 1 symbol indicates that higher values are
better. Bold and underlined values indicate the best and second-best results, respectively. IEVE" uses Mask R-CNN backbone (Internimage variant:

SR=66.0, SPL=23.7).

ObjNav InsNav TextNav
Method Zero-
Shot MP3D HM3D RoboTHOR HM3D HM3D

SR(%)t SPLT  SR(%)t SPLT  SR(%)1 SPLT  SR(%)t SPLT  SR(%)T SPL?t
SemEXP (NeurIPS,2020) [2] X 323 13.2 — — — — — — — —
ZSON (NeurIPS,2022) [30] X 13.5 4.0 20.6 10.4 — — — — — —
OVRL-v2 [31] X — — 55.3 25.3 — — — — — —
OVRL-v2-IIN [31] X — — — — — — 21.0 11.0 — —
IEVE'! (CVPR,2024) [33] X — — — — — — 62.5 28.0 28.7 114
PSL (ECCV,2024) [8] X — — 37.8 16.6 — — 20.4 10.5 13.7 6.7
GOAT (CVPR,2023) [7] X — — 45.6 21.1 — — 324 13.6 14.1 7.3
Mod-IIN (ICCV,2023) [6] X — — — — — 49.8 19.7 23.7 10.5
OpenFMNav (ECCV,2024) [27] v 32.6 132 46.2 20.5 39.3 20.5 449 17.1 16.9 7.7
VLFM (ICRA,2024) [28] v 32.1 133 45.6 26.1 37.6 20.4 444 16.9 16.5 7.5
SG-Nav (NeurIPS,2024) [3] v 36.3 14.0 46.5 20.8 43.0 21.4 45.6 17.4 17.4 8.0
TriHelper (IROS,2024) [34] v 38.1 13.5 51.9 23.6 46.2 20.8 50.6 19.3 21.4 8.9
ImagineNav (ICLR,2025) [35] v 35.7 12.8 49.2 222 43.6 19.6 48.9 18.6 19.7 8.5
InstructNav (CoRL,2024) [36] v 39.0 11.3 53.0 19.6 473 17.4 51.2 18.0 22.6 8.3
Think-Rem-Nav (NeurIPS-W,2025) [37] v 334 16.4 50.3 28.9 44.6 25.3 49.9 19.6 20.9 9.2
WMNav (IROS,2025) [38] v 41.8 15.9 53.1 29.0 474 25.4 50.9 19.9 22.1 9.6
ApexNav (RA-L,2025) [39] v 36.3 16.5 54.1 30.6 48.4 26.8 51.8 20.2 23.0 9.9
STRIVE (ICRA,2026) [40] v 46.2 20.5 56.6 31.8 60.9 33.6 61.3 255 28.0 11.1
GAMap (NeurIPS,2024) [41] v 34.6 139 49.3 24.3 43.7 21.3 49.4 19.0 20.2 8.6
UniGoal (CVPR,2025) [12] v 36.8 14.3 47.8 229 439 21.5 53.1 20.7 17.9 9.3
ForesightNav (Ours) v 47.5 21.2 57.8 334 62.5 329 65.3 26.8 29.6 11.8

Therefore, ForesightNav maintains a scene graph in
parallel with the semantic map. The multimodal goal is
converted into a goal graph G2°, and a graph-matching score

scene
Gt

S, = Match(G**™, G°), s, € [0, 1], (15)

measures the consistency between the observed scene and the
target goal.

Depending on S;, the adaptive planner uses graph matching
in three regimes:

« No reliable match (S; < tpartia): The observed scene
graph is insufficient for target verification, and the agent
relies on geometric or semantic frontier exploration.
Partial match (7patiat < S; < tru): Potential
target-related entities are observed, and the agent
performs local semantic exploration around the matched
region.

High-confidence match (S; Tran): The agent
activates target verification and navigates toward the
matched target region.

Our graph construction and matching followed the unified
graphical representation of UniGoal [12]. In contrast to
purely graph-centered exploration, ForesightNav uses graph
matching as an adaptive verification signal and couples it
with semantic value mapping and global frontier ordering.
This design avoids over-reliance on unreliable graph matches
during early exploration while preserving fine-grained
target localization when sufficient semantic evidence is
available.

=
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V. EXPERIMENTS

We evaluate ForesightNav through quantitative comparisons,
foundation-model analysis, ablations, and qualitative visu-
alizations. The experiments focus on the following three
questions:

Q1: How does ForesightNav compare with the represen-
tative task-specific, universal, supervised, and training-free
baselines?

Q2: How robust is ForesightNav across different
foundation-model backbones, and does its benefit persist
under both strong and lightweight models?

Q3: How much does each core component contribute
to navigation performance, and what qualitative behaviors
explain these gains?

A. EXPERIMENTAL SETUP

1) PLATFORM AND MODELS

All the experiments were conducted using the Habitat
simulator with RGB-D observations and pose information.
Gemma-—-3-12B-It [32] was used as the frozen LLM/VLM
backbone. Task-specific policy training was not conducted.

2) DATASETS AND TASKS

We evaluate three goal modalities. ObjectNav is tested
on MP3D [13], HM3D [14], and RoboTHOR [15] fol-
lowing SG-Nav [3]. InstanceNav is tested on HM3D
following Mod-IIN [6], and TextNav is tested on HM3D
following PSL [8].
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TABLE 2. Impact of different foundation models on navigation performance. We evaluate our method (ForesightNav) against a zero-shot baseline
(InstructNav) using a wide range of state-of-the-art closed-source and open-source models on the HM3D dataset. * denotes the default model

configuration used in our main experiments.

Method Type Foundation Model ObjNav InsNav TextNav
SR(%)t SPL?T SR(%)1 SPL?t SR(%)1 SPLt
Claude-3.7-Sonnet 54.7 20.2 53.1 19.0 24.9 9.2
GPT-4.1 54.3 19.9 52.6 18.6 24.4 8.9
Gemini-2.0-flash 54.0 19.7 52.5 18.3 24.0 8.6
Closed GPT-40 53.0 19.6 51.2 18.0 22.6 8.3
Claude-3.5-Sonnet 52.2 19.0 49.8 17.4 21.2 7.7
GPT-40-mini 423 155 39.5 13.6 11.8 42
Gemini-1.5-Pro 39.0 14.1 36.2 12.2 9.9 3.6
InstructNav [36] gemma-3-27b-it 526 19.3 503 17.7 216 8.0
Qwen2.5-VL-72B-Ins 51.5 18.6 48.9 16.9 20.2 7.3
Llama-3.2-90B-Vision-Ins 50.9 18.3 48.4 16.7 19.7 7.1
Open Gemma-3-12B-It 53.0 19.6 46.5 15.5 18.0 6.4
Qwen2.5-VL-7B-Ins 45.6 16.2 423 14.3 14.6 5.2
Llama-3.2-11B-Vision-Ins 40.9 14.9 38.1 13.0 10.8 39
Qwen2.5-VL-3B-Ins 329 11.8 30.1 9.9 8.0 2.8
Ours: ForesightNav
Claude-3.7-Sonnet 60.0 35.0 68.2 28.9 334 139
GPT-4.1 59.7 34.8 67.7 28.7 327 13.6
Gemini-2.0-flash 59.4 34.6 67.2 28.4 32.1 13.3
Closed GPT-40 59.0 34.3 66.9 28.0 32.0 13.0
Claude-3.5-Sonnet 58.3 33.8 66.0 27.3 30.6 12.2
GPT-40-mini 53.1 30.1 59.7 235 22.1 8.3
Gemini-1.5-Pro 51.2 28.7 57.3 22.1 19.7 7.3
ForesightNav gemma-3-27b-it 58.8 34.0 66.6 27.7 315 12.7
Qwen2.5-VL-72B-Ins 57.5 33.1 64.9 26.5 29.0 11.3
Llama-3.2-90B-Vision-Ins 572 327 64.4 26.1 28.4 11.1
Open Gemma-3-12B-It* 57.8 334 65.3 26.8 29.6 11.8
Qwen2.5-VL-7B-Ins 55.0 31.5 61.6 24.9 24.9 9.6
Llama-3.2-11B-Vision-Ins 52.2 29.6 58.8 23.0 21.2 8.0
Qwen2.5-VL-3B-Ins 475 26.8 53.1 19.7 17.4 6.1
3) METRICS zero-shot approaches, supervised universal frameworks, and

We report the Success Rate (SR) and Success weighted
by Path Length (SPL). The SR measures the percentage
of episodes in which the agent reaches within 1 meter of
the target under the step limit. The SPL further penalizes
inefficient paths in successful episodes. Higher values were
better for both metrics.

4) PARAMETERS

We set 7, = 1.10 and t, = 0.015 for adaptive exploration.
The graph-matching thresholds for mode switching are set
0 Tpatial = 0.30 and 7¢yn = 0.65 (Eq. 10), and the
frontier sensitivity coefficient 8 in Eq. 11 is set to 1.0.
DBSCAN uses eps=30 pixels, approximately 1.5 m, and
min_samples=1. The short-term VLM memory length
was set to 5.

All quantitative comparisons are based on 10 independent
runs with different random seeds for the VLM sampling
module. Statistical significance between ForesightNav and
STRIVE is assessed using Welch’s z-test. Detailed statistical
results are provided in Section V-G.

B. COMPARISON WITH STATE-OF-THE-ART METHODS
To answer Q1, we compare ForesightNav with a diverse
set of state-of-the-art methods, including task-specific
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recent training-free universal baselines. These baselines
differ in training requirements, supported goal modalities,
and planning mechanisms, which allows us to examine not
only absolute navigation performance but also the trade-off
among task generality, training-free deployment, and path
efficiency. Fig. 1 provides a comparative overview of the
representative methods on the HM3D benchmark under dif-
ferent goal modalities. The results suggest that ForesightNav
can improve path efficiency relative to UniGoal, as reflected
by SPL, while maintaining competitive performance across
ObjectNav, InstanceNav, and TextNav. The quantitative
results are summarized in Table 1 and Fig. 3.

On ObjectNav, ForesightNav achieves an SR of 47.5%
and an SPL of 21.2 on MP3D, an SR of 57.8% and an
SPL of 33.4 on HM3D, and an SR of 62.5% and an SPL of
32.9 on RoboTHOR. Compared with UniGoal [12], a recent
training-free universal baseline, ForesightNav improves SR
by 10.7, 10.0, and 18.6 percentage points on MP3D, HM3D,
and RoboTHOR ObjectNav, respectively. The corresponding
SPL improvements are 6.9, 10.5, and 11.4, respectively.
These results indicate that the proposed adaptive semantic-
geometric planner provides more effective exploration guid-
ance than relying primarily on graph matching, especially
when early scene observations are sparse or incomplete.
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FIGURE 3. ObjectNav performance on MP3D, HM3D, and RoboTHOR.
ForesightNav improves over prior universal baselines on both SR and SPL,
with particularly clear gains in path efficiency.

Compared with other zero-shot ObjectNav methods,
such as OpenFMNav [27], VLFM [28], and SG-Nav [3],
ForesightNav also maintains favorable performance across
the three ObjectNav datasets. For example, on HM3D
ObjectNav, ForesightNav achieves an SR of 57.8% and an
SPL of 33.4. In comparison, the SR and SPL are 46.2%
and 20.5 for OpenFMNav, 45.6% and 26.1 for VLFM, and
46.5% and 20.8 for SG-Nav, respectively. This suggests
that combining context-aware semantic value mapping with
adaptive graph-based verification can provide more stable
guidance than using semantic frontier maps or scene-graph
reasoning alone.

The comparison with STRIVE [40] and IEVE [33]
further clarifies the behavior of ForesightNav under different
evaluation metrics. On RoboTHOR ObjectNav, STRIVE
achieves a higher SPL of 33.6, compared with 32.9 for
ForesightNav. This result suggests that STRIVE can generate
more compact successful trajectories on this ObjectNav
benchmark, possibly because its reasoning and planning
process is more directly optimized for path compactness in
category-level object search. On HM3D InstanceNav, IEVE
records a higher SPL of 28.0, compared with 26.8 for
ForesightNav. InstanceNav requires precise target-instance
localization, and an instance-oriented verification pipeline
can shorten successful trajectories once reliable instance
evidence is detected. In contrast, ForesightNav uses a unified
adaptive semantic-geometric planning process rather than a
task-specific path optimizer. Therefore, these SPL differences
reflect the effect of task specialization on successful-episode
path compactness, while ForesightNav is designed to main-
tain general applicability across ObjectNav, InstanceNav,
and TextNav without task-specific training or modality-
dependent optimization.

For TextNav on HM3D, ForesightNav achieves an SR
of 29.6% and an SPL of 11.8. In comparison, UniGoal
achieves an SR of 17.9% and an SPL of 9.3, while
IEVE achieves an SR of 28.7% and an SPL of 11.4.
This result suggests that the proposed framework remains
applicable when the target is specified by language rather
than by an object category or instance image. Overall, the
table-level comparison shows that ForesightNav provides a
practical balance among generality, training-free deployment,
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target-reaching reliability, and navigation efficiency, high-
lighting the benefit of foresight-driven planning in universal
zero-shot goal-oriented navigation.

C. IMPACT OF FOUNDATION MODELS

To answer Q2, we evaluate the sensitivity of ForesightNav to
different foundation-model backbones, as shown in Table 2.
The comparison is conducted against InstructNav [36] under
the same backbone settings, covering both closed-source
and open-source models. This setting allows us to examine
whether the performance gain mainly comes from stronger
foundation models or from the proposed planning framework
itself.

Across the tested backbones, ForesightNav improves both
SR and SPL over InstructNav when the two methods use
the same foundation model. For example, with Claude-3.7-
Sonnet, ForesightNav improves ObjectNav SR from 54.7%
to 60.0% and SPL from 20.2 to 35.0. On the same
backbone, InstanceNav SR increases from 53.1% to 68.2%,
and TextNav SR increases from 24.9% to 33.4%. These
results suggest that the proposed semantic mapping and
adaptive planning components provide navigation benefits
beyond the representation capability of the foundation model
itself.

The improvement is also observed with open-source
backbones. With the default Gemma-3-12B-It backbone,
ForesightNav improves ObjectNav from 53.0% SR and 19.6
SPL to 57.8% SR and 33.4 SPL. For InstanceNav, the SR
increases from 46.5% to 65.3%, and for TextNav, the SR
increases from 18.0% to 29.6%. These gains indicate that
ForesightNav remains effective when deployed with an open-
source backbone, rather than relying only on closed-source
foundation models.

The results with lightweight models further support this
observation. When using Qwen2.5-VL-3B-Ins, ForesightNav
improves ObjectNav SR from 32.9% to 47.5% and SPL
from 11.8 to 26.8. It also improves InstanceNav SR from
30.1% to 53.1% and TextNav SR from 8.0% to 17.4%.
Although the absolute performance remains lower than that
of larger backbones, the improvement over InstructNav is
still clear, suggesting that the proposed planning mechanism
can compensate, to some extent, for weaker perception or
reasoning capability.

Several trends can be observed from Table 2. First,
stronger foundation models generally lead to higher absolute
performance, as shown by the closed-source models such as
Claude-3.7-Sonnet and GPT-4.1. Second, the benefit of Fore-
sightNav varies across goal modalities: ObjectNav shows
particularly evident SPL improvement, while InstanceNav
shows large SR improvement. Third, open-source models
achieve competitive results within the proposed framework.
For instance, Gemma-3-27B-It reaches 58.8% SR and 34.0
SPL on ObjectNav, which is close to the performance of
stronger closed-source backbones.

We use Gemma-3-12B-It as the default backbone
because it provides a practical balance between navigation
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FIGURE 4. Qualitative navigation examples for InstanceNav and TextNav. Each example shows the explored trajectory and task goal in representative
scenes, illustrating how ForesightNav uses semantic guidance to approach target regions.

performance and model scale. Compared with Gemma-3-
27B-It, Gemma-3-12B-It achieves slightly lower but close
performance on HM3D, with 57.8% versus 58.8% SR on
ObjectNav and 65.3% versus 66.6% SR on InstanceNav.
Considering online navigation requires both accuracy and
computational efficiency, Gemma-3-12B-It is a practical
default choice. Overall, Table 2 indicates that ForesightNav
is not tied to a single foundation model; instead, its
adaptive planning design can complement different backbone
capabilities in a stable manner.

D. QUALITATIVE ANALYSIS

Figures 4 and 5 provide qualitative examples of how
ForesightNav links semantic reasoning with frontier-based
exploration. Fig. 4 shows representative InstanceNav and
TextNav cases. Each example includes the agent’s egocentric
observation, the explored map and trajectory, the task goal,
and the associated semantic value map. The goals cover
both instance-level targets, such as “deck-chair’” and “bed”,
and language-specified targets, such as ‘“‘white toilet in
the bathroom”, “brown sectional sofa”, and ‘“find a black
sofa next to the television”. These examples illustrate that
ForesightNav uses a unified planning process for different

FIGURE 5. Qualitative examples on ObjectNav. The trajectories illustrate
how semantic guidance and global frontier ordering support efficient
exploration.
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goal specifications, rather than relying on separate navigation
policies for each task.

The semantic value maps in Fig. 4 help explain the role
of context-aware semantic mapping. As more observations
are accumulated, goal-relevant regions become more evident
in the explored area. These regions provide coarse semantic
guidance for subsequent frontier selection before the target
can be verified with high confidence. This process is
consistent with the motivation of ForesightNav: the agent
first uses semantic evidence to guide exploration and
then relies on graph-based verification when more reliable
target-related observations are available. For text-specified
goals, the semantic value map also reflects contextual infor-
mation from the description, such as object category, room
type, or nearby objects, which helps constrain the search
direction.

Fig. 5 presents representative ObjectNav trajectories in
larger scenes. The orange curves denote the executed paths,
and the background maps show the explored areas. These
examples are used to illustrate the effect of global frontier
ordering on the overall exploration pattern. Instead of
selecting frontiers only according to local or greedy scores,
ForesightNav considers high-value frontiers in a more global
manner. This helps the agent organize long-range exploration
and reduces unnecessary revisits when multiple candidate
regions exist.

Overall, the qualitative results complement the quantitative
comparisons by showing how the main components of
ForesightNav work together during navigation. The semantic
value map provides broad goal-directed guidance, graph-
based verification supports fine-grained target confirma-
tion, and TSP-based frontier ordering helps structure the
exploration route. Fig. 4 mainly explains how semantic
evidence is accumulated for instance- and text-specified
goals, while Fig. 5 shows how ObjectNav trajectories are
organized in larger scenes. These visualizations make the
objective of ForesightNav clearer: to improve universal
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zero-shot goal-oriented navigation by adaptively combining
semantic guidance, geometric exploration, and target
verification.

E. ABLATION STUDY

To answer Q3, we conducted ablations of HM3D ObjectNav
and InstanceNav to quantify the contribution of each module.
Table 3 presents the results.

TABLE 3. Ablation study on HM3D ObjectNav and InstanceNav.

ObjNav-HM3D InsNav-HM3D

Method

SR(%)1 SPL?T SR(%)1 SPLT
ForesightNav (Full) 57.8 334 65.3 26.8
w/o Adaptive Strategy 54.2 30.5 59.5 239
w/o TSP Ordering 54.9 31.3 61.7 25.3
w/o Context-VLM 56.1 324 62.9 25.8

The full ForesightNav model achieves an SR/SPL of
57.8%/33.4 on HM3D ObjectNav and 65.3%/26.8 on
HM3D InstanceNav. Removing the adaptive strategy causes
the largest overall degradation, reducing ObjectNav SR/SPL
to 54.2%/30.5 and InstanceNav SR/SPL to 59.5%/23.9.
This indicates that fixed exploration is less effective when
semantic cues are sparse or when graph-matching evidence is
still incomplete. The larger SR drop on InstanceNav suggests
that adaptive switching is particularly important for instance-
level goals, where premature verification or insufficient local
exploration can affect target discovery.

Replacing TSP-based frontier ordering with greedy fron-
tier selection also reduces performance, with ObjectNav
SPL decreasing from 33.4 to 31.3 and InstanceNav SPL
decreasing from 26.8 to 25.3. This result is consistent
with the role of global frontier ordering: when multiple
promising frontiers are available, considering them jointly
helps organize the exploration route and reduces unnecessary
backtracking. The SR decrease also suggests that more
organized frontier selection can indirectly support target
discovery by avoiding inefficient revisits.

Removing the context-aware VLM component leads to a
smaller but consistent performance drop. ObjectNav SR/SPL
decreases from 57.8%/33.4 to 56.1%/32.4, and InstanceNav
SR/SPL decreases from 65.3%/26.8 to 62.9%/25.8. This
suggests that navigation history and recent observations
improve semantic scoring, especially when the current
observation alone is insufficient to infer the goal relevance
of unexplored regions.

Overall, the ablation results show that the three com-
ponents play complementary roles. The adaptive strategy
mainly improves decision robustness under uncertain seman-
tic and graph evidence, TSP-based ordering improves the
organization of long-range exploration, and context-aware
VLM scoring provides more reliable semantic guidance.
Their combination leads to the final performance of
ForesightNav on both category-level and instance-level
navigation tasks.
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F. THRESHOLD SENSITIVITY ANALYSIS

To assess the robustness of ForesightNav to its handcrafted
thresholds, we conduct a systematic sensitivity analysis on
HM3D ObjectNav. We adopt a one-at-a-time (OAT) protocol:
each threshold is independently swept over five uniformly
spaced values centered at its default while the other three
are fixed; SR and SPL trends are reported in Fig. 6. Because
Tpartial and gy are coupled through the structural constraint
Thull > Tpatial, W€ additionally conduct a 5 x 5 joint
grid search over these two parameters (Fig. 7). The two
analyses are independent runs; minor SR differences at shared
parameter points (<2 pp) reflect normal simulation variance
and do not alter any qualitative conclusion.
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FIGURE 6. Threshold sensitivity analysis on HM3D ObjectNav (OAT). Each
panel independently varies one threshold across five values while the
other three are fixed at their defaults. Solid blue (left axis): SR (%);
dashed red (right axis): SPL. Vertical dashed lines mark the default value.
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FIGURE 7. Joint sensitivity of 7,445 and =g, on HM3D ObjectNav

SR (%). Gray cells indicate invalid configurations (zfy|| < partial)- The
highlighted cell (%) denotes the default (5 tja1=0.30, 711 =0.65).
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under degraded semantic signals.

All four thresholds yield peak performance at their defaults
and degrade gracefully under perturbation. The dominant
finding is the strong asymmetric sensitivity of 7y, reducing
Tran from 0.65 to 0.45 decreases SR by 4.6 pp and SPL
by 6.5, because an overly low threshold activates Target
Verification before the scene graph is sufficiently populated,
generating false-positive stops and degrading path efficiency
in successful episodes. Conversely, raising 7y, to 0.85 causes
only a 1.8-pp SR decrease and a 1.3-SPL decrease, as the
agent merely extends its Partial-Match Exploration phase
before locating the target. The lower-side-to-upper-side drop
ratio of approximately 2.6 : 1 (4.6 pp vs. 1.8 pp) directly
supports tryy = 0.65 as a precision-favoring threshold.
For tpurial, deviations in either direction yield moderate and
comparable drops of 2-3 pp (2.0 pp SR and 3.2 SPL at 0.15;
2.9 pp SR and 2.3 SPL at 0.50), indicating broad robustness
to this parameter with no strong directional bias. The t,
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and 7, curves are more symmetric, with the largest drops at
7 = 1.30 (4.4 pp SR, 4.2 SPL) and 7, = 0.040 (3.9 pp SR,
3.6 SPL).

The joint heatmap (Fig. 7) confirms that the default
configuration (tpatia = 0.30, 7ran = 0.65) achieves the
highest SR (57.8%) among all evaluated combinations. Along
the Ty axis (with tparia fixed at 0.30), SR increases
monotonically from 53.2% at 7g=0.45 to the peak of
57.8%, then stabilizes (56.0% at t4,1=0.85). Along the Tpartial
axis (with tg fixed at 0.65), SR declines toward both
extremes (55.8% at Tpatian=0.15; 54.9% at Tparia1=0.50).
Performance degrades smoothly from this optimum, with the
steepest drops concentrated in the minimum-tgy column,
consistent with the OAT finding that g, is the dominant
parameter. Near-diagonal configurations—where tg,; only
marginally exceeds Tpartial, leaving an extremely narrow PME
window—also underperform, reinforcing the necessity of a
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sufficient separation between these two thresholds. The broad
high-performance plateau surrounding the default indicates
that ForesightNav does not require fine threshold tuning
within a reasonable operating range.

G. STATISTICAL STABILITY AND ROBUSTNESS ANALYSIS
To quantify the statistical stability of ForesightNav, we con-
duct 10 independent runs with different VLM sampling
random seeds for both ForesightNav and STRIVE—the
overall best-performing baseline—on the MP3D, HM3D, and
RoboTHOR ObjectNav datasets. The Habitat evaluation set
is fixed and deterministic across runs; run-to-run variability
arises solely from VLM temperature sampling, providing a
faithful measure of performance stability. Statistical signifi-
cance is assessed via Welch’s z-test at « = 0.05. To evaluate
robustness to sensor perturbations, we additionally inject
Gaussian depth noise (¢ € {0, 0.05, 0.10, 0.20} m) into
depth observations on HM3D ObjectNav, with 3 seeds per
noise level.

Fig. 8(a)-(c) present the run-level SR and SPL
distributions of both methods across three datasets.
ForesightNav consistently achieves higher SR than STRIVE:
on MP3D, a positive trend is observed (47.5 £ 1.6% vs.
46.2 £ 1.6%, p = 0.083); on HM3D, the improvement
reaches statistical significance (57.8 +1.2% vs. 56.6 +1.2%,
p = 0.037); and on RoboTHOR, the advantage is highly
significant (62.5 £ 1.2% vs. 60.9 + 1.2%, p = 0.008). For
SPL, the improvement on HM3D is the most pronounced
(334 £ 0.9 vs. 31.8 £ 0.9, p = 0.001), confirming
the practical path-efficiency gains from TSP-based frontier
ordering. On RoboTHOR, STRIVE achieves a marginally
higher SPL of 33.6 + 0.9 compared with 32.9 £ 0.9
for ForesightNav; this difference does not reach statistical
significance (p = 0.114), consistent with the qualitative
discussion in Section V-B. The SR standard deviation across
10 runs remains below 1.7 percentage points for all methods,
demonstrating stable performance against VLM sampling
randomness.

Fig. 8(d) presents the depth-noise robustness results on
HM3D ObjectNav. As o increases from 0 to 0.20 m, the
SR of ForesightNav decreases from 57.8% to 50.3% (a
drop of 7.5 percentage points), compared with a larger
drop of 9.9 percentage points for STRIVE (from 56.6%
to 46.7%); the performance gap consequently widens
from 1.2 to 3.6 percentage points, demonstrating that
ForesightNav degrades more gracefully under increasing
sensor noise. This advantage arises from the adaptive
planning mechanism: when depth noise corrupts the semantic
score distribution (reducing o;), the planner automatically
falls back to Geometric Exploration, which relies only
on the occupancy map and is insensitive to degraded
semantic signals; when a noisy scene graph yields a low
graph-matching score S; < Tpatial, neither Partial-Match
Exploration nor Target Verification is triggered, preventing
false-positive stopping decisions. Moreover, depth noise
induces map-projection errors that are mechanistically
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equivalent to pose-estimation drift—in both cases, projected
semantic scores and scene-graph node coordinates are
spatially offset from their true positions—so these results also
provide indirect evidence of robustness to pose uncertainty.
Beyond sensor perturbations, Table 2 evaluates ForesightNav
across 14 backbone models spanning a wide capability range
from lightweight 3B-parameter models to state-of-the-art
closed-source models, constituting a systematic robustness
analysis under varying levels of VLM perceptual reliability;
ForesightNav consistently outperforms InstructNav on the
same backbone across all configurations, indicating that the
adaptive planning framework compensates for weaker back-
bone capability. Furthermore, the consistent performance
across the three benchmarks in Table 1, which represent
markedly different levels of scene complexity (large-scale
and intricate for MP3D, moderately diverse for HM3D,
and compact and densely furnished for RoboTHOR), fur-
ther demonstrates robustness to scene-complexity variation
without task-specific tuning.

VI. CONCLUSION

This paper presented ForesightNav, a training-free frame-
work for universal zero-shot goal-oriented navigation. The
core idea is to adaptively combine semantic guidance,
geometric exploration, and graph-based target verification
within a unified planning process. Specifically, ForesightNav
maintains a context-aware semantic value map for broad
goal-directed exploration and an online scene graph for
fine-grained target confirmation. According to semantic-
score dispersion and graph-matching confidence, the planner
switches among Geometric Exploration, Semantic Explo-
ration, Partial-Match Exploration, and Target Verification.
TSP-based frontier ordering is further used to organize high-
value frontiers and reduce unnecessary backtracking. Exper-
iments on MP3D, HM3D, and RoboTHOR demonstrate that
ForesightNav provides favorable performance across differ-
ent goal modalities. The comparison with UniGoal shows
clear improvements in ObjectNav, while the HM3D results
further indicate that the same training-free planning process
remains applicable to instance- and language-specified goals.
These findings suggest that adaptive semantic-geometric
planning can improve target-reaching reliability while
maintaining competitive navigation efficiency.

The foundation-model analysis shows that ForesightNav
is not tied to a single backbone, as improvements over
InstructNav are observed across closed-source, open-source,
and lightweight models. The ablation study further con-
firms the contributions of adaptive switching, context-
aware semantic mapping, and TSP-based frontier ordering.
Qualitative examples also illustrate how semantic value maps
guide exploration and how global frontier ordering helps
organize trajectories in larger scenes. Several limitations
remain. The semantic value map still depends on the reliabil-
ity of VLM-based scoring, and inaccurate semantic responses
may affect frontier selection. The current framework also
assumes reasonably reliable depth and pose information,
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which may be challenging in noisier real-world deployments.
Future work will investigate uncertainty-aware semantic
mapping, more robust perception, and dynamic-scene reason-
ing to further improve the applicability of ForesightNav in
complex real-world environments.
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