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Abstract

Zero-shot Object Goal Navigation requires an
embodied agent to locate a target object in an
unseen environment, where the choice of which
frontier to explore next is critical to both suc-
cess and efficiency. Existing methods score
frontiers from already-observed cues such as
nearby objects or scene graphs, leaving the
structure beyond each frontier implicit and of-
fering no principled prior for choosing among
rooms the agent has yet to see. In contrast, the
hippocampal entorhinal system supports navi-
gation through a predictive cognitive map that
anticipates unseen space from partial observa-
tions. Inspired by this, we propose PredNav,
which externalizes a hierarchical cognitive map
with metric, instance-semantic, and topologi-
cal layers, and casts frontier selection as room-
level structured prediction over its topological
layer. A language model infers the likely room
type and target relevance behind each frontier,
which is fused with CLIP visual evidence, an of-
fline room category prior, and geodesic cost un-
der phase-adaptive weights. A vision-language
verifier then gates STOP using direct visual ev-
idence. Extensive experiments on MP3D and
HM3D demonstrate the effectiveness of our
method.

1 Introduction

Object Goal Navigation (ObjectNav) requires an
embodied agent to locate a target object category
in an unseen indoor environment, and has become
a central benchmark for embodied intelligence.
Among zero-shot approaches, frontier-based ex-
ploration is widely adopted: agents build a map,
identify boundaries between explored and unex-
plored regions, and select frontiers as subgoals.
Since this selection directly determines where the
agent explores next, frontier scoring is crucial to
both episode success and navigation efficiency. Re-
cent methods therefore mainly differ in how they
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Figure 1: Zero-shot ObjectNav (“Find the towel”). (a)
Prior methods react only to observations and wander
through irrelevant rooms (red), while PredNav predicts
unseen areas from commonsense (bathroom likely ad-
joins bedroom) and reaches the goal directly (green). (b)
A cognitive map is built incrementally during naviga-
tion. (c) Its topological layer encodes observed rooms
and predicts unobserved ones (dashed).

score frontiers, using signals such as CLIP-based
value maps (Yokoyama et al., 2024), language-
based commonsense reasoning (Yu et al., 2023;
Zhou et al., 2023), online scene graphs (Yin et al.,
2024), and dense belief maps (Zhou et al., 2026).

Most existing scoring functions act as local map-
pings of already observed information, aggregat-
ing nearby pixels, neighbouring categories, scene-
graph nodes, or voxel features into scalar scores.
Methods that predict unobserved regions typically
operate at subroom levels, such as pixel semantic
completion (Liang et al., 2021), frontier potential
fields (Ramakrishnan et al., 2022), voxel belief
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maps (Zhou et al., 2026), or VLM-driven view
imagination (Zhao et al., 2025). These represen-
tations leave cross-room layout structure implicit,
rather than predicting it directly. Neither line of
work explicitly addresses the question most critical
to ObjectNav: what room lies beyond this fron-
tier, and what objects are likely to appear there?
Even structured local scoring methods such as SG-
Nav (Yin et al., 2024) scores observed subgraphs
with an LLM and propagates the scores to nearby
frontiers, reasoning over what has been seen rather
than what lies beyond. Consequently, an agent
facing frontiers toward a bedroom, kitchen, and
dining room lacks a principled basis for choosing
the route most likely to lead to the target bathroom
(Figure 1a). The bottleneck is therefore not sim-
ply a missing scoring feature, but the absence of
an explicit representation of cross-room relational
structure.

Such a representation finds a natural analogue in
the neuroscience of biological spatial navigation.
Prior work suggests that goal-directed navigation
relies on a predictive, hierarchical cognitive map
in the hippocampal entorhinal system, rather than
reactive geometric alignment. Behrens et al. (2018)
describe this map as a factorised structural repre-
sentation that supports inference over unobserved
states and transitions implied by spatial structure.
Computational studies further suggest a hybrid hi-
erarchical map with metric, semantic, and topo-
logical layers as a plausible model for embodied
agents(Manh et al., 2025; Hao et al., 2026). This
perspective reframes frontier scoring as structured
prediction over the unobserved part of a cognitive
map, rather than local scoring over observed cues.

A natural alternative is to delegate this reformu-
lation to a large language model by textualizing
the observations and asking which frontier leads
to the target. However, recent evaluations show
that LLMs do not reliably construct or traverse
cognitive maps from text, often producing edge
hallucinations and looping trajectories in tasks re-
quiring latent relational reasoning (Momennejad
et al., 2023). Foundation models also exhibit belief
inertia when maintaining spatial maps internally,
resisting updates when new observations contra-
dict prior assumptions (Zhang et al., 2026). These
findings motivate externalizing the cognitive map
by constructing it explicitly from sensor observa-
tions, thereby providing the relational structure that
LLMs struggle to synthesize and enabling explicit
revision when predictions prove incorrect.

Building on this insight, we propose PredNav,
an ObjectNav framework that uses LLM-based pre-
diction to guide exploration over an externalized
cognitive map. Rather than directly reasoning over
raw observations or only scoring already observed
scene graphs, PredNav explicitly represents both
explored regions and candidate frontiers in a struc-
tured map (Figure 1b, c), allowing the LLM to
infer what semantic space may lie beyond the cur-
rent observation. These predictions are combined
with visual evidence, spatial priors, and naviga-
tion costs to select frontiers that are more likely
to lead to the target object, and a vision-language
verifier adjudicates the candidate target from multi-
ple views before STOP. In this way, PredNav con-
strains LLM reasoning to a lightweight, single-step
prediction problem over unseen space, avoiding
open-ended planning while still leveraging com-
monsense knowledge for efficient object-goal navi-
gation.

Contributions. 1) We propose PredNav, a hier-
archical navigation framework that combines met-
ric, semantic, and topological map representations
with multi-signal frontier evaluation, integrating
language-based prediction, visual evidence, spa-
tial priors, and navigation cost in a unified deci-
sion process. 2) We reformulate frontier scoring
in zero-shot ObjectNav as room-level structured
prediction over an externalized topological cogni-
tive map, enabling the agent to reason about likely
unseen spaces rather than only scoring observed
regions. 3) We conduct extensive evaluations on
MP3D and HM3D. PredNav achieves state-of-the-
art performance in success rate, and ablation stud-
ies validate the contribution and robustness of its
key components.

2 Related Work

Zero-shot Object Goal Navigation and fron-
tier scoring. Zero-shot ObjectNav methods com-
monly adopt frontier-based exploration, while dif-
fering primarily in how frontiers are evaluated. One
line of work assigns frontier scores from visual
evidence observed near candidate regions. For ex-
ample, CoW (Gadre et al., 2023) projects CLIP-
based relevance onto a top-down map, ZSON (Ma-
jumdar et al., 2022) aligns image and object-goal
embeddings within an end-to-end RL framework,
and VLFM (Yokoyama et al., 2024) constructs a
BEV value map using target-conditioned vision-
language queries. Another line of work incor-
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porates language-based commonsense reasoning
over observed semantic structures. L3MVN (Yu
et al., 2023) verbalizes semantic maps for LLM-
based frontier ranking, LP3 (Luo et al., 2026)
uses LLM-inferred scene labels to describe ob-
served regions around frontiers, ESC (Zhou et al.,
2023) models object co-occurrence with probabilis-
tic soft logic, while SG-Nav (Yin et al., 2024),
UniGoal (Yin et al., 2025), CogNav (Cao et al.,
2025), and VoroNav (Wu et al., 2024) reason over
online scene graphs or topological representations
and transfer the resulting scores to nearby frontiers.
A further group delegates high-level planning to
language models through textual ReAct-style inter-
action (Zhou et al., 2024), scene-graph-grounded
plans (Rajvanshi et al., 2024), multi-source value-
map fusion (Long et al., 2025), or floor-aware
coarse-to-fine search (Gong et al., 2026). Despite
these differences, existing approaches mainly con-
dition language reasoning on already observed con-
tent, and frontier values are often obtained by prop-
agating semantic scores according to geometric
proximity. In contrast, our work explicitly models
frontiers as interfaces to unseen rooms and predicts
their likely semantic outcomes from a structured
representation of cross-room layout.

Predictive representations beyond the observed
region. A complementary line of work explicitly
predicts unobserved regions, but typically through
lower-level representations. SSCNav (Liang et al.,
2021) learns semantic completion of top-down
maps with an auxiliary confidence head, while
PONI (Ramakrishnan et al., 2022) predicts frontier-
level potential fields for exploration coverage and
object presence from full-floor layouts without in-
teraction. L2M (Georgakis et al., 2021) further
incorporates ensemble uncertainty and UCB-based
long-term goal selection. Recent zero-shot meth-
ods extend this direction to 3D beliefs or imagined
observations. BeliefMapNav (Zhou et al., 2026)
combines LLM-derived target-adaptive priors with
a visibility-weighted voxel belief map for global
routing, whereas ImagineNav (Zhao et al., 2025)
replaces explicit mapping with VLM-based selec-
tion over synthesized future views. While these
methods provide explicit predictions over unseen
space, they operate on pixels, local frontier poten-
tials, voxels, or synthesized views, which are not
directly aligned with the room-level decisions re-
quired for long-range indoor navigation. PredNav
instead formulates prediction at this decision level

by performing room-level structured inference over
an explicit topological cognitive map.

LLM spatial-reasoning limits and externalised
cognitive maps. The need to ground room-level
prediction in an explicit map, rather than relying on
the language model as an implicit spatial memory,
has been increasingly recognized. CogEval (Mo-
mennejad et al., 2023) shows that frontier LLMs
often hallucinate connectivity and fail in cognitive-
map planning. VSI-Bench (Yang et al., 2025a)
further attributes many MLLM errors in video-
based spatial question answering to spatial reason-
ing rather than perception, and shows that prompt-
ing models to construct a coarse cognitive map
can substantially improve relative spatial reasoning.
MindCube (Wang et al., 2025) reports similar find-
ings for limited-view spatial reasoning, where map-
then-reason training significantly improves VLM
performance. Cambrian-S (Yang et al., 2025b)
also suggests that increasing token budget, context
length, or model scale alone is insufficient for long-
horizon spatial reasoning, while foundation models
may exhibit belief inertia when observations con-
tradict their internal spatial priors (Zhang et al.,
2026). These findings motivate an embodied alter-
native in which spatial memory is externalized and
explicitly maintained. Recent surveys of agentic
spatial intelligence (Manh et al., 2025; Hao et al.,
2026) advocate hybrid representations that com-
bine metric, instance-level, and topological struc-
tures, consistent with factorized spatial representa-
tions studied in neuroscience (Behrens et al., 2018;
Stachenfeld et al., 2017). BSC-Nav (Ruan et al.,
2025) follows this direction by introducing land-
mark, route, and survey memory for MLLM-based
navigation. PredNav adopts the same principle
of externalized spatial memory, but constrains the
role of the LLM more tightly. Instead of asking the
model to perform general spatial planning, Pred-
Nav uses the topological layer of the maintained
map as the substrate for single-step room-level pre-
diction at each frontier. The resulting prediction
is then integrated with visual observation, spatial
prior, and navigation cost, and is updated through
prediction-observation consistency as exploration
proceeds.

3 Method

3.1 Overview
PredNav is a zero-shot ObjectGoal Navigation
agent in the standard Habitat ObjectNav set-
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Figure 2: The PredNav pipeline. Per-frame observations update a three-layer cognitive map (metric, instance-
semantic, topological). The LLM takes the serialized topological layer to predict each frontier’s room type and
target relevance; this prediction is fused with a CLIP observation score, an offline room–category prior, and a
distance term. The selected frontier is passed to a path planner for action selection, while a vision-language verifier
gates STOP. Abbreviations: grid cell (GC), place cell (PC), boundary vector cell (BVC), ventral visual pathway
(VS), dorsal visual pathway (DS), hippocampus (HPC).

ting (Savva et al., 2019). Given a target category g,
the agent receives RGB-D-pose observations and
selects actions from the default Habitat action space
until it reaches the step budget or issues STOP. As
shown in Figure 2, PredNav follows a pipeline of
perception, map maintenance, frontier prediction,
frontier scoring, and verification-gated termination.
Its core representation is a brain-inspired external
cognitive map with metric, instance-semantic, and
topological-semantic layers. The topological layer
is serialized for LLM-based frontier prediction,
whose output is fused with visual evidence, spa-
tial priors, and geodesic cost to select a frontier
subgoal. The selected subgoal is executed by an
FM2 planner (Valero-Gomez et al., 2013), and a
multi-view vision-language verifier confirms the
target before STOP.

3.2 Hierarchical Cognitive Map

The cognitive map is factorized into three layers
updated from depth and pose, open-vocabulary de-
tections with CLIP embeddings, and confirmed
objects with frontiers, respectively. This metric,

instance, and topological decomposition follows
biologically inspired accounts of embodied spatial
intelligence (Manh et al., 2025; Hao et al., 2026).
All three layers are built online from scratch within
each episode using only the agent’s RGB-D ob-
servations and poses. No pre-built or privileged
map is used. Adjacency edges connect only rooms
that have been observed to be connected. Predicted
rooms are shown as dashed nodes in Figure 1c and
are never treated as observations. The only precom-
puted navigation prior is the scene-independent
text-only table P (g | r) in Appendix F.

Metric layer. The metric layer maintains a 2.5D
height map Ht : Z2 → R ∪ {⊥} by projecting
depth points onto a top-down grid and storing the
maximum observed elevation per cell (Miki et al.,
2022), where ⊥ denotes unobserved cells. It is
converted into a traversability grid,

Gt(c) ∈ {UNKNOWN, OBSTACLE, REACHABLE},

where reachability requires both local walkability
and connectivity to the agent. Frontiers Ft are
connected boundaries between REACHABLE and
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UNKNOWN regions, represented by their centroids
and information gain IG(f).

Instance-semantic layer. The instance-semantic
layer aggregates open-vocabulary detections into
object instances. Each occupied voxel stores cate-
gory votes, a mask-pooled CLIP embedding, and
supporting time indices. Confident voxels are clus-
tered by DBSCAN (Ester et al., 1996) into can-
didate instances with category go, position, and
pooled embedding. A candidate is confirmed as an
object node o when

n̂(o) = max
(︁
nv(o), ns(o)

)︁
(1)

exceeds the category-specific threshold kgo , where
nv(o) is the maximum voxel vote count and ns(o)
is the number of distinct supporting frames. Un-
confirmed candidates matching the target category
are retained only as provisional evidence.

Topological-semantic layer. The topological-
semantic layer is the only layer exposed to the
LLM. It represents rooms, confirmed objects, and
frontiers as a labelled multigraph with contains, ad-
jacent, and borders edges. Rooms are segmented
from the reachable area at doorway-like bottlenecks
following (Werby et al., 2024) and labelled from
contained object categories using a deterministic
affinity table. For frontier prediction, the graph is
serialized into a compact text snapshot containing
room types, objects, qualitative room adjacencies,
and frontier attachments, grounding the LLM in an
external spatial representation.

3.3 Predictive Frontier Scoring

PredNav ranks frontiers by jointly consider-
ing CLIP-based local observation, LLM-based
room-level prediction, offline room-category prior,
geodesic-distance cost, and exploration bonus.

LLM frontier prediction. We represent the
room behind each frontier f ∈ Ft as a latent
successor-room variable r(f). This latent state
is indexed by the frontier rather than by an ob-
served room node and is not inserted into the on-
line map as observed structure. Different frontiers
bordering the same observed room can therefore
receive different successor-room estimates. Given
the serialized topological-semantic map and tar-
get category g, the LLM predicts for each fron-
tier f ∈ Ft a tuple (r̂(f), c(f), ν(f)), where r̂(f)
denotes the likely room type beyond the frontier,

c(f) ∈ [0, 1] is the confidence of this room pre-
diction, and ν(f) ∈ [0, 1] estimates the probability
that the target lies behind the frontier. The estimate
affects frontier value through both the direct pre-
diction term c(f)ν(f) and the prior P (g | r̂(f))
conditioned on the predicted room. It is recom-
puted from the updated map rather than carried
forward as a persistent model belief. The prompt
also includes frontier-level attributes such as dis-
tance, agent-relative direction, size class, and the
room currently bordering the frontier. The response
is constrained by a strict JSON schema. Invalid
responses fall back to (UNKNOWN, 0.5, 0.5). To
limit latency and avoid using the LLM as a per-
sistent world model, prediction is invoked only
when the map changes substantially, such as when
a new object or room is added, or when the current
subgoal becomes invalid. A condensed version of
the prompt is shown below. The full prompt and
schema are provided in Appendix F.

System: You are a navigation assistant helping an agent find
objects indoors. Given a scene description and unexplored
frontiers, predict what lies beyond each frontier. Respond
ONLY with JSON.
User: Target object: {target}. Current scene:
{serialized topological layer}. Unexplored fron-
tiers: - F001: ahead (12◦), 4.2m away,
size=187 cells, near R3 . . . For each frontier, pre-
dict predicted_room, predicted_objects, confidence
(0–1), and target_relevance (0–1).

Multi-signal frontier scoring. For each frontier
f , PredNav computes

s(f) =
∑︂

i∈{obs,pred,prior}
wiSi(f)+b(f)+τ(d(f)).

(2)
Here, Sobs(f) is the maximum CLIP similarity be-
tween the target text embedding and the pooled
embeddings of confirmed objects within 3m of
the frontier centroid, capturing direct visual evi-
dence around the frontier (e.g., a frontier next to a
confirmed sofa scores high for tv_monitor). The
prediction score is

Spred(f) = c(f)ν(f),

which combines the LLM’s confidence in the pre-
dicted room type with its estimate of target pres-
ence. The prior score is

Sprior(f) = P (g | r̂(f)),

obtained from an offline room-category prior; if
r̂(f) = UNKNOWN, the prior falls back to the ob-
served room associated with the frontier, and then
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to a marginal constant if needed. The information-
gain bonus is

b(f) = β log(1 + IG(f)),

where IG(f) counts the connected UNKNOWN cells
behind f and the logarithm keeps large openings
from dominating the semantic terms. The distance
term is

τ(d) = λd

(︃
1− clip

(︃
d

dmax
, 0, 1

)︃)︃
,

where d(f) is the FM2 geodesic distance over
reachable cells. We fix dmax to 10m across
datasets. The distance term is zero at and beyond
this distance. Planner-unreachable frontiers are
removed from consideration.

Phase-adaptive weighting. Because the reliabil-
ity of each signal changes during exploration, Pred-
Nav uses phase-adaptive weights. Let η = t/Tmax

denote normalized episode progress. The fusion
weights are defined as

w(η) ≜ (wobs, wpred, wprior). (3)

w(η) =

⎧
⎪⎨
⎪⎩

wEARLY, η < η1,

wMID, η1 ≤ η < η2,

wLATE, η ≥ η2.

(4)

Early exploration relies more on prediction and
priors, while later stages shift toward observation
as more objects are confirmed. The highest-scoring
reachable frontier is selected as the subgoal and
executed by an FM2 planner.

3.4 Multi-View Target Verification
The STOP action is gated by a separate multi-view
verifier. The open-vocabulary detector (§4.1) runs
on every frame and populates the instance-semantic
layer. It is calibrated for recall. The verifier is a
vision-language model that is invoked only when
the agent comes within 2.5m of a confirmed or
provisional target candidate. It gates STOP for pre-
cision. The agent moves to a standoff pose that
frames the candidate and collects up to four RGB
views. The camera-to-candidate bearings differ by
at least 30◦. The candidate bounding box is anno-
tated in each view, and the views are sent to the
verifier under a constrained JSON schema. The
verifier returns the object name, confidence, and
visibility. Its output is mapped to PASS, FAIL, or
BORDERLINE: PASS issues STOP, FAIL removes the

candidate, and BORDERLINE triggers acquisition
of an additional view. Thus, termination is based
on direct multi-view visual evidence rather than on
the frontier prediction that guided exploration.

4 Experiments

4.1 Experimental Setup

Benchmarks. We evaluate PredNav on the two
standard Habitat (Savva et al., 2019) ObjectNav
benchmarks. Matterport3D (MP3D) (Chang et al.,
2017) provides 2195 validation episodes spanning
11 scenes and a 21-category target set; HM3D-
Sem-v0.2 (Ramakrishnan et al., 2021) provides
1000 validation episodes spanning 20 scenes and a
6-category set (chair, bed, plant, toilet, tv_monitor,
sofa). All episodes use the Habitat default action
set, a 500-step budget per episode.

Metrics. We report success rate (SR), success-
weighted path length (SPL), and the soft-SPL vari-
ant that credits partial progress on failed episodes
(SoftSPL) (Anderson et al., 2018). SR captures
task completion and SPL captures path efficiency.

Implementation. The main configuration uses
GroundedSAM (GroundingDINO + SAM) (Ren
et al., 2024) as the open-vocabulary detector and
Qwen3.5-9B (Qwen Team, 2026) as both the
frontier-prediction LLM and the target-verification
VLM. CLIP ViT-B/32 (Radford et al., 2021) com-
putes the observation score Sobs. All other hyperpa-
rameters are constant across datasets and are listed
in Appendix G.

Baselines. We compare against three groups of
recent ObjectNav systems. Supervised baselines
include SemExp (Chaplot et al., 2020), PONI (Ra-
makrishnan et al., 2022), and SGM (Zhang et al.,
2024). Zero-shot baselines with trained com-
ponents include ZSON (Majumdar et al., 2022),
PSL (Sun et al., 2024), and ImagineNav (Zhao
et al., 2025), whose waypoint proposer is trained
on human navigation demonstrations. Open-
vocabulary zero-shot baselines, which are the
most relevant comparison for PredNav, include
CoW (Gadre et al., 2023), ESC (Zhou et al., 2023),
L3MVN (Yu et al., 2023), VLFM (Yokoyama
et al., 2024), InstructNav (Long et al., 2025), SG-
Nav (Yin et al., 2024), UniGoal (Yin et al., 2025),
OpenFMNav (Kuang et al., 2024), ActPept (Guo
et al., 2024), and BeliefMapNav (Zhou et al.,
2026).
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Table 1: Comparison of methods on MP3D and HM3D benchmarks.

Method Unsup. Zero-Shot Foundation-Model Backbone MP3D HM3D

Vision Language SR ↑ SPL ↑ SR ↑ SPL ↑
SemEXP (2020) ✗ ✗ – – 36.0 14.4 – –
PONI (2022) ✗ ✗ – – 31.8 12.1 – –
SGM (2024) ✗ ✗ – – 37.7 14.7 – –

ZSON (2022) ✗ ✓ CLIP – 15.3 4.8 – –
PSL (2024) ✗ ✓ – – 18.9 6.4 – –
ImagineNav (2025) ✗ ✓ GPT-4o-mini – – – 53.0 23.8

CoW (2023) ✓ ✓ CLIP – 7.4 3.7 – –
ESC (2023) ✓ ✓ GLIP GPT-3.5 28.7 14.2 – –
L3MVN (2023) ✓ ✓ – GPT-2 34.9 14.5 36.3 15.7
VLFM (2024) ✓ ✓ BLIP-2 – 36.4 17.5 63.6 32.5
InstructNav (2025) ✓ ✓ GPT-4V GPT-4 – – 58.0 20.9
SG-Nav (2024) ✓ ✓ LLaVA-1.6-7B GPT-4 40.2 16.0 49.6 25.5
UniGoal (2025) ✓ ✓ LLaVA-1.6-7B LLaMA-2-7B 41.0 16.4 – –
OpenFMNav (2024) ✓ ✓ GPT-4V GPT-4 37.2 15.7 – –
ActPept (2024) ✓ ✓ GraphSAGE – 39.8 17.4 – –
BeliefMapNav (2026) ✓ ✓ CLIP GPT-4 37.3 17.6 – –
PredNav (Ours) ✓ ✓ Qwen3.5-9B Qwen3.5-9B 43.4 17.8 65.3 28.5

4.2 Main Results

Results on MP3D. Table 1 shows that PredNav
achieves 43.4 SR and 17.8 SPL on MP3D val,
outperforming all prior open-vocabulary zero-shot
methods on this benchmark. Strong recent base-
lines, including UniGoal (41.0 SR), SG-Nav (40.2),
ActPept (39.8), and BeliefMapNav (37.3), rely on
local LLM-based scoring over observed subgraphs
or voxel features and propagate these scores to fron-
tiers via geometric proximity. In contrast, PredNav
performs language-model reasoning at the room-
level granularity, which better aligns with high-
level navigation decisions and yields a +2.4 SR im-
provement over UniGoal. PredNav also improves
SPL by +1.4, indicating that the higher success
rate is achieved without sacrificing path efficiency.

Results on HM3D-v0.2. On the full HM3D-Sem-
v0.2 validation split with 1000 episodes, PredNav
achieves 65.3 SR and 28.5 SPL. This is the high-
est SR among open-vocabulary zero-shot methods
reported in Table 1, exceeding VLFM by +1.7 SR
and InstructNav by +7.3 SR, the two strongest
baselines on this benchmark. Although VLFM
obtains a higher SPL, PredNav delivers the best
success rate, suggesting that room-level prediction
is particularly effective for identifying promising
exploration targets in the HM3D environments.

Table 2: Component ablation on MP3D.

LLM
Prediction

VLM
Verification SR ↑ SPL ↑ SoftSPL ↑

✗ ✗ 38.9 17.3 23.1
✓ ✗ 39.5 17.3 22.8
✗ ✓ 42.2 18.1 23.2
✓ ✓ 43.4 17.8 22.7

4.3 Ablation Studies

We ablate the two language-grounded components
(LLM frontier prediction, VLM target verification)
and the open-vocabulary detector. All ablations are
on the full MP3D val environment (2195 episodes)
with the same seed.

Components. Table 2 evaluates the effect of the
proposed language-guided prediction and verifi-
cation design under the same navigation pipeline.
Compared with the baseline without these two
components, introducing LLM-based frontier pre-
diction improves SR from 38.9 to 39.5, showing
that room-level semantic prediction provides useful
guidance for frontier selection. When combined
with VLM verification, PredNav further improves
SR to 43.4, achieving the best overall performance.
The two components act at different stages of the
navigation loop. Frontier prediction determines
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Table 3: Detector ablation on MP3D.

Object Detector SR ↑ SPL ↑ SoftSPL ↑

YOLO-World 36.3 17.5 23.9
OWLv2 44.3 18.3 23.2
G-DINO 43.4 17.8 22.7
Ideal 61.4 29.7 33.4

where the agent searches, while visual verification
determines whether the agent should stop at a can-
didate. Prediction changes the selected frontier in
26.5% of scored decisions. Its contribution to SR
increases from 0.6 points without verification to
1.2 points when verification is enabled. This in-
teraction shows that the two stages reinforce one
another in the full pipeline. The combined model
achieves the highest SR, while prediction changes
SPL by no more than 0.3 points across the matched
comparisons.

In rows without prediction, only Spred is set to
zero and the remaining weights are not renormal-
ized. Sprior remains active and uses the observed
bordering room when no predicted successor room
is available. The ablation therefore removes both
the direct prediction score and the predicted room
used by the prior.

Detector. Table 3 evaluates the effect of different
object detectors. For fair comparison with prior
methods, we adopt G-DINO as the default detector
in PredNav. Among real detectors, OWLv2 (Min-
derer et al., 2023) achieves the best performance
with 44.3 SR and 18.3 SPL, slightly outperforming
the G-DINO baseline. YOLO-World (Cheng et al.,
2024) performs worse, likely because some MP3D
categories, such as cabinet, shower, and towel, are
less well covered by its training vocabulary. Using
an ideal semantic sensor further increases SR to
61.4 and SPL to 29.7, revealing a substantial gap
between current open-vocabulary perception and
oracle perception. These results show that PredNav
can benefit directly from stronger detectors, and
that improving object perception is a promising
direction for further enhancing navigation perfor-
mance.

LLM backbone. Table 4 compares SG-Nav
and PredNav under shared language backbones.
With Qwen3.5-9B (Qwen Team, 2026), Pred-
Nav improves over SG-Nav by 2.6 SR and 2.6
SPL. The same trend holds with Llama-3.2-11B-

Table 4: LLM backbone control on MP3D val. ∗ denotes
results reported in the original paper. † denotes results
obtained using the official implementation. PredNav
rows use substituted prediction LLMs.

Method LLM SR ↑ SPL ↑
SG-Nav∗ GPT-4 40.2 16.0
SG-Nav† Llama-3.2-11B-Vision 40.7 15.2
SG-Nav† Qwen3.5-9B 40.8 15.2

PredNav GPT-4o-mini 42.8 17.5
PredNav DeepSeek-V4-Flash 42.7 18.1
PredNav Llama-3.2-11B-Vision 42.7 17.7
PredNav Qwen3.5-9B 43.4 17.8

Vision (Meta AI, 2024), where the improve-
ments are 2.0 SR and 2.5 SPL. Across the Pred-
Nav variants using GPT-4o-mini (OpenAI, 2024),
DeepSeek-V4-Flash (DeepSeek-AI, 2026), Llama-
3.2-11B-Vision, and Qwen3.5-9B, SR ranges from
42.7 to 43.4 and SPL ranges from 17.5 to 18.1.
This consistency shows that the structured frontier
prediction interface transfers across model fami-
lies while retaining comparable navigation perfor-
mance.

Roles of the language models. Frontier predic-
tion is text only and operates on the serialized map.
CLIP provides the visual evidence used in Sobs,
while multimodal input is used only by the verifier
before STOP. Frontier prediction therefore does not
require a multimodal backbone. We use the same
open source model for both calls to simplify imple-
mentation while keeping their inputs and decision
roles distinct.

4.4 Failure Analysis

Table 5 provides a breakdown of successful
episodes and failure categories on MP3D for dif-
ferent variants of PredNav. Each column sums
to 100%, where the first row reports the success
rate and the remaining rows correspond to different
failure modes.

We categorize failed episodes into five types.
A failure is classified as cross_floor when the
start and goal positions differ in height by more
than 1m, indicating that the target is located on
another floor. detector_fp denotes cases where
the agent emits STOP more than 2m away from
any ground-truth target instance, usually due to
false-positive detections. detector_fn refers to
episodes where a ground-truth target enters the
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Table 5: Failure case breakdown on MP3D. Percentages of successful episodes and different failure categories for
each model variant. Values in each column sum to 100%.

Bucket w/o LLM, w/o VLM LLM only VLM only OWLv2 + both GT detector

success 38.86 39.45 42.19 44.33 61.37
cross_floor 13.90 13.94 13.94 13.94 13.17
detector_fp 34.58 34.21 30.43 28.47 13.49
same_floor_missed 11.16 11.48 11.66 12.16 11.16
detector_fn 0.36 0.14 0.96 0.59 0.00
timeout_other 1.14 0.77 0.82 0.50 0.82

field of view but the detector never produces a
valid candidate. same_floor_missed describes
failures in which the agent explores the correct
floor but never acquires a target candidate. Fi-
nally, timeout_other includes all remaining fail-
ures, such as inefficient exploration or navigation
timeouts.

Table 5 shows two main trends. First,
cross_floor failures remain stable at about
13–14% across all configurations, including the or-
acle detector setting. This indicates that such cases
are mainly caused by the limitation of the within-
floor topological-semantic representation, rather
than by the language-grounded modules or detec-
tor quality. Addressing this failure mode therefore
requires explicit multi-floor reasoning. Second,
among the remaining failures, detector_fp is the
dominant category, accounting for 28–35% of all
episodes with real detectors. VLM verification
reduces false-positive stops, while replacing the
detector with a ground-truth semantic sensor fur-
ther lowers this bucket to 13.49% and substantially
improves success. In contrast, detector_fn stays
below 1% in all configurations, suggesting that the
system is recall-oriented and rarely misses a visible
target once it appears in the field of view. Over-
all, the analysis identifies multi-floor reasoning and
open-vocabulary detector precision as the two main
sources of remaining failures.

4.5 Success Rate under Different Step
Budgets

Figure 3 reports cumulative SR as a function of the
step budget on MP3D. All variants improve as the
budget increases, showing that exploration remains
useful. Compared with the frontier-only base-
line, language-grounded variants achieve higher
SR throughout most of the budget range and show
clearer gains in the later stages, indicating that se-
mantic prediction and verification help the agent
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Figure 3: Cumulative SR vs. step budget on MP3D.

make better use of exploration steps rather than
merely exploring more. Among real-detector con-
figurations, the full PredNav pipeline with OWLv2
achieves the best curve, followed by the two partial
ablations. This suggests that combining frontier
prediction with visual verification improves both
early target acquisition and final success. The GT-
detector variant provides an upper reference and
reaches high SR with fewer steps, confirming that
more reliable perception can further amplify the
benefit of the proposed navigation strategy.

5 Conclusion

We propose PredNav, a zero-shot Object Goal Nav-
igation framework inspired by the predictive cogni-
tive map of the hippocampal-entorhinal system. In-
stead of scoring frontiers only from observed cues,
PredNav builds a hierarchical metric, instance-
semantic, and topological map, and casts frontier
selection as room-level structured prediction over
the topological layer. This grounds commonsense
reasoning in an explicit spatial map while constrain-
ing the language model to schema-guided single-
step inference. Experiments on MP3D and HM3D
show that PredNav achieves state-of-the-art perfor-
mance in success rate.

24803



Limitations

Within-floor scope. The present formulation of
the topological-semantic layer treats each episode
as a within-floor navigation task. The metric layer’s
2.5 D height map distinguishes elevation differ-
ences and can in principle support stair traversal,
but the planner does not autonomously decide to
ascend or descend between floors in pursuit of a
goal on a different level. The cost of this scoping is
quantified directly by the failure analysis (Table 5):
the cross_floor bucket holds at 13.2–13.9% of
all MP3D val episodes across every configuration
we evaluate — including the GT-detector ceiling —
and is the single dominant residual that no within-
floor architectural change, language-grounded or
otherwise, can recover. Extending the topological
layer with explicit inter-floor edges and a floor-
aware decision policy is therefore the next archi-
tectural step indicated by the empirics, rather than
further within-floor tuning.

Goal-specification granularity. We evaluate on
the standard ObjectNav category sets shipped
with HM3D and MP3D — closed, coarse sets of
common indoor object types — which matches
both the room-level structured-prediction interface
PredNav exposes to the language model (§3.3)
and the category-conditioned multi-view verifier
(§3.4). Fine-grained instance descriptors (“the
brown leather armchair”), open-ended referring ex-
pressions, and multi-step instructions (“go to the
kitchen, then to the desk”) fall outside this inter-
face as currently implemented. The topological-
layer serialisation and the verifier prompt could
in principle be extended to richer goal specifi-
cations — attribute-conditioned scoring on the
instance-semantic layer for the former, an open-
ended grounded-VQA prompt for the latter — but
we do not evaluate this here.

Computational cost. PredNav runs object detec-
tion on every frame. Frontier prediction is invoked
when the map changes or the current subgoal be-
comes invalid, while verification runs near a target
candidate. These calls add computation and latency
beyond geometric or CLIP based scoring.

Perception and scalability. Detector false posi-
tives remain the dominant failure with real detec-
tors and affect between 28% and 35% of episodes
in Table 5. The detector and verifier may make
correlated errors because they use the same vi-
sual evidence. LLMs provide room-level common-

sense but rely on external spatial memory, while
VLM verification remains sensitive to viewpoint
and bounding box noise. Evidence from multiple
views reduces but does not eliminate these errors.
Larger environments may exceed the token budget
of the serialized topological map and require map
summarization, which we have not evaluated.
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A Episode-Level Scan Phases

Initial panoramic scan. Each episode begins
with a fixed 28-step scan,

12L → 2D → 12L → 2U,

where L, D, and U denote TURN-LEFT, LOOK-
DOWN, and LOOK-UP, respectively. This scan cov-
ers a full 360◦ rotation at pitch 0◦, lowers the cam-
era to pitch −60◦, repeats the rotation, and restores
pitch to 0◦. The lowered-pitch sweep covers the
immediate 0–5m radial floor and seeds the met-
ric layer’s REACHABLE component before normal
planning begins: because the height map has no
ray casting, cells between the agent and the near-
est observed obstacle would otherwise remain UN-
KNOWN, and the planner’s seed cell could land on
undefined elevation.

Seal step. After the 28-step scan, residual UN-
KNOWN cells within a 0.8m disc around the agent’s
footprint are forced to REACHABLE. This closes
the small NaN holes left by the capsule-shaped self-
occlusion at pitch −60◦, which would otherwise
produce a starburst of UNKNOWN cells radiating
from directly beneath the agent.

Arrival mini-scan. When the planner reports AT-
GOAL at a frontier, the agent checks the forward
±60◦ × 2m cone for its UNKNOWN-cell fraction.
If the fraction exceeds 0.25, a two-step mini-scan
(1× LOOK-DOWN, 1× LOOK-UP at intermediate
pitch −30◦) is emitted before scoring resumes. The
mini-scan covers 0.46–5m of forward floor and
resolves frontiers whose centroid would otherwise
remain on momentarily UNKNOWN cells.

B Speed Field, Collision Inflation, and
Safe Stripe

Clearance-based speed. Let clr(c) denote the
cell-discrete clearance from cell c to the nearest
OBSTACLE cell. The FM2 per-cell speed is

v(c) =

⎧
⎪⎨
⎪⎩

0 clr(c) < rin,(︁ clr(c)−rin
rsoft−rin

)︁βFM rin ≤ clr(c) < rsoft,

1 clr(c) ≥ rsoft,

with rin = 2 cells (inscribed-radius hard zone),
rsoft = 6 cells (open-corridor saturation), and
βFM = 2 (soft-zone falloff exponent). The hard
zone enforces a strict collision constraint; the
soft zone provides a saturating cost-of-narrowness
penalty; the open-corridor region carries unit speed.

Inscribed radius below geometric radius. Note
that rin = 2 cells at 0.05m/cell corresponds to
0.10m, half the geometric agent radius (0.18m, 4
cells). A strict rin = 4 would close off doorways
and furniture gaps whose discretised clearance falls
at the boundary. The soft zone penalises but does
not block such passages; the collision overlay be-
low re-inflates the obstacle whenever the agent in
fact scrapes.

Collision overlay. When the GPS displacement
after a FORWARD action falls below a small thresh-
old and the previous action was FORWARD, the
cell immediately in front of the agent’s footprint
is marked persistently as OBSTACLE in a separate
collision-overlay channel, which then inflates with
the rest of the wall mask on the next speed-field re-
build. This eliminates “re-bumping the same wall”
behaviour without storing explicit policy memory.

Trajectory safe stripe. The agent’s past trajec-
tory, rasterised by Bresenham line drawing and
dilated by one cell on each side (a 3-cell tube), is
OR’d into the speed field with a floor of 0.1 after
the clearance-based formula above is applied. This
is required for stair corridors: the roughness fil-
ter that defines OBSTACLE cells flags stair risers
(whose step height matches the agent’s clearance
threshold) as obstacles, which would otherwise cut
the stair corridor across its own centreline. The
safe stripe restores the agent’s own track at low but
non-zero speed.

C Stuck-Escape Ladder

When the agent fails to make progress — measured
as GPS displacement falling below an ϵ over a slid-
ing window — three stages of escape behaviour are
layered, with strictly increasing trigger thresholds
in steps of no-progress:

• Stage 1 (> 12 steps): the local planner sam-
ples a random reachable cell within a short
radius as a temporary escape target and routes
to it. This is sufficient to dislodge most micro-
collisions and tight-corner oscillations.

• Stage 2 (> 15 steps): the agent-level con-
troller blacklists the current frontier (or, if cur-
rently locked onto a target instance, re-routes
to the next nearest candidate). The blacklist
entry carries both an identifier and a 0.5m
spatial key, so it survives the next DBSCAN
rebuild that may re-issue a different identifier
for the same cluster.
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• Stage 3 (> 30 steps): the agent emits a diag-
nostic agent_stuck event for offline analysis;
no further action is taken inside the episode.

The thresholds form a strict ladder (12 ≤ 15 ≤
30) and reflect the upper bound on legitimate zero-
displacement intervals: a full 360◦ rotation takes
12 TURN-LEFT actions, so a window of ≤ 12 steps
with zero displacement may still be a legitimate
panorama and is not treated as a stuck event.

D Target Selection Hysteresis

When more than one candidate target instance of
the requested category g is simultaneously visible,
the agent locks onto the geodesically nearest. Let
A denote the currently locked candidate at geodesic
distance dA and B a competing candidate at dis-
tance dB . A switch from A to B is admitted only
if both of the following hold:

dB < 0.5 dA and dB < 3m.

The first condition demands a substantial relative-
distance advantage and rules out jitter between near-
tied candidates; the second is an absolute proximity
floor that prevents far-away candidates from dis-
placing the current lock just because the agent’s
geodesic estimate to A has temporarily grown (e.g.,
a transient un-reachable estimate from a half-built
map).

E Room-Segmentation Hyperparameters

Table 6 lists the geometric segmentation hyperpa-
rameters used in §3.2; values are unchanged from
the procedure of (Werby et al., 2024). The aspect-
ratio fallback labels rooms with longest-axis to
shortest-axis ratio above 3.0 as hallway; the room-
id continuity threshold (re-using the previous id
when a re-segmented room’s centroid lies within
2.0m of an existing room) avoids id churn under
incremental map updates.

F LLM and VLM Prompts

This appendix records the exact prompts and JSON
schemas consumed by the LLM frontier predictor
(§3.3) and the VLM target verifier (§3.4). Endpoint-
specific adaptations are noted at the end.

Frontier prediction — system prompt.
You are a navigation assistant helping an agent
find objects in an indoor environment. Given a
scene description and unexplored frontiers, pre-
dict what lies beyond each frontier. Respond
ONLY with a JSON object — no explanation,
no markdown.

Parameter Default Role

footprint_close_m 0.45 morph. closing radius
point_dilate_m 0.10 wall-OBB dilation
wall_dilate_m 0.08 final wall-mask dilation
min_room_area_m2 1.5 min room area
min_line_length_m 0.6 Hough min line length
max_line_gap_m 0.25 Hough max line gap
structural_lateral_m 0.25 parallel-line lateral tol.
structural_merge_gap_m 0.45 along-line merge gap
branch_prune_m 0.6 skeleton branch prune
door_clearance_min_m 0.35 doorway min radius
door_clearance_max_m 0.85 doorway max radius
doorway_relief_m 0.35 two-sided radius rise
cut_margin_m 0.18 cut-line thickness

Table 6: Room-segmentation hyperparameters used in
§3.2, following (Werby et al., 2024).

Frontier prediction — user template. The user
message is filled into the template

Target object: {target}

Current scene:
{scene_context}

Unexplored frontiers:
{frontier_descriptions}

For each frontier, predict:
- predicted_room: most likely room type
beyond it
- predicted_objects: likely objects
(from the ObjectNav categories)
- confidence: your confidence in this
prediction (0.0–1.0)
- target_relevance: probability the
target “{target}” is beyond this
frontier (0.0–1.0)

Respond with this exact JSON format:
{"predictions": [{"frontier_id": ...,
...}, ...]}

where scene_context is the serialised
topological-semantic snapshot of §3.2 and
each frontier_descriptions line is formatted
as, e.g.,

- F001: ahead (12◦), 4.2m away, size=187
cells, near R3

quantising the agent-relative bearing to {AHEAD,
TO THE LEFT, TO THE RIGHT, BEHIND}.

Frontier prediction — JSON schema.
{

"type": "object",
"properties": {

"predictions": {
"type": "array",
"items": {

"type": "object",
"properties": {

"frontier_id": {"type": "string"},
"predicted_room": {"type": "string"},
"predicted_objects": {

"type": "array",
"items": {"type": "string"}

},
"confidence": {"type": "number"},
"target_relevance": {"type": "number"}

},
"required": ["frontier_id", "predicted_room",

"predicted_objects", "confidence",
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"target_relevance"],
"additionalProperties": false

}
}

},
"required": ["predictions"],
"additionalProperties": false

}

On endpoints with native JSON-schema support,
this schema is enforced via response_format =
json_schema; on endpoints lacking that feature,
an equivalent structural example is injected into the
system prompt (see “endpoint adaptation” below).

Spatial-prior generation prompt. The offline
room–category prior table P (g | r) used by Sprior

is generated once per dataset by a single LLM call:
You are an expert on indoor scene layouts. For
each room type, estimate the probability (0.0–1.0)
that each object category is present in a typical
instance of that room. Room types: {rooms}.
Object categories: {objects}. Return a JSON
object where keys are room types and values are
objects mapping category to probability. Include
ALL room types and ALL object categories.

The resulting table is loaded from disk and used de-
terministically at scoring time; it is not re-queried
during episodes.

Target verification — system prompt.
You are a strict, neutral visual grader for an object-
goal navigation robot. Each image is a full frame
with a red rectangle drawn around a candidate
object that the robot’s detector flagged. All im-
ages depict the SAME physical candidate from
different angles. Identify the object inside the
red rectangle on its own merits — do not let the
robot’s stated hypothesis bias you. Always return
JSON conforming to the schema.

Target verification — user prompt. The user
message lists four numbered steps:

Step 1 — looks_like. Name the object inside
the red rectangle with one natural lowercase com-
mon noun (e.g., chair, sofa, stool, cabinet,
counter, mantelpiece). If the rectangle is gen-
uinely empty of any discrete object — pure wall
texture, an open door, the bare floor, a window
pane — name that structural surface. Do not name
a structural surface when a real object is in fact
inside the rectangle, and do not bias toward {g}.
Step 2 — confidence. Real value in [0, 1] for
the looks_like label. Use ≥ 0.85 only when the
name is unambiguous; use ≤ 0.5 when the rect-
angle is blurry, occluded, or genuinely ambiguous
between two nouns.
Step 3 — fully_visible. True iff the whole
object is in frame in at least one image.
Step 4 — is_target. True iff looks_like is the
same kind of thing as {g} (counting common syn-
onyms). Be honest about what you actually see;
the agent re-derives this deterministically from
looks_like via a synonym table, so the decision
is robust to wording.

Target verification — JSON schema.
{

"type": "object",
"properties": {

"is_target": {"type": "boolean"},
"confidence": {"type": "number"},
"fully_visible": {"type": "boolean"},
"looks_like": {"type": "string"}

},
"required": ["is_target","confidence",

"fully_visible","looks_like"],
"additionalProperties": false

}

Synonym table. The agent-side synonym table
that maps the verifier’s looks_like label to a
canonical target category is a fixed dictionary of
approximately a dozen entries, each listing all sur-
face forms that refer to the same physical object
class. Representative entries are

sofa ↦→ {sofa, couch, loveseat, settee, divan, sec-
tional};
counter ↦→ {counter, countertop, kitchen counter,
bar, kitchen island};
chest_of_drawers ↦→ {chest of drawers, dresser,
drawers, bureau};
plant ↦→ {plant, potted plant, houseplant}.

The table is hand-specified once per benchmark,
decouples target recognition from the verifier’s
own internal synonym handling, and is unchanged
across all reported experiments.

Endpoint adaptation. The frontier predictor
calls a chat-completion endpoint with the system
prompt, user prompt, and JSON schema. On
OpenAI-compatible endpoints with JSON-schema
support, response_format=json_schema en-
forces strict output. On endpoints that lack
JSON-schema support (e.g., some DeepSeek-
compatible deployments), the system prompt
is augmented with an explicit json marker
and a structural example derived from the
schema. Where the underlying model defaults
to “thinking” output (wrapping responses in
<think>...</think>) we disable thinking via the
standard extra_body={"thinking": {"type":
"disabled"}} option. These adaptations are
confined to the client; the rest of the pipeline is
unaware of them.

G Hyperparameter Summary

Table 7 collects every numerical hyperparame-
ter referenced in the Method and the Appendices
above and their semantics and origins are detailed
in the relevant sections. All values are constant
across scenes, target categories, and datasets.
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(a) Detector false positive
sofa  49 steps  dend = 2.31 m

1 m

(b) Cross-floor goal
toilet  500 steps  dend = 9.29 m

2 m

(c) Detector false negative
clothes  500 steps  dend = 0.01 m

1 m

Trajectory Start STOP Goal (same floor) Goal (other floor)

Figure 4: Representative failure cases on MP3D, one per bucket from Table 5. Each panel shows the cropped
traversability map, where UNKNOWN is light gray, OBSTACLE is dark gray, and FREE/REACHABLE is white.
The agent trajectory is shown as a blue line, the start pose as a green diamond, the STOP pose as a red cross, and
goal instances by floor membership, with orange for the same floor as the start and gray for a different floor. Panels
are the median-DTG episode per bucket under the LLM-only configuration in Table 2. Each title strip reports the
target category, episode length, and final distance dend to the nearest goal.

H Qualitative Failure Cases

Figure 4 shows three representative failures, one
median-DTG episode per bucket. Case (a) is a
detector_fp on a sofa target (dend = 2.31m): the
agent emits STOP only 49 steps into the episode,
well before it has explored the scene, because the
detector latched onto a surface labelled sofa with
high confidence and the verifier passes on it un-
der the same visual evidence the detector used; the
two same-floor sofa instances (orange markers) sit
in regions the agent never reaches. Case (b) is a
cross_floor episode on a toilet target: every toi-
let instance in the scene is on a different floor from
the agent’s starting position (all goal markers in the
panel are gray), and the within-floor topological-
semantic layer is by construction incapable of redi-
recting the agent across floors; the agent exhausts
its 500-step budget exploring within-floor fron-
tiers and terminates 9.29m from the nearest goal.
Case (c) is the most diagnostic. The agent is search-
ing for clothes and physically reaches a same-floor
clothes instance (dend = 0.01m), but no frame
ever produces a confirmed clothes detection on
that instance, so the agent never emits STOP; the
episode times out at 500 steps despite having geo-
metrically completed the task. detector_fn is the
rare (< 1%) bucket precisely because the recall-
favoured calibration of §3.4 usually catches such
instances, but when it does miss, the architecture
has no recovery path — the agent has no signal that
it is standing on the answer.
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Parameter Default Description

Cognitive map
cell size 0.05 m metric grid resolution
kgo (default) 2 confirmation threshold

Frontier scoring
η1, η2 0.1, 0.4 phase boundaries
wEARLY (0.2, 0.4, 0.4) obs/pred/prior
wMID (0.4, 0.35, 0.25) "
wLATE (0.6, 0.25, 0.15) "
λd 0.30 distance-term weight
dmax 10 m distance-term cutoff
β 0.015 info-gain bonus coeff.
Sobs radius 3 m CLIP aggregation radius

Verification
approach trigger 2.5 m enter verification
ρ 0.45 target image fraction
dstandmin , dstandmax 0.8, 4.5 m standoff bounds
evidence frames ≤ 4 per verifier call
bearing diversity 30◦ evidence separation
accept conf. 0.6 pass-condition floor
partial-accept conf. 0.8 no-visibility pass floor
reject conf. 0.3 fail-condition ceiling
orbit novelty 45◦ active-acquisition gate
call budget 40 per-episode VLM cap

Planning
K 3 detour top-K
γ λd/dmax detour distance coeff.
rin, rsoft, βFM 2, 6, 2 FM2 speed params
safe-stripe floor 0.1 trajectory-tube speed

Recovery
stuck stages 12, 15, 30 steps ladder thresholds
switch ratio 0.5 dB/dA admissibility
switch absolute 3 m dB proximity floor

Table 7: All numerical hyperparameters used by PredNav, constant across scenes, target categories, and datasets.
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