3D-NVS: Reconstruction Supervision for View Selection

3D-NVS trains a view selector through the quality of the resulting voxel reconstruction. Given one RGB image,
it chooses a second viewpoint from eleven fixed labels; the acquired image pair feeds a reconstruction network.
This is a direct reconstruction-supervision precedent, although its output is a view class rather than a prediction
of relative error reduction [1].

Mechanism and objective

During training, the selector assigns probabilities to candidate views. The reconstructor produces a voxel
occupancy prediction for each image pair. The method combines these predictions using the selection proba-
bilities, then applies binary cross-entropy against ground-truth occupancy. The reconstruction loss therefore
trains both networks. Because cross-entropy is nonlinear, loss on the weighted reconstruction is not the same
as a probability-weighted mean of individual reconstruction losses. At inference, the highest-probability view is
acquired and its image pair produces the reconstruction.

The training and inference branches in Figure 1 expose where reconstruction loss supervises view choice.
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Figure 1: 3D-NVS trains selection through reconstruction loss; at inference it acquires only the chosen next
view. Reproduced from [1, Fig. 1], with surrounding whitespace removed.

Target setting and evidence

The experiments reconstruct isolated ShapeNet objects in a fixed 32-cubed voxel grid; the real-image evaluation
uses Pix3D object images, which are supplied with object masks. They measure voxel intersection-over-union,
while training uses occupancy cross-entropy. The wider-view synthetic comparison improves overall IoU, but
the limited-elevation comparison does not uniformly outperform the competing reconstructor. The real-image
results also expose a substantial transfer limitation. These experiments do not establish requested-instance
planning among distractors in a jointly mapped indoor scene.

Consequence for ARIA-NBV

The paper rules out a blanket claim that learned NBV only optimizes coverage. VIN-NBV is the closer precedent
for predicting RRI from existing reconstruction evidence and a candidate pose. 3D-NVS instead couples a
discrete selector to a learned reconstructor. Neither the two-image setting nor its occupancy loss establishes a
learned multi-step target point—mesh return. The review concerns the paper’s method, not an adopted ARIA-
NBYV architecture.
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Terminology

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.
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