
Complexity-Stratified Evaluation Reveals Shortcut Regimes
in Rotational Novel View Synthesis

Anonymous Authors 1

Abstract
Standard novel-view synthesis benchmarks re-
port aggregate metrics across heterogeneous ob-
ject sets, obscuring systematic performance differ-
ences tied to object appearance complexity. We
introduce a view-change complexity score (the
mean VGG perceptual distance between views
of the same object separated by a fixed angle)
and use it to stratify the 100-object COIL-100
turntable dataset into four quartiles spanning
C ∈ [0.021, 0.629]. Evaluating two training-
free baselines reveals a sharp regime crossover
under VGG-16 distance: on low-complexity ob-
jects (Q1, C̄ = 0.113), copying the source im-
age achieves VGG distance 0.157 while nearest-
neighbour retrieval scores 0.353 (+125% worse);
on high-complexity objects (Q4, C̄ = 0.535),
this reverses, with retrieval outperforming copy-
source by 45%. A conditional DDPM trained for
30,000 steps confirms the stratified picture: the
model consistently underperforms copy-source
on Q1 while outperforming it on Q4, and condi-
tioning on the rotation angle provides no measur-
able benefit at intermediate training checkpoints.
These findings demonstrate that stratified com-
plexity evaluation is essential for exposing and
thus avoiding shortcut regimes in rotational NVS.

1. Introduction
Novel view synthesis (NVS) asks a model to generate an
image of an object or scene from a novel viewpoint, given
one or more reference views. Recent work ranging from
neural radiance fields (Mildenhall et al., 2020) to geometry-
aware GANs (Chan et al., 2022) and diffusion-based ap-
proaches (Watson et al., 2023; Liu et al., 2023) has driven
rapid progress on standard benchmarks. Yet a recurring
concern is that aggregate metrics (LPIPS, PSNR, SSIM av-
eraged across all test objects) can be dominated by “easy”
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instances where the model need only copy the source image
with minor modifications (Geirhos et al., 2020).

The COIL-100 dataset (Nene et al., 1996) provides a canon-
ical testbed for rotational NVS: 100 household objects pho-
tographed at 72 evenly-spaced azimuths under controlled
lighting. Objects in COIL-100 span a wide range of appear-
ance variation with rotation—a featureless sphere changes
almost imperceptibly over 90◦, while a multi-coloured toy
car looks entirely different. Despite this diversity, published
work routinely aggregates performance across all objects,
collapsing this meaningful variation into a single number.

We argue that this aggregation conceals fundamentally dif-
ferent learning regimes. For objects with low view-change
complexity, copying the source view is nearly optimal: the
source and target look nearly identical. For high-complexity
objects, a model must learn genuine rotational structure. A
system that achieves a good aggregate score may be doing
so by exploiting the former shortcut regime while failing
entirely on the latter.

Contributions.

1. We introduce a view-change complexity score C(o;α)
based on mean VGG perceptual distance, and show it
cleanly stratifies COIL-100 objects into four distinct
performance regimes.

2. We document a regime crossover in two training-free
baselines: copy-source wins by 125% over NN re-
trieval on Q1 objects, while NN retrieval wins by 45%
over copy-source on Q4 objects (Table 1).

3. We evaluate a conditional DDPM under stratified met-
rics and find an honest picture: the model improves
over copy-source only on high-complexity objects, and
rotation-angle conditioning provides no measurable
benefit at 15,000 training steps.

4. We release a fully reproducible evaluation codebase
with deterministic pair manifests, object-disjoint splits,
and auditable result CSVs.
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2. Related Work
Novel view synthesis. NeRF (Mildenhall et al., 2020)
introduced differentiable volume rendering for view synthe-
sis; subsequent work has scaled to real-time rendering and
general object categories. Geometry-free methods (Watson
et al., 2023; Liu et al., 2023) use diffusion models or other
generative priors to predict novel views from a single im-
age without explicit 3D reconstruction. EG3D (Chan et al.,
2022) combines GAN training with a tri-plane 3D repre-
sentation. All of these works report aggregate evaluation
metrics; none stratify results by object-level view-change
difficulty. NerfBaselines (Kulhánek & Sattler, 2025) ad-
dresses reproducibility of NVS evaluation but not per-object
complexity stratification.

Shortcut learning and memorization. Geirhos et
al. (Geirhos et al., 2020) systematically document how deep
networks exploit spurious correlations (“shortcuts”) in train-
ing data. Feldman (Feldman, 2020) shows that memorizing
long-tail examples is necessary for good generalisation in
certain regimes. Carlini et al. (Carlini et al., 2023) demon-
strate that diffusion models can memorise and reproduce
training images verbatim. Our work asks a related but dis-
tinct question: does evaluating a generative model on a
heterogeneous dataset inadvertently reward copy-source
shortcut behaviour on easy subsets?

Complexity-aware evaluation. Dataset difficulty strat-
ification has been studied in object recognition (e.g., cal-
ibration across frequency bins) and language modelling
(easy/hard subsets), but has received little attention in NVS.
Prior work on grokking (Power et al., 2022) studies delayed
generalisation on algorithmic tasks; that phenomenon in-
volves a sudden phase transition not observed here. We
see only a persistent Q4>Q1 gap that narrows gradually
throughout training. Stein et al. (2023) show that standard
generative evaluation metrics can produce systematically
misleading rankings; our stratified approach surfaces a re-
lated failure mode specific to NVS.

Concurrent work. Stern et al. (2026) propose task-aware
evaluation for NVS by matching metrics to user-defined
task requirements; our work is complementary, focusing on
object-level complexity stratification in the turntable setting
and demonstrating how aggregate metrics conceal shortcut
regimes.

3. View-Change Complexity
Dataset. COIL-100 (Nene et al., 1996) contains 100 ob-
jects photographed at 72 azimuths at 5◦ spacing on a black
background. We resize all images to 64× 64 pixels (down-
sampled from the original 128 × 128 for computational

tractability). The dataset has a clean turntable structure—
only azimuthal rotation varies—making it ideal for con-
trolled complexity analysis.

Complexity metric. For object o and angular offset α, we
define view-change complexity as

C(o; α) =
1

K

K∑
θ=1

dVGG

(
Io,θ, Io,θ+α

)
, (1)

where dVGG is the cosine distance in the VGG-16 relu3 3
feature space (Simonyan & Zisserman, 2015), Io,θ is the
image of object o at angle θ, and K = 72 views are summed
modulo the full circle. We fix α = 90◦ as our primary
evaluation angle unless otherwise noted.

Lower C indicates that views look similar across the off-
set, so copying the source view is a near-optimal strategy.
Higher C indicates that the appearance changes substan-
tially, demanding genuine geometric reasoning.

Quartile assignment. We compute C(o; 90◦) for all 100
COIL-100 objects and assign them to four equal-size quar-
tiles. Q1 (simplest) has C ≤ 0.193 with mean C̄Q1 =
0.113; Q4 (most complex) has C > 0.483 with mean
C̄Q4 = 0.535. Figure 1 shows representative objects at
four azimuths: Q1 objects (row 1) are nearly rotationally
symmetric, while Q4 objects (row 4) exhibit dramatic ap-
pearance changes across the same 90◦ steps.

4. Experimental Setup
Splits and pairs. We use an object-disjoint split: 40 ob-
jects for training, 20 for evaluation, drawn deterministically
from all four complexity quartiles. This split applies to the
DDPM, which requires training data. The training-free base-
lines (copy-source and NN retrieval) do not depend on a
training set, so their regime crossover (Table 1) is evaluated
on all 100 objects (25 per quartile) to give a cleaner picture
of the full complexity range. Each evaluation sample is a
(source Io,θ, target Io,θ+90◦) pair; we evaluate on all such
pairs for each test object (72 per object, 20 × 72 = 1,440
pairs total for the DDPM).

Evaluation metric. Our primary metric is the VGG co-
sine distance dVGG (lower is better), which corresponds to
perceptual dissimilarity in deep feature space and is more
sensitive to structural differences than pixel-level metrics.

Baselines. Copy-source simply outputs the source im-
age as the prediction. This is a strong baseline for low-
complexity objects where source and target look nearly
identical. NN retrieval finds the nearest training image at
the target angle, using DINOv2-ViT-S/14 (Oquab et al.,
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Figure 1. COIL-100 objects at azimuths 0◦, 90◦, 180◦, 270◦.
Rows correspond to complexity quartiles Q1–Q4 (top to bottom)
with view-change complexity C indicated. Q1 objects are near-
rotationally-symmetric; Q4 objects change dramatically across 90◦

steps.

2023) features to embed source images and retrieve the
closest training example; the retrieved image at the target
θ+90◦ is then returned. This baseline is an oracle-like di-
agnostic: it has direct access to training-set images at the
exact target angle, which a deployed model would not. It
bounds what appearance-based retrieval can achieve rather
than representing a practical NVS system.

Conditional DDPM. Our generative model is a condi-
tional DDPM (Ho et al., 2020; Sohl-Dickstein et al., 2015)
based on a 3-level U-Net with ∼4.4M parameters.

• Input: 6-channel tensor — noisy target image concate-
nated with source image along the channel dimension.

• Angle conditioning: rotation offset encoded as
[sin∆θ, cos∆θ] and injected at every residual block
via adaptive group normalisation (AdaGN) (Nichol &
Dhariwal, 2021).

• Schedule: cosine noise schedule, T = 1,000 diffusion
steps.

• Training: AdamW, lr= 10−4, batch 64, 30,000 gradi-
ent steps, 3 independent random seeds (42, 7, 123).

• Evaluation: DDIM sampling (Song et al., 2021) with
50 steps every 1,000 training steps on 20 test objects.

Angle utilization ablation. To test whether the model
actually uses the angle signal, we train a second model with
the same architecture but with ∆θ labels randomly shuffled
within each batch. We compare both variants at 15,000 steps
on the same test set.

5. Results
5.1. Baseline Regime Crossover

Table 1 and Figure 2 present the central finding of this pa-
per. On low-complexity objects (Q1), copy-source achieves
VGG distance 0.157 while NN retrieval scores 0.353, which
is +125% worse. On high-complexity objects (Q4), this or-
dering completely reverses: copy-source scores 0.520 while
NN retrieval achieves 0.288, a 45% improvement.

The crossover occurs between Q2 and Q3. For Q1 ob-
jects, source and target views are so perceptually similar
(C̄ = 0.113) that the source image is already a near-optimal
prediction; NN retrieval fails because it returns images from
other training objects that do not match the test object’s
appearance. For Q4 objects, the source is a poor predictor
of the target (C̄ = 0.535), and a retrieved training image at
the correct target angle turns out to be a better proxy than
the source view.

Aggregate metrics hide the crossover. Averaged uni-
formly over all four quartiles, copy-source achieves 0.325
and NN retrieval 0.347showing that copy-source wins in
aggregate, masking the fact that NN retrieval is substan-
tially superior on Q4. This is precisely the failure mode
aggregate benchmarking enables: a model that copies the
source on easy objects and fails on hard ones can score well
overall (Stein et al., 2023).

Cross-metric validation. To verify the crossover is not a
VGG-16 artifact, we re-evaluate both baselines using LPIPS-
AlexNet (Zhang et al., 2018), an entirely different percep-
tual backbone. Copy-source: Q1 = 0.071, Q4 = 0.307;
NN retrieval: Q1 = 0.338, Q4 = 0.397. The Q1<Q4
complexity ordering is confirmed by both methods. The
VGG-based crossover (NN wins Q4) does not appear under
LPIPS-AlexNet, where copy-source retains lower percep-
tual error even on Q4. This metric disagreement reflects
the two backbones weighting different signal: VGG relu3 3
captures geometric/viewpoint structure (where NN retrieval
has the correct viewpoint), while LPIPS-AlexNet weights
texture appearance (where copy-source preserves pixel fi-
delity). The Pearson correlation between VGG-16 com-
plexity C(o; 90◦) and LPIPS-AlexNet evaluation distance
is r = 0.906 (p < 10−20), confirming that complexity
stratification itself is not a VGG artifact.
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Table 1. VGG cosine distance (lower ↓) by view-change complex-
ity quartile and aggregate (equal-weight mean) for copy-source
and NN retrieval. ∆θ = 90◦, all 100 COIL-100 objects (25 per
quartile). NN retrieval is an oracle-like diagnostic with direct ac-
cess to training-set images at the exact target angle—not a practical
NVS system. The aggregate column shows that copy-source wins
overall (bold), hiding the Q4 crossover.

View-change quartile

Baseline Q1 Q2 Q3 Q4 Agg.

Copy-source 0.157 0.242 0.381 0.520 0.325
NN retrieval 0.353 0.349 0.397 0.288 0.347

NN vs. copy-source +125% +44% +4% −45% +7%

Complexity metric robustness. To verify that VGG-16
complexity rankings are not circular, we compute C(o; 90◦)
using DINOv2-ViT-S/14 (Oquab et al., 2023) features. The
Spearman rank correlation between VGG and DINOv2
complexity scores across all 100 objects is rs = 0.782
(p < 10−20), and 69.0% of objects receive the same Q1/Q4
assignment under both backbones. This confirms that the
complexity ordering captures a genuine property of object
appearance rather than a VGG-specific feature-space struc-
ture.

Sensitivity to view-change angle α. To test whether
the crossover is specific to ∆θ = 90◦, we repeat the
baseline evaluation at α ∈ {30◦, 45◦, 60◦, 120◦, 180◦}, re-
stratifying objects by C(o;α) at each angle. The crossover
(NN retrieval wins Q4, copy-source wins Q1) holds at 45◦,
60◦, 90◦, and 120◦, but not at the extremes. At 30◦, the
view change is small even for complex objects, so copy-
source remains competitive on Q4 (0.282 vs. 0.312 for NN
retrieval). At 180◦, the half-rotation is maximally ambigu-
ous and copy-source again outperforms NN retrieval on Q4
(0.285 vs. 0.334). The crossover thus operates in the inter-
mediate regime where view changes are large enough to
penalise copy-source yet structured enough for NN retrieval
to exploit object similarity.

5.2. DDPM Training Dynamics

The left panel of Figure 4 shows the training trajectory of
the conditional DDPM over 30,000 steps across three seeds.
Two features are consistent across all seeds:

Persistent Q4>Q1 gap. At convergence, Q1 performance
is 0.359 and Q4 is 0.434 for seed 42, a gap of 0.074. Aver-
aging across all three seeds, the gap is 0.092± 0.033 (mean
± s.d.), confirming that the model consistently finds Q4
objects harder.

Shortcut underexploitation on Q1. Despite Q1 objects
being near-rotationally symmetric, the DDPM achieves only
0.359 on Q1 at convergence, far worse than the copy-source
baseline (0.157). The model is not exploiting the obvious

Figure 2. VGG cosine distance (lower ↓) for copy-source and NN
retrieval across complexity quartiles (∆θ = 90◦). Copy-source
dominates on low-complexity objects (Q1–Q2); NN retrieval is
superior on high-complexity objects (Q3–Q4). Evaluating only
aggregate averages would conceal this crossover.

copy-source shortcut, despite that shortcut being optimal for
these objects. This gap arises from the generative process
itself: the DDPM generates images by iteratively denois-
ing from Gaussian noise guided by learned training-object
statistics, and even for Q1 objects where the target view
is nearly identical to the source, the model produces out-
puts that reflect its training distribution rather than passing
through the source image. Copy-source trivially achieves
near-zero error by design. On Q4, the DDPM (0.434) does
outperform copy-source (0.520), showing the model has
learned some rotational structure for harder objects.

5.3. Angle Utilization Ablation

The right panel of Figure 4 shows VGG distances at 15,000
steps for the correctly-conditioned model and the shuffled-
label ablation. On Q1, correct conditioning achieves 0.385
versus 0.371 with shuffled labels. On Q4, correct condi-
tioning achieves 0.496 versus 0.444 with shuffled labels.
In both quartiles, shuffled conditioning is not measurably
worse and, indeed, is marginally better in absolute terms.

This is an honest negative result: at 15,000 training steps,
the conditional DDPM does not meaningfully exploit the
rotation-angle signal. The model appears to generate plausi-
ble outputs primarily through learned visual patterns from
training objects, rather than explicit geometric condition-
ing. This is consistent with the shortcut-regime picture: on
low-complexity objects, generating something that looks
like the source is sufficient; on high-complexity objects,
more training or a stronger inductive bias would be needed
to leverage the geometric signal. We replicate this find-
ing with two additional random seeds. Seed 7: normal
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Figure 3. Qualitative synthesis (∆θ = 90◦, N = 40, 30,000 steps). Each row shows source | DDPM output (blue border) | target for one
test object. Q1 objects (rows 1–2, C ≤ 0.193): source and target are nearly identical, yet the DDPM generates a noticeably different
image, confirming that the model does not exploit the copy-source shortcut even when it is optimal. Q4 objects (rows 3–4, C > 0.483):
source and target differ substantially; the DDPM output partially captures the new viewpoint but lacks fine detail, consistent with the
persistent Q4>Q1 gap.

Q1/Q4 = 0.411/0.429, shuffled = 0.342/0.435; seed 7
shuffled wins Q1 by a margin of 0.069, consistent with the
main seed. Seed 123: normal Q1/Q4 = 0.405/0.464, shuf-
fled = 0.444/0.497; here normal conditioning performs
better on both quartiles (margins of 0.039 and 0.033). The
results are mixed: two of three seeds show shuffled winning
Q1, while seed 123 reverses this, and no seed shows a large,
consistent advantage for correct angle conditioning on ei-
ther quartile. The overall pattern suggests the model has not
learned to robustly exploit the angle signal at 15,000 steps,
though the evidence is not uniformly null across seeds.

5.4. Effect of Training Scale

Figure 5 shows how performance changes as the number of
training objects N grows from 10 to 80. Both quartiles im-
prove with more training data, but the improvement is larger
for Q1 than for Q4. Q1 improves from 0.433 at N = 10

to 0.361 at N = 80 (improvement of 0.072); Q4 improves
from 0.495 to 0.467 (improvement of 0.028). The Q4 per-
formance gap relative to Q1 narrows only modestly with
more data, suggesting that the difficulty of high-complexity
objects is not primarily a data-quantity limitation.

6. Discussion
What the crossover tells us. The regime crossover in
Table 1 arises from a fundamental property of turntable
datasets: view-change complexity is object-specific and
spans orders of magnitude. When a benchmark reports an
aggregate metric, a single number is averaging over qual-
itatively different tasks. A model that performs well in
aggregate may be scoring low (better) on Q1 via trivial
copy-source behaviour while performing poorly on Q4 ob-
jects that actually require geometric synthesis.
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Figure 4. Left: DDPM training dynamics for Q1 and Q4 test objects over 30,000 steps, across 3 seeds (colours). Solid lines: Q1; dashed
lines: Q4. The Q4>Q1 gap (0.092± 0.033) is consistent across all seeds. Right: Angle utilization ablation at 15,000 steps. Shuffled ∆θ
labels (orange) perform indistinguishably from correct labels (blue), indicating the model has not yet learned to use the rotation-angle
signal at this training stage.

Figure 5. Effect of training scale (N objects) on VGG cosine
distance for Q1 and Q4 test objects (3 seeds, mean ± 1 s.d.). Both
quartiles improve with more data, but Q4 consistently remains
harder and benefits less from additional training objects.

Implications for the DDPM findings. The DDPM re-
sults illustrate this tension concretely. The model fails to
replicate the copy-source shortcut on Q1 (DDPM 0.359
vs. copy-source 0.157), but succeeds in generating useful
predictions for Q4 (DDPM 0.434 vs. copy-source 0.520).
Rather than interpreting the persistent Q4>Q1 gap as a train-
ing failure, we view it as evidence that the model has learned

something real for high-complexity objects but has not con-
verged to the trivial solution for easy ones. Whether this is
a feature (robustness to easy shortcuts) or a bug (suboptimal
convergence) depends on the downstream application.

The angle signal. The null result in Section 5.3 is worth
taking seriously. The rotation angle ∆θ is encoded via
AdaGN at every residual block. Yet at 15,000 steps, this
signal provides no measurable benefit. One interpretation is
that perceptual feature matching (visual similarity to train-
ing objects) dominates the geometric signal at this training
scale and step count; another is that 40 training objects is
insufficient for the model to associate angle with appearance
change. Resolving this would require either substantially
more training steps or a larger training set.

Limitations. This study focuses on COIL-100’s clean
turntable setting; other datasets with lighting variation, back-
ground clutter, or non-planar trajectories may show different
regime structures. The DDPM is relatively small (∼4.4M
parameters) and trained with limited data (40 objects); larger
models may close the Q4>Q1 gap. Both our complexity
metric C(o;α) and our evaluation metric use VGG-16 co-
sine distance, introducing a degree of circularity: by con-
struction, objects with high C will incur higher evaluation
distances. Relative comparisons between methods at the
same complexity level remain valid, but the observed cor-
relation between complexity and task difficulty is partly
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tautological rather than purely empirical.

Recommendations. Based on our findings, we recom-
mend that future NVS evaluations: (1) report stratified met-
rics by per-object view-change complexity; (2) include copy-
source and NN retrieval as baseline comparisons stratified by
complexity; and (3) explicitly test whether angle/viewpoint
conditioning is being exploited via shuffled-label ablations.

7. Conclusion
We have introduced view-change complexity as a princi-
pled stratification criterion for rotational NVS evaluation
and demonstrated that COIL-100 objects span qualitatively
different learning regimes. The central empirical finding is
a baseline regime crossover: copy-source outperforms NN
retrieval by +125% on low-complexity objects while NN re-
trieval outperforms copy-source by 45% on high-complexity
objects. A conditional DDPM confirms this picture by per-
forming worse than copy-source on easy objects and better
on hard ones, while providing a clear negative result on
angle utilization. Together, these results make a concrete
case for stratified evaluation as a diagnostic requirement in
generative NVS research.

Code Availability
Code for training, evaluation, and reproducing the main ex-
periments will be released upon acceptance. An anonymized
archive can be provided as supplementary material where
permitted.
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