Aesthetic Camera Viewpoint Suggestion with 3D Aesthetic Field

Supplementary Material

S1. Datasets & Implementation Details

We conduct experiments on subsets of the RE10k [6] and
DL3DV [1] datasets. For RE10k, we use approximately
6,000 scene clips as the training split and 749 clips as the
test split. For DL3DV, we adopt its 1 K-5K subsets for train-
ing, which contain roughly 5,000 scenes, and test on the
140 benchmark scenes.

During training, we sample 2 input views to reconstruct
the aesthetic features of 12 target views in RE10k, and sam-
ple 2 to 6 input views to predict aesthetic features for 24 tar-
get views in DL3DV. We train all models for 50,000 steps
with a batch size of 8. We use AdamW [2] with a learning
rate of 0.0005 and a cosine annealing scheduler.

S2. Aesthetic Prediction at Novel Views

We provide additional qualitative examples of novel-view
aesthetic prediction to further illustrate the two limitations
of the RGB-based baseline approach discussed in the main
paper. As shown in Fig. S1, the aesthetic model is biased by
the rendering artifact, and exhibits high sensitivity to minor
pixel-level variations across nearby views that are nearly
identical. In contrast, our distilled aesthetic field faithfully
follows the teacher’s underlying trend, producing smoother
and more consistent predictions across nearby frames.

S3. Aesthetic Viewpoint Suggestion

We first describe how existing single-view baselines are
adapted to our evaluation setting, followed by additional
qualitative comparisons of the suggested viewpoints.

UNIC [5] predicts crops with varying sizes in an extrap-
olated image plane rather than real camera motions. For
fair comparison, we fix its crop size as input resolution
(256 x 256 in RE10k and 256 x 448 in DL3DV) and map the
crop-center shifts to in-plane camera translations, thereby
obtaining corresponding real viewpoints where we measure
aesthetic qualities. Uchida et al. [3] first outpaint an im-
age, reconstruct 3D point clouds from it, and then optimize
camera poses and image aspect ratios in this outpainted 3D
scene. We therefore also fix their output resolution and
transform their suggestions to equivalent real viewpoints for
evaluation.

As shown in Fig. S2, our method consistently suggests
viewpoints with superior framing and composition than
comparison methods.

Finally, additional 3D visualizations of the viewpoint
sampling results are shown in Fig. S3. The results demon-
strate the variation of aesthetic quality across 3D space, and
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Figure S1. Additional novel view aesthetic prediction results. In
both examples: (a) Aesthetic score predictions over consecutive
frames. The dashed line and box mark the regions visualized in
(b) and (c), respectively. (b) Given the same aesthetic model and
viewpoint, rendering artifacts in the predicted view (e.g., wrong
color prediction as marked in red boxes in fop, noisy predictions
marked in blue boxes in bottom) bias the RGB-scoring approach.
(c) Ground-truth scores fluctuate noticeably across nearly identical
nearby views.

the corresponding renderings confirm strong alignment be-
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Figure S2. Additional results of aesthetic viewpoint suggestion.

tween our model’s evaluations and human perceptual pref-
erences.

S4. Aesthetic Field Gradient Optimization

We present additional results comparing gradient ascent op-
timization using the baseline approach and our method. As
shown in Fig. S4, our method consistently converges toward
more aesthetically pleasing viewpoints, whereas the base-
line approach often fails to make meaningful progress and
can sometimes degenerate.

S5. Ablations

We provide additional ablation experiments of the Stage 1
search configuration, focusing on two parameters: the num-
ber of samples along each input-view segment (S) and the
number of neighbors further drawn around each segment
sample (V). The total number of candidate viewpoints is
approximately proportional to S x N. We measure the aes-
thetic qualities of final suggestions via VEN [4]. As shown
in Tab. S1, our method remains stable across a wide range

| 5=4 S=8 S=16 S5=32
N=4 | 198 200 198 1.98
N=8 | 198 194 203 2.02
N=16 | 201 200 202 2.04
N=32| 202 203 204 2.06

Table S1. Ablation of the sampling configuration of search stage 1
on novel view aesthetic prediction. .S denotes the number of sam-
ples along each segment of the interpolated input-view trajectory,
and N denotes the number of neighboring viewpoints sampled
around each segment-sample. All experiments use 4 input views
on RE10k [6], and the aesthetic quality is measured by VEN [4].

of sampling densities, while generally achieving better per-
formance with more samples. We adopt S = 16 and N = 8
as our default configuration, as this setting offers a good bal-
ance between suggestion quality and total number of sam-
ples being evaluated.
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Figure S3. Additional visualizations of sampled viewpoints colored by aesthetic score, with representative renderings shown alongside.
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Figure S4. Additional gradient ascent results. Zoom in for a closer look.
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