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Abstract

Embodied visual navigation remains a challenging task, as
agents must explore unknown environments with limited
knowledge. Existing zero-shot studies have shown that in-
corporating memory mechanisms to support goal-directed
behavior can improve long-horizon planning performance.
However, they overlook visual frontier boundaries, which
fundamentally dictate future trajectories and observations,
and fall short of inferring the relationship between par-
tial visual observations and navigation goals. In this paper,
we propose Semantic Cognition Over Potential-based Ex-
ploration (SCOPE), a zero-shot framework that explicitly
leverages frontier information to drive potential-based ex-
ploration, enabling more informed and goal-relevant deci-
sions. SCOPE estimates exploration potential with a Vision-
Language Model and organizes it into a spatio-temporal po-
tential graph, capturing boundary dynamics to support long-
horizon planning. In addition, SCOPE incorporates a self-
reconsideration mechanism that revisits and refines prior de-
cisions, enhancing reliability and reducing overconfident er-
rors. Experimental results on two diverse embodied nav-
igation tasks show that SCOPE outperforms state-of-the-
art baselines by 4.6% in accuracy. Further analysis demon-
strates that its core components lead to improved calibration,
stronger generalization, and higher decision quality.

Code — https://github.com/mrwangyou/SCOPE
Extended version — https://arxiv.org/abs/2511.08935

1 Introduction
Embodied visual navigation (EVN) is a fundamental task
in embodied intelligence, requiring agents to autonomously
plan paths toward designated goals in previously unseen en-
vironments. This capability holds significant promise for
real-world applications such as smart home robotics, disas-
ter response, and deep space exploration, and has attracted
growing research interest in recent years (Janny et al. 2025;
Ehsani et al. 2024; Wang et al. 2025a).

Despite its utility, embodied visual navigation remains
a significant challenge. Specifically, agents must operate
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in unfamiliar environments, continuously inferring associ-
ations between partial visual observations and navigation
goals (Li et al. 2025). Furthermore, modern tasks increas-
ingly involve multi-modal goal specifications, ranging from
natural language commands to reference images or ob-
ject categories, while demanding robust long-horizon plan-
ning (Khanna et al. 2024b). These requirements place a pre-
mium on methods that combine strong semantic reasoning
capabilities with reliable planning over extended sequences,
substantially increasing decision-making complexity.

Strong exploration ability is essential to meeting these
demands. Agents must efficiently acquire new information
from current observations while effectively organizing and
leveraging previously gathered knowledge. Most existing
zero-shot navigation methods enhance exploration by incor-
porating memory mechanisms to support goal-directed be-
havior. For instance, ConceptGraph (Gu et al. 2024) con-
structs a graph-structured, object-centric representation of
3D scenes by fusing outputs from 2D foundation models,
offering a compact memory for spatial reasoning. Similarly,
VLFM (Yokoyama et al. 2024) builds occupancy maps and
employs a Vision-Language Model (VLM) to generate a
language-grounded value map over frontiers. While such ap-
proaches have shown promise, they face two main limita-
tions: 1) VLMs, though proficient in multi-modal reasoning,
are not specifically trained on dense 3D inputs, limiting their
understanding of complex spatial relationships; and 2) mem-
ory systems that focus solely on visited regions often fail to
connect current observations to unvisited goal-relevant ar-
eas, leaving agents without clear exploration cues.

To address these limitations, recent methods have begun
to incorporate information from unexplored regions. Nav-
iFormer (Xie et al. 2025) enhances object-goal navigation
by integrating spatial layout encoding, agent pose trajec-
tories, and a passable frontier map using spatio-temporal
attention. 3D-Mem (Yang et al. 2025), the state-of-the-art
method, proposes a snapshot-based 3D memory architec-
ture that stores multi-view representations of explored areas
alongside frontier snapshots of unexplored regions. How-
ever, these approaches still fall short in fully exploiting the
potential of visual frontiers. Far from being passive bound-
aries, frontiers act as critical bridges linking the agent’s cur-
rent state to potentially goal-relevant areas, shaping both fu-
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ture trajectories and the observations an agent can acquire.
This paper aims to propose a zero-shot method that fully

exploits potential for effective exploration. Specifically, we
introduce Semantic Cognition Over Potential-based Explo-
ration (SCOPE), a new approach that fully exploits the in-
formational value of visual frontier boundaries to enhance
long-horizon navigation. The key idea is to treat frontiers
as semantic cognition cues that enhance scene understand-
ing, memory construction, and decision reliability. SCOPE
is composed of three key components. Firstly, a frontier-
level potential estimator evaluates the semantic relevance of
unexplored regions with respect to the navigation goals from
raw visual inputs. Secondly, a potential graph constructs and
dynamically updates a latent graph that propagates spatial-
semantic utility as structured memory, guiding the VLM in
decision-making. Finally, a self-reconsideration mechanism
revisits and refines initial decisions, preventing premature
commitments, reducing hallucinations in VLM reasoning,
and improving environmental understanding and planning
accuracy. These components work in synergy to foster more
deliberate and informed navigation, leading to stronger per-
formance across complex tasks.

Our main contributions are as follows:
1. We propose a zero-shot embodied navigation framework

that explicitly prioritizes frontier information as a pri-
mary exploration cue, introducing a new paradigm for
information-guided exploration.

2. We design a potential graph that efficiently integrates
spatio-temporal information with frontier potential esti-
mation, enabling structured environment representation
and informed global planning.

3. We incorporate a self-reconsideration mechanism, en-
couraging iterative refinement and contextual alignment,
leading to more reliable and deliberate actions.

4. We demonstrate statistically significant improvements
over state-of-the-art baselines, achieving 4.6% accuracy
gains on two challenging embodied navigation bench-
marks (GOAT-Bench and A-EQA).

Further analysis reveals that our method delivers statisti-
cally significant gains, demonstrates better-calibrated deci-
sion confidence, and benefits from each proposed compo-
nent. We release the complete implementation of SCOPE
for transparency and reproducibility.

2 Related Work
EVN Tasks EVN tasks involve a wide range of task for-
mulations. ObjectNav directs agents to locate an instance of
a specified semantic category (Zhang et al. 2024; Khanna
et al. 2024a; Yin et al. 2024; Zhang et al. 2025). Image-
Nav requires finding an object that visually matches a given
reference image (Barsellotti et al. 2024; Li et al. 2025; Lei
et al. 2024, 2025). Vision-Language Navigation (VLN) re-
quires agents to ground semantic descriptions into spatial
targets (Perincherry, Krantz, and Lee 2025; Wang et al.
2024b,a; An et al. 2024). Beyond these forms, Embodied
Question Answering (EQA) requires agents to explore en-
vironments to collect information needed to answer natural-
language questions (Ren et al. 2024a; Wang et al. 2025b;

Dang et al. 2025). Emerging multi-stage (Song et al. 2025)
and multi-step (Yu et al. 2024) navigation settings further
amplify complexity by demanding extended reasoning, per-
sistent memory, and adaptive long-horizon planning, which
are core capabilities forming the focus of this work.

Zero-shot EVN Methods Zero-shot EVN methods aim to
enable agents to operate in unknown environments with-
out task-specific fine-tuning, instead leveraging generaliz-
able knowledge learned from large-scale pretraining. These
approaches have recently gained significant attention and
generally progress along two main directions. The first fo-
cuses on improving scene representation and memory orga-
nization to better support spatial reasoning and long-term
planning (Liu, Wang, and Yang 2024; Yin et al. 2025;
Zhao et al. 2024; Li et al. 2024; Lin et al. 2025b; Xie
et al. 2025). The second emphasizes enhancing agent rea-
soning through advanced decision-making paradigms, such
as chain-of-thought prompting (Lin et al. 2025a; Kong et al.
2024), diffusion-based decision policies (Ren et al. 2025;
Zhang, Tang, and Yan 2024), or world models (Bar et al.
2025; Pan et al. 2025) for simulating and planning in dy-
namic environments. While these methods often excel at
modeling visited regions, they lack structured and adaptive
mechanisms for prioritizing which unexplored areas to visit
next. In contrast, our approach treats frontiers as a primary
semantic and structural cue for exploration, enabling more
targeted, informed, and goal-aligned navigation.

Frontier-related EVN Methods Several recent works
have explicitly incorporated frontier information into EVN
policies. VLFM (Yokoyama et al. 2024) derives semanti-
cally valuable cues from occupancy maps to guide explo-
ration toward unseen object targets. Cui et al. (2024) repre-
sent visible but unexplored frontiers with “ghost nodes” to
improve exploration awareness in navigation agents. How-
ever, both methods rely mainly on simple geometric frontier
features, limiting adaptability to diverse navigation contexts.
3D-Mem (Yang et al. 2025) stores snapshots of unexplored
regions, enabling VLM-based reasoning over frontier areas.
While this extends frontier usage beyond geometric estima-
tion, the approach largely passes raw snapshots to VLMs and
still depends on heuristic frontier selection, leaving much of
the potential of frontiers untapped. In contrast, our method
introduces a potential-based frontier exploration paradigm
that explicitly estimates the semantic utility of each fron-
tier, integrates it into a structured spatio-temporal potential
graph, and refines decisions via self-reconsideration.

3 Methodology
3.1 Preliminary
EVN tasks require an agent to traverse an unknown envi-
ronment to reach goals specified by point coordinates, ob-
ject references, or natural language instructions. Formally,
at each time step t, the agent selects an action at using a
navigation policy πθ, conditioned on the current goal q, the
agent’s state st, and its accumulated knowledge Kt:

at = πθ(q, s
t,Kt), (1)
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Figure 1: Overview of SCOPE. The agent predicts frontier utility via a VLM-based estimator and encodes it into a structured
potential graph for spatiotemporal reasoning. Action decisions are guided by this graph and further reconsideration through a
self-refinement module to avoid impulsive errors.

whereKt = {I1, I2, . . . , It} denotes the sequence of histor-
ical observations up to time t. Upon executing at, the agent
transitions to a new state st+1 and receives new sensory in-
put. If the goal is deemed satisfied, the episode terminates,
the task is considered finished, and a goal checker would
examine whether the goal is achieved. Otherwise, the agent
continues exploring to collect additional information.

At each step, the agent captures a panoramic set of ego-
centric observations:

It = {It1, It2, . . . }, (2)

where each Iti is an RGB-D image from a discrete direc-
tional view. From these observations, the agent constructs
an explored memory E t, which encodes both the raw visual
snapshot and detected semantic entities:

Et = {It, Ot}, (3)

with Ot representing object-level annotations or region se-
mantics extracted from It.

In parallel, the agent identifies frontier regions—
boundaries between explored and unobserved space. These
frontiers are represented as spatial clusters F t =
{F t

1,F t
2, . . . } at the periphery of explored areas, each as-

sociated with a representative visual snapshot.
We define the structured environmental knowledge K̃t

as the union of all previously explored content and current
frontier candidates:

K̃t = {E1, E2, . . . , Et}︸ ︷︷ ︸
Explored regions

∪ F t︸︷︷︸
Frontier regions

. (4)

Therefore, the environment is partitioned into two comple-
mentary components: explored regions, which contain vis-
ited areas with available visual and semantic information,
and frontier regions, which represent unobserved boundary

areas serving as gateways to new information. Our frame-
work explicitly models and exploits frontier regions as in-
formative cues for decision-making, enabling goal-directed
and efficient exploration in unknown areas.

3.2 Framework
The overall framework of SCOPE is illustrated in Fig. 1.
The agent first captures observations encompassing both ex-
plored and frontier regions. To fully leverage information
from frontier observations, we introduce a frontier-level po-
tential estimator built upon open-domain VLMs, which in-
tegrates visual features from frontier snapshots with task-
specific contextual cues to predict the semantic utility of
each unexplored region. These predicted utilities are then
incorporated into a potential graph that encodes, propagates,
and updates utility estimates across spatial and temporal di-
mensions, enabling the agent to prioritize high-utility fron-
tiers, revisit semantically valuable areas, and avoid low-
utility regions to improve efficiency. The enriched frontier
snapshots, now carrying propagated utility estimates, are fed
back into the agent’s decision-making loop to guide more in-
formed action selection. To further ensure planning stability
and mitigate erroneous or impulsive choices, we incorpo-
rate a self-reconsideration mechanism that performs internal
consistency checks on candidate actions before execution,
allowing the agent to correct flawed reasoning and refine its
strategy based on accumulated knowledge.

3.3 Frontier-level Potential Estimation
To assess the utility of each unexplored frontier, we propose
a frontier-level potential estimator grounded in pretrained
VLMs. This estimator jointly leverages visual features from
frontier snapshots and goal-specific prompts to infer seman-
tic utility, effectively transforming the VLM into a general-
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izable semantic oracle across scenes and tasks.
Specifically, the potential of an unexplored region can be

assessed from three complementary perspectives. Semantic
Richness: Regions with high semantic density would effi-
ciently earn more information and are more likely to in-
clude goal-relevant content. Explorability: A valuable fron-
tier should not only be informative itself but also serve as
a gateway to other unseen areas. Goal Relevance: Seman-
tically related objects often co-occur in the same place. A
frontier showing partial evidence of such a semantic cluster
increases the likelihood that the goal target lies nearby.

Formally, for each frontier snapshot F t
i ∈ F t, we define:

pt
i = [pti,sem, pti,explore, p

t
i,goal] = fVLM(F t

i , q), (5)

where fVLM is a prompting-based interface to a VLM, and
q is the task goal. The model also provides an aggregated
scalar score:

P t
i = Aggregate(pt

i), (6)

indicating the overall utility of each frontier snapshot.
This component transforms the VLM into a goal-aware

semantic oracle that generalizes across tasks and scenes
without additional training. It grounds frontier evaluation
in rich pretrained priors and enables interpretable, context-
aware decision-making.

3.4 Structured Memory over Potential Graph
To enable long-horizon planning and mitigate aimless explo-
ration, we introduce the potential graph, a spatial memory
structure that encodes the estimated utility of different re-
gions across the navigable environment. This graph captures
past frontier observations, propagates their potential across
space, and enables strategic revisitation or avoidance.

We discretize the environment into a 2D grid G =
{vm,n}m,n, where each cell vm,n corresponds to a spa-
tial location and maintains the properties including a poten-
tial score Pm,n, a visit count nm,n, and semantic attributes
psem
m,n, p

explore
m,n , pgoal

m,n.
When a frontier Fi is observed at position pm,n with es-

timated potentials si =
(
psem
i , pexplore

i , pgoal
i , Pi

)
, its infor-

mation is propagated to nearby graph nodes within a fixed
radius R. For each affected cell vm,n with spatial coordinate
pm,n, we perform the following weighted update:

P t
m,n ← (1− αt

m,n) · P t−1
m,n + αt

m,n · Pi, (7)

αt
m,n = max

(
0, 1− ∥pm,n − pFi

∥
R

)
, (8)

where αt
m,n ∈ [0, 1] determines the influence weight based

on the spatial distance between the frontier and the cell. A
similar weighted update is applied to semantic components
psem, pexplore, pgoal.

To encourage wide coverage and avoid local cycles,
we compute a frontier exploration value for each node
by combining its spatial potential and semantic relevance,
while penalizing frequent revisits. Specifically, a weighted
sum of the node’s potential score, along with its esti-
mated semantic richness, explorability, and goal relevance

assessments, is computed using a weight vector w =
[ωpot, ωsem, ωexplore, ωgoal]. This semantic score is then scaled
by an inverse visitation factor:

Em,n =
(
ωpot · Pm,n + ωsem · psem

m,n

+ ωexplore · pexplore
m,n + ωgoal · pgoal

m,n

)
· 1

1 + γ · nm,n
,

(9)

where nm,n is the visit count of node vm,n and γ > 0
is a decay coefficient controlling the strength of revisita-
tion penalty. This scoring encourages selection of novel yet
promising areas. During navigation, the agent is prompted
with the estimated potential score and consults the active
frontier scores to plan its next move, facilitating strategic
long-term exploration and reducing inefficient behaviors.

3.5 Self-reconsideration for Robust Action
Validation

To avoid premature and inaccurate decisions, we incorporate
a self-refinement technique that validates candidate actions
before execution. This technique assesses whether a selected
memory snapshot truly contains the goal-relevant content.

Refinement Trigger Given a goal query q and structured
memory K̃t, the agent first produces a primary action:

a
(0)
t = πθ(q, K̃t), (10)

which corresponds to either selecting a memory snapshot
and object pair or proposing a frontier snapshot to explore.
If this action selects a memory snapshot-object pair, refine-
ment is triggered:

δ(a
(0)
t ) =

{
1 if a(0)t = memory(i, o),

0 if a(0)t = frontier(j).
(11)

Validation Process If refinement is triggered, a secondary
decision is made by invoking a validation model gϕ, using a
VLM, to assess whether the selected snapshot actually sat-
isfies the task goal:

r
(0)
t = gϕ(q, E , o), (12)

where rt ∈ {CONFIRM,REJECT}. The input to gϕ includes
the task goal q, the selected snapshot E = ⟨IE , OE⟩, and the
object o ∈ O that was chosen as the goal candidate.

If r(0)t = CONFIRM, the original action a
(0)
t is accepted

as the final action at = a
(0)
t . If r(0)t = REJECT, the agent

discards the selection and re-consults the main policy:

a
(1)
t = πθ(q, K̃t, a

(0)
t ), (13)

possibly repeating this process with updated guidance until
either a valid action is confirmed or a retry limit is reached.

Final Action Selection Overall, the agent’s action at time
t is determined as:

at = SR(a(0)t ), (14)
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SR(a(i)t ) =

{
a
(i)
t if δ(a(i)t ) = 0 or r(i)t = CONFIRM,

a
(i+1)
t if r(i)t = REJECT.

(15)
This forms a corrective feedback loop that allows the

agent to reassess decisions and avoid overconfident mis-
takes, improving robustness in ambiguous scenarios.

4 Experiments
4.1 Experiment Settings
Benchmarks To enable a broad evaluation across key
embodied reasoning challenges, we leverage two com-
plementary benchmarks covering distinct tasks: GOAT-
Bench (Khanna et al. 2024b), which targets goal-
conditioned navigation grounded in diverse language in-
structions, and A-EQA (Majumdar et al. 2024), which em-
phasizes embodied question answering that demands multi-
step spatial and semantic reasoning. These benchmarks re-
flect distinct task formulations—spatial navigation and se-
mantic reasoning—making them ideal to test the generality
and robustness of our method.

Metrics We adopt four established metrics to comprehen-
sively evaluate our agent’s performance across navigation
and embodied question answering tasks. For GOAT-Bench,
we follow prior work in using Success Rate (SR) and Suc-
cess weighted by Path Length (SPL). SR measures the per-
centage of subtasks in which the agent stops within 1 me-
ter of the correct goal object, while SPL accounts for both
success and trajectory efficiency by penalizing unnecessar-
ily long paths. For A-EQA, we evaluate answer quality us-
ing Correctness, based on the LLM-Match score—a large
language model-based metric that aligns closely with hu-
man judgment. To assess information-seeking behavior, we
also report Efficiency, defined as the ratio between the short-
est possible path to the relevant information and the actual
path the agent traverses before answering. Together, these
four metrics provide a holistic view of agent performance in
terms of task success, path optimality, answer quality, and
exploration efficiency.

Baselines To ensure a fair and comprehensive comparison,
we benchmark our method against 3D-Mem (Yang et al.
2025), the state-of-the-art framework which introduces a
spatial memory module to support long-term, goal-directed
reasoning. By persistently storing visual and semantic in-
formation throughout exploration, 3D-Mem enables effec-
tive retrieval and reasoning over past observations, making
it a strong representative baseline for open-ended embodied
navigation. In addition to 3D-Mem, we evaluate against sev-
eral recent and competitive methods. For example, Explore-
EQA (Ren et al. 2024b) integrates semantic-guided fron-
tier exploration with a calibrated stopping mechanism based
on conformal prediction. TANGO (Ziliotto et al. 2025) is
a training-free framework that assembles pre-trained vision
and language models into agents capable of solving open-
world tasks, demonstrating strong generalization without
task-specific training. MTU3D (Zhu et al. 2025) proposes a
unified framework that bridges visual grounding and explo-
ration by jointly optimizing scene understanding and navi-

GOAT-Bench
Method FR FI SR SPL

SenseAct-NN Skill Chain – – 29.5 11.3
SenseAct-NN Monolithic – – 12.3 6.8
CoW (2023) – – 16.1 10.4
DyNaVLM (2025) – – 25.5 10.2
VLMnav (2024) – – 16.3 6.6
Modular GOAT (2024b) – – 24.9 17.2

Explore-EQA (ICRA’2024b) ✓ – 55.0 37.9
CG + Frontier (ICRA’2024) ✓ – 61.5 41.3
TANGO (CVPR’2025) – – 32.1 16.5
MTU3D (ICCV’2025) ✓ – 47.2 27.7
3D-Mem (CVPR’2025) ✓ – 69.1 48.9

SCOPE (Ours) ✓ ✓ 73.7 53.5

Table 1: Performance comparison on GOAT-Bench. Bold
indicates the best performance.

gation policies within a memory-augmented transformer ar-
chitecture. Together, these baselines represent diverse and
advanced strategies for perception, memory, and reasoning,
providing strong reference points for evaluating the effec-
tiveness of our proposed approach.

4.2 Results
We evaluate SCOPE on vision-language navigation bench-
mark GOAT-Bench, and the result is presented in Table 1
and Fig. 2. FR denotes methods that incorporate frontier rep-
resentations, while FI refers to methods that fully leverage
frontier information for decision-making. SCOPE achieves
the highest SR on GOAT-Bench, improving over the previ-
ous most competitive method, 3D-Mem, by +4.6% (73.7 vs.
69.1). Despite being more accurate, SCOPE also improves
efficiency. It achieves a higher SPL by +4.6% (53.5 vs. 48.9).

We also evaluate SCOPE on A-EQA, an embodied ques-
tion answering benchmark, and the result is shown in Ta-
ble 2. On A-EQA, SCOPE boosts answer accuracy by
+6.5% over 3D-Mem (59.1 vs. 52.6), demonstrating better
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Figure 2: Performance across modalities on GOAT-Bench.
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A-EQA
Method FR FI Corr. Eff.

LLaVA-1.5 Frame Captions – – 38.1 7.0
CG Scene-Graph Captions – – 34.4 6.5
SVM Scene-Graph Captions – – 34.2 6.4
Multi-Frame – – 41.8 7.5

Explore-EQA (ICRA’2024b) ✓ – 46.9 23.4
CG + Frontier (ICRA’2024) ✓ – 47.2 33.3
TANGO (CVPR’2025) – – 37.2 /
MTU3D (ICCV’2025) ✓ – 51.1 42.6
3D-Mem (CVPR’2025) ✓ – 52.6 42.0

SCOPE (Ours) ✓ ✓ 59.1 41.0

Table 2: Performance comparison on A-EQA. Bold indi-
cates the best performance. “/” denotes unreported results.

semantic comprehension and task alignment. Compared to
MTU3D (the most efficient prior method on A-EQA with
efficiency 42.6), SCOPE slightly trades off efficiency (41.0
vs. 42.6) for a notable gain in answer accuracy (+8.0%, 59.1
vs. 51.1), suggesting better generalizability and reliability.
These results underscore the utility of our utilization of fron-
tier information in enhancing long-term decision quality.

5 Analysis
To further evaluate the effectiveness of SCOPE and the
contributions of our principle of fully utilizing frontier in-
formation, we conduct a series of analyses beyond stan-
dard evaluation. We evaluate the significance and calibration
of SCOPE’s performance, and further isolate the contribu-
tions of each core component through targeted studies on
potential estimation, potential graph propagation, and self-
refinement.

5.1 Statistical Significance Analysis

To rigorously evaluate the performance improvements of
SCOPE over the strongest baseline, we conduct a statistical
significance analysis against the state-of-the-art method 3D-
Mem. Both methods are independently run five times un-
der identical random seed settings, and we report their mean
success rates along with standard deviations to capture vari-
ability across runs.

The results are shown in Fig. 3, we apply an unpaired two-
tailed t-test to assess the statistical significance of these im-
provements. The resulting p-value on GOAT-Bench is 0.046,
indicating that the improvement is statistically significant at
the 5% level. On A-EQA, the p-value is 0.1365, suggesting
a positive trend in favor of SCOPE. These results indicate
that SCOPE not only achieves higher average performance
but also exhibits lower variance across runs. This highlights
the robustness and consistency of its improvements over 3D-
Mem. Together with the calibration analysis, the findings
support SCOPE as a more stable and effective agent for em-
bodied navigation tasks.
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Figure 3: Performance comparison between SCOPE and 3D-
Mem. Top: Results on the GOAT-Bench and A-EQA bench-
marks, covering goal-based navigation (GB) and embodied
question answering (EQA) tasks. Bottom: Detailed break-
down of GOAT-Bench SR and SPL across object-, image-,
and description-goal settings. SCOPE achieves higher aver-
age performance and lower variance than 3D-Mem.

5.2 Model Calibration
Reliable navigation in embodied agents requires not only ac-
curate decisions but also well-calibrated confidence scores
that reflect the agent’s uncertainty—crucial for downstream
decision-making and real-world deployment. Calibration
measures how closely a model’s predicted confidence aligns
with the true likelihood of correctness (Guo et al. 2017). A
well-calibrated agent enables more trustworthy predictions
and better risk assessment in practical deployments, which
is especially important for an embodied agent.

To evaluate the reliability of SCOPE, we perform a cali-
bration analysis on GOAT-Bench and A-EQA. We compute
Expected Calibration Error (ECE) to quantify the discrep-
ancy between predicted confidence and actual accuracy. As
shown in Fig. 4, SCOPE achieves superior calibration per-
formance. On GOAT-Bench, it reduces ECE from 11.62 (of
the most competitive baseline 3D-Mem) to 3.83, and on A-
EQA, from 11.55 to 8.12. These results indicate that SCOPE
not only improves task performance but also produces more
trustworthy estimates, equipping the agent with more reli-
able self-assessment for acting under uncertainty.

5.3 Utility Analysis
To further examine the utility of our utilization of the fron-
tier, we design analysis experiments for each of our pro-
posed components and evaluate its effectiveness.

Utility of Potential Estimator As for the proposed poten-
tial estimator, we design an analysis experiment that alters
the form of the frontier input provided to the agent while
keeping the estimated potential scores fixed. Specifically,
we discard the original frontier images and instead provide
the agent with a brief textual description of each frontier
region, while still supplying the estimated potential score.
This setup isolates the role of the potential scores as an inde-
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Figure 4: Calibration of 3D-Mem and SCOPE. “ECE” rep-
resents the estimated calibration error (×100), with lower
values indicating better calibration. The dashed line denotes
perfect calibration, and the bar colors become darker as they
approach ideal calibration.

pendent guiding signal: if the agent can still navigate com-
petently without visual frontier input, it indicates that the
estimator encodes high-level, semantically meaningful, and
goal-aware information beyond what is directly observable
from raw pixels.

The results are shown in Fig. 5. Remarkably, even without
frontier images, the agent maintains strong performance—
achieving results on par with the full SCOPE model and
significantly outperforming vanilla utilization of frontier im-
ages. This demonstrates that our potential estimation cap-
tures robust and task-relevant frontier representations that
generalize beyond the visual modality. The potential scores
alone equip the agent with a sufficiently rich understanding
of the environment, enabling it to make informed decisions
regardless of how the frontier is represented. These findings
underscore the versatility and strength of our estimator in
supporting high-level reasoning and navigation.

Utility of Potential Spread To assess the impact of the po-
tential graph, we perform an ablation study where the agent
only has access to the latest estimated potential scores of
candidate frontiers, without the structured spatial-semantic
propagation maintained by the potential graph. Unlike the
full SCOPE model that accumulates and diffuses utility in-
formation over time and space, this variant makes decisions
based solely on instantaneous frontier potentials, ignoring
historical and contextual information.

As shown in Fig. 5, removing the potential graph leads to
a clear performance drop: SR decreases from about 70.1%
to 66.9%, and SPL falls from 52.4% to 47.0%. This result
highlights the importance of structured spatial memory for
long-term planning, allowing the agent to recall and leverage
prior knowledge to revisit promising areas and avoid ineffi-
cient behaviors. The potential graph thus plays a crucial role
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Figure 5: Ablation study evaluating the contribution of
SCOPE components. SCOPE w/o F. Img. removes the fron-
tier image input to the agent while retaining it for the poten-
tial estimator. SCOPE w/o PG. disables the potential graph
module, exposing the agent only to raw estimated potential
scores without spatial propagation.

in improving navigation efficiency and robustness beyond
what raw frontier estimation alone can achieve.

Utility of Re-consideration To evaluate the utility of the
proposed self-refinement technique, we conduct both quan-
titative and qualitative analyses. We begin by aggregating
the outcomes of refinement decisions across all episodes.
When the refinement module confirms an answer, it is cor-
rect in 80.6% of cases. Conversely, when the module con-
sider an answer needing reconsideration, yet the answer is
ultimately executed due to reaching the retry limit, it turns
out to be incorrect in 34.3% of cases. These results demon-
strate the effectiveness of self-refinement in both reinforcing
correct judgments and mitigating overconfident errors.

6 Conclusion
We presented SCOPE, a new framework for embodied vi-
sual navigation tasks that explicitly leverages visual bound-
aries as a central cue for informed exploration and long-
term planning. By estimating frontier potential and organiz-
ing it within a structured potential graph, SCOPE enables
agents to reason more effectively about where to explore
next. The addition of a self-reconsideration mechanism fur-
ther enhances decision reliability by revisiting and refining
prior actions. Empirical results confirm that SCOPE out-
performs state-of-the-art baselines and improves calibration,
generalization, and decision quality. These findings high-
light the importance of structured, frontier-aware reasoning
in advancing goal-driven embodied navigation.
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