Version and target-setting clarification

The signed before-minus-after RRI used here follows version 3, Sections 3.2-3.4; the earlier version’s displayed
absolute difference must not be mixed with it. The experiments use object-centred rendered acquisitions,
including houses as benchmark assets. They do not demonstrate selecting one requested instance among several
jointly mapped objects. Version 3, Section 4.3, includes a straight-path clearance check, so object-centred scope
does not mean the planner ignores collision. The paper uses noise-free reference depths and reports no real-
world evaluation (Section 5). Its category results are not uniformly superior to all baselines (Table 2).

3D-NVS is an earlier direct reconstruction-supervision precedent: it trains a discrete selector through voxel
reconstruction loss [1]. VIN-NBV remains the closer precedent for a learned relative-error-reduction score, rather
than the sole quality-supervised NBV method. The retained adoption proposals below are historical; ordinal
targets are a possible comparison, not the current finite-horizon objective.

Reading status. The detailed review below preserves the earlier literature synthesis and its proposed
ARIA-NBYV adaptations. Recommendations about model inputs, training stages or implementation are
research proposals, not a description of the current system or evidence of measured benefit. The active
thesis and implementation specify the current choices.

VIN-NBYV: Quality-Driven Candidate Ranking
Primary source. VIN-NBV: A View Introspection Network for Next-Best-View Selection [2].

Local source. main.tex, sec/3 methods.tex, and sec/4 _experiments.tex.

Related ARIA-NBYV pages. RRI theory, VIN model API, and RL planning.
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Figure 1: VIN-NBYV architecture

Core contribution

VIN-NBYV is the closest objective match for ARIA-NBV because it treats Next-Best-View (NBV) selection as
reconstruction-quality ranking rather than coverage maximization. The paper defines Relative Reconstruction
Improvement (RRI) for a query view and trains a View Introspection Network (VIN) to predict an ordinal RRI
label for candidate views before acquiring them [2].

For a current reconstruction 3,,.., a candidate observation #,, and ground-truth geometry %y, the paper’s
utility is:
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RRI(q) = .
The paper then bins stage-normalized RRI values into 15 ordered classes and trains with CORAL ordinal
classification. At inference, sampled candidate views are projected against the current reconstruction, scored
by the learned VIN, and selected greedily.


https://arxiv.org/html/2505.06219v3
https://arxiv.org/abs/2505.06219
https://github.com/JanDuchscherer104/ARIA-NBV/blob/codex/typst-literature-reviews-20261013/docs/literature/tex-src/arXiv-VIN-NBV/main.tex
https://github.com/JanDuchscherer104/ARIA-NBV/blob/codex/typst-literature-reviews-20261013/docs/literature/tex-src/arXiv-VIN-NBV/sec/3_methods.tex
https://github.com/JanDuchscherer104/ARIA-NBV/blob/codex/typst-literature-reviews-20261013/docs/literature/tex-src/arXiv-VIN-NBV/sec/4_experiments.tex
https://janduchscherer104.github.io/ARIA-NBV/contents/theory/rri_theory.html
https://janduchscherer104.github.io/ARIA-NBV/reference/vin.models.scene_myopic.html
https://janduchscherer104.github.io/ARIA-NBV/contents/literature/rl_planning.html

Verified paper signals

signal

source-backed detail

ARIA-NBYV relevance

Quality target

RRI compares Chamfer distance

before and after adding a candi-

date view. GT is needed only for

oracle label generation and evalu-
ation.

Direct basis for scene-level Oracle
RRI (oracle RRI) and Target-Spe-
cific RRI (target RRI).

Candidate ranking

VIN-NBYV samples candidate views
and chooses the one with the
largest predicted RRI.

Motivated the earlier ARIA-NBV
one-step candidate-ranking pro-

posal.

Feature design

Candidate-conditioned projections
use current point cloud evidence,
normals, visibility count, depth,
and an empty-pixel coverage fea-

ture Fip, oty -

Supports semi-dense projection
features and EVL evidence chan-

nels as interpretable scorer inputs.

Training target

Direct RRI regression is unstable;

the paper uses stage-normalized,

clipped, binned ordinal labels with
CORAL.

Motivates an ordinal comparison
and diagnostics for bins, calibra-
tion, and stage dependence.

Reported comparison

The paper reports large quality
gains over coverage and RL base-
lines in its object-centric setting,
with caveats about reproduced
baselines and dataset mismatch.

Use as motivation, not as direct

evidence that ARIA-NBV will out-

perform scene-level or target-aware
baselines.

ARIA-NBYV adoption

o Earlier thesis-core proposal: RRI, oracle RRI labels, ordinal RRI prediction, and greedy candidate

ranking.

Adapt for ARTA-NBV: replace object-centric dense RGB-D reconstruction with Aria Synthetic Environ-
ments (ASE) snippets, semi-dense Point Cloud (PC) evidence, Egocentric Voxel Lifting (EVL) features,
validity masks, and target crops.

Extend carefully: target-specific utility should use the same before/after reconstruction-quality logic, but
with evaluation restricted to a GT Oriented Bounding Box (OBB) or matched target crop.

For an entity or target e, the ARTA-NBV analogue is:

RRL (q) = 20 Mér) — (B U B, M)
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Do not adopt

Do not claim that imitation learning is generally more effective than RL; VIN-NBV supports a quality-
driven ranking baseline, not a universal algorithm comparison.

Do not transfer object-centric benchmark numbers directly to egocentric indoor ASE scenes.

Do not treat invalid or infeasible candidates as low RRI. ARTA-NBV needs hard Validity Mask (validity
mask) handling and explicit invalid-reason labels.

Do not rely only on one-step greedy RRI once the thesis claims non-myopic target-conditioned planning.

Open risks / caveats

RRI distributions are stage-dependent; static bins can miscalibrate early vs. late acquisition.

Greedy ranking is intentionally myopic and can undervalue setup actions that expose later target views.
ARIA-NBYV uses semi-dense Aria-style evidence rather than dense object RGB-D, so projection statistics
and oracle labels require separate validation.



Terminology

Dataset

ASE — Aria Synthetic Environments: Synthetic indoor dataset with simulated Aria observations, trajec-
tories, and scene annotations. The thesis uses ASE reference meshes and rendered depth to measure target
reconstruction improvement. Semidense actor evidence is a separate input, not the default oracle reconstruc-
tion source.

Geometry

OBB — Oriented Bounding Box: Box described by a center, orientation, and three extents. It approximates
an object extent and defines a local target frame. Semantic class and confidence can accompany the detection
but are not geometric properties of the box itself.

Metrics

RRI — Relative Reconstruction Improvement: Reduction in reconstruction error relative to the error
before one acquisition. Target-specific RRI measures this change on the selected object. Oracle RRI obtains
the measurement from privileged reference geometry. Unlike the root-gain reward, its denominator changes
with the current reconstruction.

target RRI — Target-Specific RRI: State-relative reconstruction improvement restricted to the selected
target. It specializes RRI to the target geometry and differs from the root-normalized reward used to
accumulate gain across a rollout.

Model

EVL — Egocentric Voxel Lifting: Architecture that lifts synchronized egocentric image evidence into a
gravity-aligned voxel feature volume. EVL belongs to the EFM3D framework. Its features and prediction
heads provide observed spatial evidence; they do not by themselves supply observations from unvisited
candidate poses.

VIN — View Introspection Network: Learned model that estimates the utility of a proposed view before
acquiring its observation. The one-step baseline predicts reconstruction improvement from available evidence;
the finite-horizon extension predicts return after selecting the candidate and continuing for the requested
horizon.

Planning

NBYV — Next-Best-View: Selection of a sensor viewpoint to improve reconstruction under a limited acquisition
budget. A myopic selector ranks immediate improvement; a finite-horizon planner also values views that
enable useful later acquisitions.

validity mask — Validity Mask: Boolean indicator whose true entries identify admissible candidate actions.
It constrains selection separately from utility prediction. An invalid-action mask has the opposite polarity.
Label availability and stored-successor availability require separate indicators.

Reconstruction

PC — Point Cloud: Collection of sampled three-dimensional points representing geometry. Point coordinates
may coincide while remaining distinct samples. The oracle concatenates observation clouds before shared
fusion, cropping, and capping; treating this operation as set union would erase multiplicity.

Supervision

oracle RRI — Oracle RRI: RRI measured using privileged reference geometry. The current ASE protocol
prepares the historical depth cloud together with selected and hypothetical rendered observations, then
measures target point-mesh error against a fixed reference crop. These labels do not make candidate depth
available to the main actor.
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