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Abstract. Embodied agents must explore partially observed environ-
ments while maintaining reliable long-horizon memory. Existing graph-
based navigation systems improve scalability, but they often treat un-
explored regions as semantically unknown, leading to inefficient frontier
search. Although vision-language models (VLMs) can predict frontier
semantics, erroneous predictions may be embedded into memory and
propagate through downstream inferences, causing structural error ac-
cumulation that confidence attenuation alone cannot resolve. These ob-
servations call for a framework that can leverage semantic predictions
for directed exploration while systematically retracting errors once new
evidence contradicts them. We propose Hypothesis Graph Refinement
(HGR), a framework that represents frontier predictions as revisable hy-
pothesis nodes in a dependency-aware graph memory. HGR introduces
(1) semantic hypothesis module, which estimates context-conditioned se-
mantic distributions over frontiers and ranks exploration targets by goal
relevance, travel cost, and uncertainty, and (2) verification-driven cas-
cade correction, which compares on-site observations against predicted
semantics and, upon mismatch, retracts the refuted node together with
all its downstream dependents. Unlike additive map-building, this allows
the graph to contract by pruning erroneous subgraphs, keeping mem-
ory reliable throughout long episodes. We evaluate HGR on multimodal
lifelong navigation (GOAT-Bench) and embodied question answering (A-
EQA, EM-EQA). HGR achieves 72.41% success rate and 56.22% SPL on
GOAT-Bench, and shows consistent improvements on both QA bench-
marks. Diagnostic analysis reveals that cascade correction eliminates ap-
proximately 20% of structurally redundant hypothesis nodes and reduces
revisits to erroneous regions by 4.5×, with specular and transparent sur-
faces accounting for 67% of corrected prediction errors.

Keywords: Embodied Navigation · Long-Horizon Exploration · Hy-
pothesis Graph Refinement · Verification-Driven Cascade Correction
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   What is in the basket by the front door?

  The front door observed. Ascending to verify

  Hypothesis Node.

   What is in the basket by the front door?

  The front door observed. Ascending to verify

  Hypothesis Node.

   Accessing Observed Graph: Confirmed.  

   There is an umbrella in basket

  The front door observed. Ascending to verify Hypothesis Node…
  Hypothesis Node Confirmed.

Fig. 1: Overview of Hypothesis Graph Refinement (HGR). The hypothesis
graph separates observed nodes (purple, verified regions) from hypothesis nodes
(green, probabilistic frontier predictions), enabling a hypothesis-verification-correction
cycle. (Left) Given the query “What is inside the basket? ”, observed nodes provide
confirmed scene context, while hypothesis nodes project semantic distributions onto
unexplored frontiers, guiding the agent toward the most likely location of the target
object. (Right) Upon arrival, the agent verifies each hypothesis against actual obser-
vations. If the prediction is confirmed, the hypothesis node transitions to an observed
node; if refuted, cascade correction retracts the erroneous node and all its downstream
dependents, preventing error propagation through the graph.

1 Introduction

Embodied agents operating in partially observed environments must decide where
to explore next based on incomplete information. Classical frontier-based meth-
ods [1, 31] select boundaries between explored and unexplored space using geo-
metric criteria, treating all frontiers as equally unknown. Recent work has be-
gun leveraging vision-language models (VLMs) to predict what may lie beyond
observed boundaries, enabling semantically informed frontier selection that pri-
oritizes promising directions over exhaustive search [18, 25, 27]. This shift from
geometry-driven to semantics-driven exploration has demonstrated clear effi-
ciency gains in short-horizon navigation tasks.

However, VLM-based frontier predictions are not always reliable—visually
ambiguous scenes such as mirror reflections or glass partitions can produce er-
roneous predictions that, once embedded in graph memory, propagate through
chains of dependent hypotheses that inherit and amplify the original mistake.
Existing approaches mitigate this through confidence attenuation, but the erro-
neous subgraph persists and continues to influence downstream decisions, caus-
ing cumulative degradation over long-horizon episodes.
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We present Hypothesis Graph Refinement (HGR), a framework that
jointly enables semantics-driven exploration and systematic error correction (Fig-
ure 1). HGR maintains a hypothesis graph that separates observed nodes (verified
regions) from hypothesis nodes (probabilistic frontier predictions) and records
their derivation relationships in a dependency DAG. A semantic hypothesis mod-
ule estimates semantic distributions over frontiers and ranks exploration targets
by goal relevance, travel cost, and uncertainty. Upon visitation, a verification-
driven cascade correction mechanism compares actual observations against pre-
dictions; upon mismatch, it retracts the refuted node together with all down-
stream dependents, allowing the graph to contract by pruning erroneous sub-
graphs. Our contributions are:

– We introduce a hypothesis graph representation that distinguishes verified
observations from revisable frontier predictions and tracks their dependen-
cies, enabling structured hypothesis-driven exploration.

– We propose a cascade correction mechanism that, upon detecting prediction
failures, retracts the entire erroneous subgraph along the dependency DAG,
preventing error accumulation over long episodes.

– We demonstrate consistent improvements on GOAT-Bench [13] (+3.31% SR,
+7.32% SPL over 3D-Mem [31]), A-EQA [19], and EM-EQA [19]. Ablation
and diagnostic analyses confirm that both mechanisms contribute meaning-
fully and that cascade correction substantially reduces error accumulation.

2 Related Work

Embodied Navigation and Exploration. Embodied navigation evolves from re-
active policies [2, 14] to memory-augmented architectures [5, 10]. ETPNav [1]
introduces topological graphs for long-horizon navigation with Monte Carlo
Tree Search for frontier evaluation. FILM [21] maintains episodic memories via
transformer-based aggregation. Recent work explores VLM integration for open-
vocabulary navigation [18, 27], but treats unexplored regions as lacking seman-
tic information. Further advances include reinforcement fine-tuning for navi-
gation [24], multi-turn active exploration [34], and generative visual imagina-
tion [11]. Concurrent work on commonsense-guided frontier exploration includes
ESC [35], SCOPE [30], and ReVoLT [16], which also leverage semantic priors
to rank and select frontiers. However, these methods treat predictions as one-
time scoring signals without recording derivation dependencies among them, so
erroneous predictions persist in memory and may propagate to downstream in-
ferences. HGR instead embeds each frontier prediction as a revisable hypothesis
node in a dependency DAG, enabling systematic verification upon visitation and
cascade correction that retracts an erroneous node together with all its depen-
dents (see the supplementary material for a detailed comparison).

3D Scene Representations. Object-centric scene graphs [3, 8, 29] compress envi-
ronments into nodes (objects) and edges (relationships). ConceptGraph [8] pio-
neers open-vocabulary scene graphs via CLIP grounding. 3D-Mem [31] employs
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memory snapshots capturing co-visible objects with spatial context. Recent ex-
tensions address contrastive pretraining [9], retrieval-augmented reasoning [32],
metric-semantic graphs for embodied Q&A [26], and LLM-based semantic inte-
gration [33]. These representations handle spatial reasoning well but rely on soft
probabilistic updates for error correction. HGR introduces dependency tracking
and cascade correction to remove erroneous subgraphs rather than attenuating
confidence scores.

Error Detection and Correction in Embodied Systems. VLM prediction errors,
where generated content is inconsistent with visual inputs, are studied exten-
sively [15,28]. Mitigation strategies include retrieval-augmented generation [22],
uncertainty quantification [12], and self-consistency checks [20]. In recent robotics,
COWS [7] uses contrastive learning and PIVOT [23] employs verification mod-
ules. ReLEP [17], HEAL [4], and InterleaveVLA [6] focus on output-level refine-
ment, whereas HGR tracks dependency chains and removes erroneous subgraphs
via cascade correction.

3 Method

Frontier-based exploration faces two intertwined challenges: frontiers lack se-
mantic cues to guide efficient exploration, yet VLM-based predictions risk em-
bedding errors that propagate through dependent hypotheses over long hori-
zons. HGR addresses both within a unified graph-based framework: the hypoth-
esis graph separates verified observations from revisable frontier predictions and
tracks their dependencies (Section 3.1), evolving through an incremental con-
struction pipeline (Section 3.2). The semantic hypothesis module (Section 3.3)
tackles the first challenge by projecting goal-relevant distributions onto fron-
tiers; verification-driven cascade correction (Section 3.4) tackles the second by
retracting erroneous subgraphs along the dependency DAG. Figure 2 illustrates
the overall architecture.

3.1 Hypothesis Graph Representation

HGR maintains a hypothesis graph G = (V, E ,D) that serves as the agent’s
persistent memory of the environment.

Node Types. The node set V = Vobs ∪ Vhyp separates two categories. Observed
nodes v ∈ Vobs represent physically visited regions, storing verified semantic la-
bels, visual features, and detected object lists from direct perception. Hypothesis
nodes v ∈ Vhyp represent semantic predictions projected onto unexplored fron-
tiers; each carries a probability distribution P (· | Ht, f) over semantic categories
and is marked as unverified.
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Fig. 2: Architecture of HGR. (Left) Frontiers Ft detected from the occupancy map
are fed to a VLM reasoner for semantic hypothesis module, which estimates categorical
distributions and generates hypothesis nodes linked to observed nodes via spatial
and dependency edges. Upon visitation, cascade correction compares predicted (Ipred)
and actual (Iactual) semantics; if ∆sem > θ, the refuted node and all its dependents
are removed. (Right) Running example on a floor plan. Graph Refinement marks con-
firmed hypotheses promoted to observed nodes; Graph Refinement (Shrinking) shows
where cascade correction prunes erroneous subgraphs, contracting the graph.

Navigability Edges and Dependency DAG. The edge set E encodes traversable
paths for navigation. The directed acyclic graph D records derivation relation-
ships among nodes: an edge (vp, vc, ρ) ∈ D indicates that hypothesis vc was
derived from parent vp with confidence ρ ∈ [0, 1]. This structure enables system-
atic retraction: when a node is invalidated, all dependent descendants can be
identified and removed along D.

3.2 Incremental Construction and Update

The hypothesis graph evolves incrementally as the agent explores through a
three-phase cycle: hypothesis generation, verification, and update. We outline
each phase below; Sections 3.3 and 3.4 then detail the generation and verification
mechanisms, respectively.

Phase 1: Frontier Discovery and Hypothesis Generation. At each timestep t,
given observation (It, dt,pt) (RGB, depth, pose), the system identifies geometric
frontiers Ft from the occupancy map. For each new frontier fj , a hypothesis
node vhyp

j is generated via the semantic hypothesis module (Section 3.3), added
to Vhyp, and linked in D to its parent observed node.

Phase 2: Hypothesis Verification. When the agent reaches a hypothesis node
vhyp
j , it obtains actual observations and computes a prediction residual (Sec-

tion 3.4). Two outcomes follow: (1) Confirmation—prediction matches obser-
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Fig. 3: Semantic Hypothesis Module. Left: Traditional frontier representation
treats unexplored regions as undifferentiated boundaries. Right: HGR projects proba-
bilistic semantic distributions onto frontiers as hypothesis nodes, enabling goal-directed
exploration.

vation, and the node transitions to Vobs with updated labels; (2) Refutation—
significant deviation triggers cascade correction, removing the node and all its
dependents from D.

Phase 3: Observed Node Update. When revisiting an observed node, the sys-
tem updates its object list and visual features from the latest perception. The
supplementary material provides full construction rules and worked examples.

3.3 Semantic Hypothesis Module

Rather than treating frontiers as undifferentiated boundaries (Figure 3, left),
HGR projects probabilistic semantic distributions onto each frontier, produc-
ing hypothesis nodes with estimated categorical distributions that enable goal-
directed exploration (Figure 3, right).

Hypothesis Node Generation. Given observation history Ht = {(Ii, di,pi)}ti=1

and the frontier set Ft = {fj} identified in Phase 1, each frontier fj is assigned
a semantic distribution over categories C = {c1, . . . , cK}:

P (ck | Ht, fj) ∝ ϕVLM(ck | I frontier
j ,Olocal), (1)

where I frontier
j is the visual observation toward frontier fj , Olocal denotes detected

objects within spatial radius rcontext, and ϕVLM uses the VLM’s world knowledge
to estimate semantic categories from partial visual cues and spatial context.

Exploration Scoring. To convert frontier exploration into goal-directed hypoth-
esis testing, we define an exploration score for each frontier fj relative to navi-
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Fig. 4: Cascade Correction Example. (a) Prediction Error: from the hallway,
the VLM predicts a kitchen beyond the frontier (left, hypothesis), but on arrival the
region is actually a bathroom (right, verified). (b) Dependency Graph: the erroneous
kitchen hypothesis and its inferred-object children (stove, fridge, sink) form an erro-
neous subgraph. (c) Cascade Correction: the prediction residual exceeds the thresh-
old (∆sem > θrefute, bathroom detected), so the system traces the dependency DAG and
removes the entire erroneous subgraph, leaving the verified hallway–bathroom struc-
ture.

gation goal g:

S(fj ; g) = P (cg | Ht, fj)︸ ︷︷ ︸
goal alignment

−λd · d(fj ,pt)︸ ︷︷ ︸
travel cost

+λh ·H[P (· | Ht, fj)]︸ ︷︷ ︸
uncertainty bonus

, (2)

where cg is the target semantic category, d(·, ·) measures geodesic distance, and
H[·] is Shannon entropy, with travel-cost weight λd = 0.15 and uncertainty
weight λh = 0.10. The three terms respectively prioritize goal-matching fron-
tiers, penalize distant ones, and encourage visiting ambiguous regions with high
information gain.

3.4 Verification and Cascade Correction

When a hypothesis node is refuted in Phase 2, HGR must not only remove the
erroneous node but also retract all downstream nodes derived from it. This sec-
tion details the prediction residual test that triggers refutation and the cascade
correction that propagates it through D. Figure 4 illustrates a representative
case: from a hallway, the VLM predicts a kitchen beyond a frontier and gener-
ates descendant hypothesis nodes for inferred objects (stove, fridge, sink); upon
arrival the region is actually a bathroom, so the semantic violation triggers cas-
cade correction, which traces D and removes the entire erroneous subgraph.
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Prediction Residual Test. Upon reaching a hypothesis node vhyp
j , the agent ob-

tains actual perception (Iactual
j ,Oactual

j ). The prediction residual quantifies the
discrepancy between predicted and observed semantics:

∆sem(vhyp
j ) = ωc ·∆c + ωf ·∆f + ωo ·∆o, (3)

where:

∆c = 1−max
k

P (ck | Ht, fj) · ⊮[ck = cactual
j ], (4)

∆f = 1− simCLIP(Enc(I frontier
j ),Enc(Iactual

j )), (5)

∆o = 1−
|Opred

j ∩ Oactual
j |

|Opred
j ∪ Oactual

j |
, (6)

combining category mismatch ∆c, visual feature divergence ∆f via CLIP em-
beddings, and object-level Jaccard dissimilarity ∆o. Weights are set to ωc =
0.4, ωf = 0.3, ωo = 0.3 and the refutation threshold to θrefute = 0.5. These
hyperparameters, together with λd and λh in Eq. 2, are held fixed across all
three benchmarks; only θrefute was tuned, on a 56-subtask held-out split from
GOAT-Bench (see the supplementary material for the per-term ablation and
threshold-sensitivity sweep). A hypothesis node is refuted when ∆sem > θrefute.

Cascade Correction. Upon refuting a hypothesis node vp, cascade correction
performs a breadth-first traversal from vp along the dependency edges of D and
deletes all reachable descendants, together with their incident edges in E and D
(full pseudocode in the supplementary material).

Invalidating a single hypothesis thus removes all downstream nodes inferred
from the false premise. Unlike confidence attenuation, cascade correction elim-
inates erroneous subgraphs entirely, so the hypothesis graph may shrink over
time—a non-monotonic property distinguishing HGR from conventional addi-
tive map construction.

4 Experiments

We evaluate HGR on three complementary benchmarks to validate two hy-
potheses: (H1) semantic hypothesis module improves exploration efficiency, and
(H2) cascade correction prevents cumulative errors from degrading performance.

4.1 Experimental Setup

Benchmarks. (1) GOAT-Bench [13]: Multimodal lifelong navigation across 360
scenes requiring sequential navigation to multiple targets specified via category
labels, language descriptions, or reference images. Episodes span 100+ steps, em-
phasizing sustained autonomy. This is our primary benchmark. (2) A-EQA [19]:
Active Embodied Q&A comprising 557 questions across 63 HM3D scenes. Agents
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must explore unknown environments to answer open-ended questions spanning
object recognition, spatial understanding, and functional reasoning. (3) EM-
EQA [19]: Episodic Memory Q&A with 1,600+ questions from 152 ScanNet and
HM3D scenes. Given pre-explored trajectories, agents construct scene memory
and answer questions without further exploration, isolating memory quality from
exploration strategy.

Metrics. Success Rate (SR) measures goal achievement within distance thresh-
olds (1.0m for navigation, answer correctness for Q&A). Success weighted
by Path Length (SPL) penalizes inefficient exploration: SPL = 1

N

∑N
i=1 Si ·

l∗i
max(l∗i ,li)

. For A-EQA, LLM-Match evaluates answer quality via GPT-4 scoring
(0–100 scale).

Baselines. Comparisons include 3D-Mem [31] and ConceptGraph [8] with
frontier-based exploration, Explore-EQA [25], the commonsense-guided semantic-
frontier methods ESC [35] and SCOPE [30], and ablated variants. For fair
comparison, all baselines are re-implemented within our framework using the
same GPT-4o VLM, Habitat simulator, low-level controller, and step budget.
ConceptGraph and 3D-Mem retain their original graph construction and up-
date logic but use GPT-4o in place of their original semantic modules; ESC and
SCOPE apply their semantic-frontier scoring without dependency tracking or
cascade correction. See the supplementary material for full re-implementation
details.

Protocol. Unless noted otherwise, all GOAT-Bench and A-EQA results are av-
eraged over 3 random seeds, and reported with mean±std where space per-
mits (per-seed variation is small, e.g. Table 2); EM-EQA uses the provided pre-
explored trajectories and is therefore deterministic (single run).

4.2 Main Results: GOAT-Bench

Lifelong Navigation Performance. Table 1 presents results on GOAT-Bench.
HGR achieves 72.41% SR and 56.22% SPL on the validation subset (278 sub-
tasks), outperforming the strongest baseline 3D-Mem (69.1%/48.9%) by +3.31%
SR and +7.32% SPL.

Comparison with Semantic-Frontier Methods. To isolate the contribution of de-
pendency tracking and cascade correction from semantic frontier scoring alone,
we re-implement two commonsense-guided exploration baselines, ESC [35] and
SCOPE [30], under our common infrastructure (GPT-4o, Habitat 3.0, DD-PPO
controller, identical frontier detection, geodesic planner, and 500-step budget; 3
seeds) on the GOAT-Bench subset. Both perform semantic-frontier scoring but
lack dependency tracking and cascade correction. As Table 2 shows, semantic
scoring alone improves over the non-semantic 3D-Mem baseline (+1.3% SR /
+2.8% SPL for SCOPE), but dependency-aware retraction contributes the bulk
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Table 1: Performance on GOAT-Bench. HGR achieves the highest success rate
and path efficiency on both the full validation set (2,780 subtasks) and the evaluation
subset (278 subtasks).

Full Validation Set Subset

Method SR ↑ SPL ↑ SR ↑ SPL ↑

ConceptGraph [8] 61.2 44.3 67.8 48.1
3D-Mem w/o memory [31] 58.6 38.5 66.2 44.1
3D-Mem [31] 62.9 44.7 69.1 48.9

HGR (Ours) 64.14 50.1 72.41 56.22

Table 2: Comparison with semantic-frontier exploration baselines on the
GOAT-Bench subset (278 subtasks, mean±std over 3 seeds). ESC and SCOPE
use semantic-frontier scoring but lack dependency tracking and cascade correction.

Method Semantic Cascade SR ↑ SPL ↑

3D-Mem [31] 69.1±0.6 48.9±0.5

ESC [35] (re-impl.) ✓ 69.8±0.7 50.6±0.6

SCOPE [30] (re-impl.) ✓ 70.4±0.7 51.7±0.6

HGR (Ours) ✓ ✓ 72.41±0.5 56.22±0.4

of HGR’s gain, adding a further +4.5% SPL over the strongest semantic-frontier
baseline—consistent with the ablation in Table 4 (w/o correction 68.61/51.12;
full 72.41/56.22).

Where Do the Gains Come From? As shown in Figure 5, HGR reaches tar-
gets earlier and the advantage grows over longer episodes. Semantic hypothesis
module directs exploration toward goal-aligned frontiers, improving SPL, while
cascade correction eliminates revisits to erroneously predicted regions.

Modality-Specific Analysis. Table 3 decomposes performance by target modality.
HGR shows consistent improvements across all three, with the largest gains
on language-specified targets (+7.9% SR over 3D-Mem). Language descriptions
benefit most from semantic context propagation, as hypothesis nodes encode
relational structure that helps disambiguate spatial references.

4.3 Component Ablations

Table 4 systematically isolates the contributions of each component across all
three benchmarks.

Component Contributions. Disabling the semantic hypothesis module (uniform
frontier selection) degrades performance by −4.70% SR / −6.20% SPL on GOAT-
Bench and −7.5 / −7.8 LLM-Match on A-EQA / EM-EQA, confirming H1.
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Table 3: Performance by Target Modality on GOAT-Bench Subset.

Category Language Image

Method SR SPL SR SPL SR SPL

ConceptGraph [8] 65.3 44.7 55.0 38.9 64.0 52.8
3D-Mem [31] 79.2 55.8 61.9 46.0 65.2 44.2

HGR (Ours) 80.9 60.3 69.8 54.5 68.2 61.7

Fig. 5: Cumulative Success Rate vs. Episode Steps. HGR reaches navigation
targets earlier than baselines due to hypothesis-driven frontier selection, while 3D-
Mem and ConceptGraph require more steps for exhaustive geometric search. The gap
widens in later steps as cascade correction prevents error accumulation.

Disabling cascade correction while retaining hypothesis nodes costs −3.80% SR
/ −5.10% SPL on GOAT-Bench and −6.3 LLM-Match on A-EQA, as refuted
nodes persist with lowered confidence. Disabling both is super-additive (−9.0%
SR, −10.9% SPL), indicating the two mechanisms reinforce each other: directed
exploration brings the agent to verifiable hypotheses that maximize the correc-
tion’s benefit.

Local Delete vs. Cascade Correction. Removing only the refuted node without
DAG propagation (“Local delete only”) reaches 70.85% SR / 53.67% SPL—above
no correction but −1.56% SR / −2.55% SPL below the full system, showing that
descendants of false premises degrade performance and that dependency-aware
cascade provides gains beyond simple node removal. The supplementary material
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Table 4: Ablation Study. Component contributions on the GOAT-Bench subset and
question-answering benchmarks. “Local delete only” removes the refuted node without
cascade propagation along the dependency DAG.

GOAT (Subset) A-EQA EM-EQA

Configuration SR ↑ SPL ↑ LLM ↑ LLM ↑

HGR (full system) 72.41 56.22 55.9 58.3
w/o Semantic hypothesis 67.71 50.02 48.4 50.5
w/o cascade correction 68.61 51.12 49.6 52.9
Local delete only 70.85 53.67 52.3 55.9
w/o both (geometry only) 63.42 45.33 43.3 45.2

further shows structural deletion outperforms a soft confidence-decay baseline
with revisitation penalty.

Prediction Residual Terms. All three residual terms in Eq. 3 contribute: dropping
the category, feature, or object term lowers SR by 1.53%, 1.19%, and 1.37%
respectively—the category term most affects refutation precision and the object
term most affects recall (full per-term ablation in the supplementary material).

Prediction Residual Threshold. We analyze sensitivity to θrefute ∈ [0.3, 0.7]. At
θ = 0.3 (aggressive), the refutation rate reaches 42% but incorrectly removes
approximately 180 valid nodes, degrading SR by 6.2%. At θ = 0.7 (conservative),
only 11% of hypotheses are refuted, allowing errors to accumulate. The optimal
θ = 0.5 balances precision (87%) and recall (74%), and SR remains stable within
±1.0% for θ ∈ [0.45, 0.55].

Hypothesis Prediction Methods. An entropy-gated hybrid that queries the VLM
only for ambiguous frontiers and falls back to heuristics elsewhere attains 95%
of VLM-only SPL at 40% of the computational cost; the full prediction-method
comparison and open-source VLM results (LLaVA-1.5-13B, InternVL2-8B) ap-
pear in the supplementary material.

4.4 Diagnostics: Hypothesis Verification and Correction

We report statistics on hypothesis lifecycle across the GOAT-Bench full valida-
tion set (2,780 subtasks).

Hypothesis Lifecycle. Over the full evaluation, HGR created 4,712 hypothesis
nodes, of which 3,465 (73.5%) were confirmed upon visitation and transitioned
to observed nodes, while 1,247 (26.5%) were refuted and removed. Of the 1,247
refutations, 342 triggered cascade corrections that removed an average of 2.8
nodes per trigger including the refuted node (maximum cascade depth: 4 hops),
totalling approximately 960 node removals.
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Cascade Events per Trajectory. Cascade corrections are infrequent but conse-
quential: across trajectories, the proportions triggering 0, 1, 2, 3, and ≥ 4 cascade
events are 32.4%, 36.0%, 18.0%, 9.4%, and 4.2% (mean 1.23, max 6 per trajec-
tory), and average SPL decreases monotonically with the event count, from 60.5
at zero events to 44.5 at ≥ 4 (full breakdown in the supplementary material).

Revisit Reduction. Cascade correction reduces wasteful revisits to regions based
on erroneous predictions. The revisit rate to refuted regions is 4.2% for HGR,
compared to 18.7% for 3D-Mem. This 4.5× reduction directly contributes to
HGR’s SPL improvement.

Error Source Taxonomy. Among the 1,247 refuted hypotheses: mirror reflections
(38%), glass partitions (29%), artwork misidentification (18%), and occlusion ar-
tifacts (15%). Specular and transparent surfaces account for 67% of all errors,
identifying the primary challenge for VLM-based prediction in indoor environ-
ments.

Hypothesis Accuracy vs. Performance. We bin trajectories by their hypothe-
sis accuracy r—the fraction of a trajectory’s hypotheses confirmed rather than
refuted—into low (r < 0.6), mid (0.6 ≤ r < 0.8), and high (r ≥ 0.8). SPL
increases monotonically with r (Pearson 0.42, Spearman 0.45), confirming that
more accurate predictions help. Crucially, cascade correction narrows the SPL
gap between low- and high-accuracy trajectories from 22.0 without correction to
10.3 with the full system: the dependency DAG is designed to contain predic-
tion errors rather than to rely on perfect predictions, so the higher cascade-event
counts reported in the supplementary material reflect harder trajectories rather
than harm from correction.

4.5 Secondary Results: A-EQA and EM-EQA

Active Embodied Question Answering. Table 5 presents A-EQA results. HGR
achieves 55.9 LLM-Match and 45.0 LLM-Match SPL, outperforming all baselines
through more efficient exploration toward question-relevant regions and error-
free scene memory.

Episodic Memory Q&A. Table 6 evaluates memory quality in isolation. Given
identical pre-explored trajectories, HGR achieves 58.3 LLM-Match with 3.1 av-
erage snapshots. Although the exploration path is fixed, HGR still generates
hypothesis nodes for visible frontiers as it processes each trajectory step, and
verifies them when later steps pass through the predicted regions—so both se-
mantic hypotheses and cascade correction contribute to memory construction
quality rather than exploration strategy. The dependency-aware structure en-
ables removal of contradictory information from memory—a capability absent
in frame-based representations.
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Table 5: Performance on A-EQA (184-question subset). HGR achieves the
highest answer quality and exploration efficiency.

Method LLM-Match ↑ LLM-Match SPL ↑

Blind LLMs (no visual input)
GPT-4o 35.9 —

Question Agnostic Exploration
LLaVA-1.5 Frame Captions 38.1 7.0
Multi-Frame 41.8 7.5

VLM-Guided Exploration
Explore-EQA 46.9 23.4
ConceptGraph w/ Frontier 47.2 33.3
HGR (Ours) 55.9 45.0

Table 6: Performance on EM-EQA. HGR achieves the highest answer quality with
comparable memory footprint.

Method Avg. Frames LLM-Match ↑

Blind LLM (GPT-4) 0 35.5
ConceptGraph Captions 0 34.4
Frame Captions 0 38.1

Multi-Frame 3.0 48.1
HGR (Ours) 3.1 58.3

Human (Full trajectory) Full 86.8

4.6 Qualitative Analysis

Figure 6 presents a representative episode searching for a “television in the living
room.” At step 12, the VLM misidentifies a large mirror as an entryway to an
adjacent living room, generating hypothesis nodes for a couch and TV. Upon
reaching the mirror (step 15, ∆sem = 0.72 > 0.5), cascade correction removes
the false living room subgraph, redirecting exploration to the actual living room
(steps 16–22). In contrast, 3D-Mem retains the erroneous nodes with reduced
confidence, causing repeated revisits and step-limit failure.

5 Conclusion

We present Hypothesis Graph Refinement (HGR), which enables semantic pre-
diction for efficient exploration while preventing cumulative error accumulation.
On GOAT-Bench, HGR achieves 72.41% SR and 56.22% SPL, outperforming
3D-Mem by +3.31% and +7.32%, with consistent gains on A-EQA and EM-
EQA, and ablations confirm both mechanisms contribute. Diagnostic analysis
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Fig. 6: Qualitative Comparison: Mirror-Induced Prediction Error. Left: HGR
detects the prediction violation and removes the erroneous subgraph via cascade cor-
rection. Right: 3D-Mem retains erroneous nodes with lowered confidence, leading to
repeated misnavigation.

attributes 67% of prediction errors to specular and transparent surfaces, a con-
crete target for improving VLM robustness indoors. Runtime and memory anal-
ysis are in the supplementary material.

The main limitation is that cascade correction inherits the accuracy of the
prediction residual test—false negatives let erroneous nodes persist and false pos-
itives may prune valid hypotheses—and prediction quality is ultimately bounded
by the underlying VLM, which struggles with mirrors, small, proximal objects,
and spatial relationships among multiple objects, the dominant error source in
our diagnostics (see the supplementary material). Future work includes improv-
ing residual calibration and extending the dependency structure to dynamic
environments.
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