
Appreciate the View: A Task-Aware Evaluation Framework for Novel View
Synthesis

Saar Stern1 Ido Sobol1 Or Litany1,2

1 Technion 2 NVIDIA

PSNR SSIM LPIPS CLIP-S 𝐷௉ோூௌெ

OpenLRM Zero123Source

Source SyncDreamer TRELLIS

OpenLRM SEVASource

Source Zero123 Zero123-XL

Zero123-XLSource TRELLIS SyncDreamerZero123-XLSource

Figure 1. Standard metrics (PSNR, SSIM, LPIPS, CLIP-S) often mis-rank incorrect generations in novel view synthesis. Our metric,
DPRISM, penalizes these incorrect outputs, aligning more closely with human judgments. Each pair shows outputs from different NVS
models under the same input, with the output favored by each metric indicated.

Abstract

The goal of Novel View Synthesis (NVS) is to generate
realistic images of a given content from unseen viewpoints.
But how can we trust that a generated image truly reflects
the intended transformation? Evaluating its reliability re-
mains a major challenge. While recent generative models,
particularly diffusion-based approaches, have significantly
improved NVS quality, existing evaluation metrics struggle
to assess whether a generated image is both realistic and
faithful to the source view and intended viewpoint trans-
formation. Standard metrics, such as pixel-wise similar-
ity and distribution-based measures, often mis-rank incor-
rect results as they fail to capture the nuanced relationship
between the source image, viewpoint change, and gener-
ated output. We propose a task-aware evaluation frame-
work that leverages features from a strong NVS foundation
model, Zero123, combined with a lightweight tuning step to

enhance discrimination. Using these features, we introduce
two complementary evaluation metrics: a reference-based
score, DPRISM, and a reference-free score, MMDPRISM. Both
reliably identify incorrect generations and rank models in
agreement with human preference studies, addressing a fun-
damental gap in NVS evaluation. Our framework provides
a principled and practical approach to assessing synthe-
sis quality, paving the way for more reliable progress in
novel view synthesis. To further support this goal, we apply
our reference-free metric to six NVS methods across three
benchmarks: Toys4K, Google Scanned Objects (GSO), and
OmniObject3D, where MMDPRISM produces a clear and
stable ranking, with lower scores consistently indicating
stronger models. See our project page.

https://saarst.github.io/appreciate-the-view-website/


1. Introduction
Novel View Synthesis (NVS) is a fundamental problem in
computer vision, requiring the generation of high-quality
images from unseen viewpoints while maintaining struc-
tural, visual, and semantic consistency with the source view.
This capability is essential for applications such as virtual
and augmented reality (AR) [1], as well as robotics [22],
where reconstructing objects and scenes from sparse ob-
servations is critical. Recent advances in generative mod-
els, particularly diffusion-based approaches [12, 33], have
significantly improved NVS, enabling realistic image syn-
thesis from limited inputs and accommodating large view-
point shifts [19, 38]. However, these models remain imper-
fect, often struggling with geometric consistency and ap-
pearance preservation even under mild viewpoint changes.
Several strategies have been proposed to improve view syn-
thesis capabilities including using more training data [5],
training multi-view models [47], incorporate strong 3D pri-
ors [41] and training-free approaches that enhance genera-
tion at inference time [32]. However, progress is hindered
by the lack of robust evaluation — without reliable met-
rics, improvements remain ambiguous. Existing metrics fail
to capture the relationship between the source image, the
intended viewpoint transformation, and the generated out-
put. Reference-based metrics such as PSNR, SSIM [37],
and LPIPS [46] require a “true” target image and incor-
rectly penalize plausible variations that deviate from it.
Reference-free metrics like FID [11] evaluate the gener-
ated view in isolation, ignoring consistency with the source
view. Consistency-based metrics, such as Met3r [2], rely on
correspondences between overlapping regions of the source
and target, which makes them unreliable for large viewpoint
changes where overlap is minimal or absent.

To address this gap, we advocate for the use of deep fea-
tures, which have become standard in evaluating image gen-
eration and reconstruction quality [11, 14]. Specifically, we
seek features that encode the source–target–viewpoint rela-
tionship, ensuring sensitivity to degradations in consistency
and quality. We hypothesize such features already exist
in strong NVS backbones, and leverage Zero123-XL [19].
Notably, diffusion model features have recently been shown
to possess strong discriminative power [36, 42, 44], making
them a promising basis for evaluating NVS quality.

To validate whether these features capture the desired
relationships, we construct a new dataset, VIEWMATCH,
consisting of source images paired with positive and neg-
ative target views. Positive samples preserve visible regions
from the source and plausibly inpainted occluded parts,
while negative samples contain alterations to visible regions
that break consistency. This benchmark enables quantita-
tive assessment of whether features separate valid from in-
valid generations — a key requirement for reliable evalu-
ation. Our results show that, unlike conventional features

[26, 29] that lack viewpoint awareness, ours separate plausi-
ble from implausible views; lightweight tuning on the train
split of VIEWMATCH further improves discrimination. This
requires minimal training data yet improves discrimination
between correct and incorrect samples.

Using the refined features, we form two task aware
evaluation metrics: DPRISM and MMDPRISM which are
reference-based and reference-free, respectively.

To assess the quality of our refined features, we con-
ducted a human study in which participants compared NVS
results across multiple models. Our reference-based met-
ric produces rankings of NVS models that align well with
human preferences. Our main contributions are:
• Leveraging features from an NVS foundation model to

assess adherence to both the source image and the relative
viewpoint transformation, providing an evaluation signal
suitable for a generative task.

• Constructing a benchmark of carefully generated posi-
tive and negative pairs to (a) systematically tests whether
candidate evaluation methods can distinguish between
plausible and implausible novel views; (b) fascilitate a
lightweight finetuning that enhances the discriminative
power of our extracted features.

• Demonstrating the effectiveness of our proposed met-
ric in ranking NVS models, aligning closely with human
preferences.

By addressing a fundamental gap in NVS evaluation, our
approach provides a robust metric for assessing synthe-
sis quality, paving the way for more reliable advance-
ments in the field. To further support this goal, we apply
our reference-free metric to six NVS methods across three
benchmarks: Toys4K, Google Scanned Objects (GSO), and
OmniObject3D, where MMDPRISM produces a clear and
stable ranking, with lower scores consistently indicating
stronger models.

2. Related Work

2.1. Generative Novel View Synthesis

Recent advances in generative modeling [12, 30] have en-
abled impressive progress in novel view synthesis (NVS),
where the goal is to render unseen views from sparse
observations. Methods can be grouped into two cate-
gories. Image-based approaches synthesize views directly
in pixel (or latent) space, from single-image models such
as Zero123 [19] to multi-view extensions [20, 47]. In
contrast, 3D-based methods leverage geometry representa-
tions—radiance fields [25], meshes, Gaussian splats [16,
27], or latent geometry spaces [41, 45]. Other work opti-
mizes 3D representations under 2D supervision via score
distillation sampling (SDS) [24, 28]. Despite differences
in representation and training, all aim to generate plausible
novel views, and thus fall within the scope of our evaluation



Figure 2. Method Overview. (Left) Feature extraction: given source, target, and camera transformation, we noise the target image
and extract features from a diffusion-based NVS model. These are pooled and tuned into fPRISM. (Right) Evaluation framework: Full-
Reference: measure distance between fPRISM of a predicted triplet and its ground-truth counterpart. No-Reference: compute MMD
between fPRISM from generated triplets and an anchor set of real triplets.

framework.

2.2. Evaluating Generative Image Models

Evaluating NVS remains challenging because multiple out-
puts can be correct.
Full-reference metrics such as PSNR, SSIM [37], LPIPS
[46] and CLIP-S [10] compare against ground-truth targets,
but penalize valid variations. Masked or silhouette-based
extensions reduce bias [16, 32], yet remain limited. Multi-
view consistency methods [4, 39] require multiple target
views, making them impractical for single-view evaluation.
No-reference metrics avoid the need for ground truth,
typically comparing feature distributions (IS, FID, KID,
CMMD [3, 11, 14, 31]). However, they ignore the con-
ditioning source and viewpoint transformation, rewarding
realism over correctness. JFID and JFDD [8] incorporate
source–target pairs but does not explicitly account for view-
point change. Geometry-aware approaches such as 3DiM
[38], TSED [43], and Met3r [2] enforce multi-view consis-
tency but either require many views or overlook the plausi-
bility of hallucinated regions. Overall, existing metrics fail
to provide reliable single-source-to-single-target evaluation.

2.3. Diffusion Features for Discriminative Tasks

Diffusion features capture rich structural and semantic cues
and have proven useful for tasks such as correspondence,
segmentation, and shape matching [36, 42]. Recent work
shows that pooled diffusion features support 3D reasoning

and lightweight adaptation [21, 44]. Applied to NVS, these
features naturally encode the interplay between source, tar-
get, and viewpoint, making them a promising foundation
for evaluation.

3. Novel View Synthesis Diffusion Features
In this section, we introduce PRISM (Pose-aware Rep-
resentation for Image Synthesis Monitoring)—a compact,
triplet-aware embedding for evaluating single-source to
single-target novel view synthesis (NVS). Given a source
image Isrc, a target image Itgt, and a known relative transfor-
mation π, NVS aims to generate Itgt consistent with both Isrc
and π. Since the task is ill-posed, evaluation must account
for both geometric alignment and the plausibility of syn-
thesized, unobserved regions. PRISM encodes this triplet
into a fixed-length feature fPRISM(Isrc, Itgt, π) that enables
robust, discriminative assessment.

Recent work has shown that diffusion models contain
rich geometric signals, often accessed by extracting inter-
mediate features and training task-specific classifiers [44].
We extend this idea to the novel view synthesis setting and
instead learn a compact embedding via contrastive training,
enabling representation-level reasoning over source, pose,
and target image triplets.

An overview of the PRISM feature extraction pipeline is
shown on the left side of Fig. 2. At a high level, PRISM uses
a conditional NVS diffusion model to extract multi-scale
features from an NVS triplet and projects them into a low-



Figure 3. Overview of our VIEWMATCH creation process of positive and negative target examples. (Top Left) Given a 3D mesh and source
and target viewpoints, we extract visibility and invisibility masks of the target view from the source, based on the visible faces of the target
from the source. (Bottom Left) Given a 3D mesh and source and target viewpoints, we extract an epipolar invisibility mask, representing
the unseen regions from the target view, beyond the object. (Right) We augment the visibility and invisibility masks with parts of the
epipolar masks, to enable shape changes, and pass the true target and the created masks to an inpainting model.

dimension l2-normalized embedding space. This projection
is trained using a curated dataset of positive and negative
triplets (see Sec. 3.2), where positive triplets correspond to
plausible synthesized views, and negatives to implausible
ones – generated under the same input conditions but con-
taining geometric or appearance distortions. This enables
the embedding to capture fine-grained differences in task
adherence and forms the basis for our evaluation pipeline.
Once extracted, PRISM can be applied in two evaluation
modes as illustrated on the right side of Fig. 2:
Reference-Based Evaluation. Given a predicted triplet
(Isrc, Ĩtgt, π) and a corresponding ground-truth triplet
(Isrc, Itgt, π), we compute the distance between their PRISM
embeddings, normalized to [0, 1]:

DPRISM =
1

2

∥∥∥fPRISM(Isrc, Ĩtgt, π)− fPRISM(Isrc, Itgt, π)
∥∥∥
(1)

where lower values indicate stronger alignment with the ref-
erence.
Reference-Free Evaluation. We compare sets of PRISM
embeddings from generated triplets Fgen and an anchor set
Fanch, using maximum mean discrepancy (MMD):

MMDPRISM = MMD(Fgen,Fanch) (2)

Lower values indicate stronger alignment. MMD estimates
a distance between the underlying distributions, We choose

it over Frechet distance (FD) due to its efficient GPU imple-
mentation, following CMMD [14]; full details are provided
in the Appendix Sec. 13.

The next two subsections describe the construction of
PRISM in detail. In Sec. 3.1, we explain how intermediate
triplet-aware features are extracted from a conditional diffu-
sion model. In Sec. 3.3, we outline the contrastive training
procedure used to project these features into the final em-
bedding space.

3.1. Diffusion Features Extraction

We extract features from a conditional diffusion model
trained for novel view synthesis. While our framework is
generally applicable, we focus here on Zero123 [19] as the
backbone, as it is a well-established method for object-level
NVS trained on a large-scale dataset. The target image Itgt
is encoded into a latent representation z0, and Gaussian
noise ϵ ∼ N (0, I) is added at one timestep t ∈ [0, T ] to
obtain:

zt =
√
ᾱtz0 +

√
1− ᾱt ϵ. (3)

We perform a single denoising step with U-Net fθ, con-
ditioned on the source image Isrc and relative pose π,
and extract activations from each model block b ∈ [1, B]
(details about Zero123 U-Net architecture are in the Ap-
pendix Sec. 9.1):

Fb = fθb(zt, t; Isrc, π) ∈ RHb×Wb×Cb , (4)



Each activation map Fb is then normalized and spatial
pooled :

vb =
1

HbWb

∑
i,j

Fb[i, j, :]

∥Fb[i, j, :]∥
, (5)

and concatenated across blocks into a global vector:

v = Concat(vt,1, . . . , vB) ∈ RC , C =

B∑
b=1

Cb (6)

3.2. The VIEWMATCH Benchmark

Although diffusion features encode rich geometry-aware
signals, they are not optimized to separate correct from in-
correct generations. To learn such discriminative represen-
tations, we require supervision from contrastive pairs.

We therefore construct VIEWMATCH, which provides
aligned positive and negative triplets for training. Positives
preserve consistency with the source and camera motion,
while negatives introduce deliberate violations in content,
geometry, or appearance.

We select 40 objects from the GSO dataset [7], each ren-
dered from multiple viewpoints. For every source–target
pair, we create positive and negative examples by inpainting
the target view using visibility-based masks. The resulting
triplets are split into train and test sets for contrastive tuning
and evaluation. See Appendix for full details.
Visibility and Invisibility Masks. These are masks ren-
dered from the target view, indicating which parts of the
object surface are visible from the source view. Specifi-
cally, the visibility mask shows which parts in the target
view correspond to visible regions from the source view,
as these regions should remain unchanged when generat-
ing a target view. The invisibility mask shows which parts
in the target view correspond to occluded or invisible re-
gions from the source view, as these regions can differ from
the specific GT target view while still being geometrically
and semantically consistent with the source view and cam-
era transformation. We generate these masks by analyzing
per-viewpoint visibility and applying post-processing to re-
fine object boundaries. Further implementation details are
provided in the Appendix.
Epipolar Mask. Inspired by iNVS [15], this mask is ren-
dered from the target view and highlights regions that lie
in 3D volumes invisible from the source view. We cast rays
from the source camera onto the visible object surface; each
continues into occluded space beyond the first intersection.
Segments that pass through the object are discarded, and
remaining occluded rays are projected onto the target view.
These epipolar masks are used to augment visibility-based
masks, enabling more diverse inpainting regions beyond the
object silhouette. To avoid unrealistic edits, we constrain
these masks to a neighborhood around the object. As these

regions are unobserved in the source, any inpainting within
them remains geometrically valid.
Generating Positive and Negative Examples. We gen-
erate positives by inpainting the invisibility and epipo-
lar masks using FLUX [17], preserving geometric valid-
ity. Negatives are created by inpainting visibility and
epipolar masks, corrupting regions that should remain un-
changed. In both cases, the inpainting is text-guided using
BLIP [18] prompts from the source image, ensuring seman-
tic consistency and making the distinction more challeng-
ing. The use of epipolar masks extends edits beyond the
ground-truth object area, increasing diversity and difficulty.
See Fig. 3, Fig. 4, and the appendix for examples.

With these positive and negative triplets available, we
can now perform contrastive training, using VIEWMATCH
to fine-tune the projection head that maps raw diffusion fea-
tures into the final PRISM embedding.

3.3. Contrastive Fine-Tuning

The raw diffusion features v (Eq. (6)) encode multi-scale
cues from a source–pose–target triplet, but they are not ex-
plicitly optimized to distinguish plausible from implausible
generations. To specialize them for evaluation, we train a
lightweight two-layer MLP with ReLU activation using su-
pervision from VIEWMATCH (Sec. 3.2). The MLP projects
v into a compact, ℓ2-normalized embedding:

fPRISM =
h(v)

∥h(v)∥
. (7)

The compact size of fPRISM is important: it allows efficient
distributional comparison via MMD, while reducing storage
overhead when saving anchor sets.
Training follows a triplet contrastive strategy. For each GT
triplet (Isrc, Itgt, π) in the train split of VIEWMATCH, we
form contrastive examples by pairing the anchor (GT) with:
• Positive: a plausible synthesized target consistent with

the source and pose.
• Negative: either (i) an implausible target from VIEW-

MATCH, or (ii) a target view rendered at the wrong pose
(”misaligned-angle”).

The embedding is optimized with a margin-based triplet
loss:

L(a, p, n) = max
(
d(a, p)− d(a, n) +m, 0

)
, (8)

where d(s, s′) = ∥s − s′∥2 and m is a margin hyper-
parameter (further details are provided in the experimen-
tal setup). This encourages GT-aligned embeddings to be
close to positives and far from both VIEWMATCH and
misaligned-angle negatives.

4. Experiments
We evaluate DPRISM and MMDPRISM across a series of
controlled analyses and cross-dataset comparisons. The



Figure 4. Examples from VIEWMATCH. Each group shows a source view, its ground-truth target, and three generated samples. Positives
preserve consistency; negatives violate it through targeted inpainting as described in Sec. 3.2.

datasets we rely on are:

• VIEWMATCH. Our benchmark of positive and inpainted
negative triplets, used to test discriminability, assess full-
reference metrics, and validate no-reference evaluation.

• Misaligned-GSO. A controlled set where ground-truth
targets are rendered at incorrect azimuths, isolating view-
point sensitivity.

• GSO [7]. Used for ranking (200/200 anchor/test split),
for the user study with five diverse NVS models, and for
degradation experiments.

• Toys4K [34] and OmniObject3D [40] Large-scale ob-
ject datasets; we sample 40 and 20 categories respectively
to benchmark rankings across domains.

Training Details. We optimize the projection head with
AdamW (learning rate 1× 10−4, batch size 32) for 100
epochs, using a margin of m = 1 in the triplet loss. The
embedding dimension is set to 2048, which is roughly one
quarter of the raw diffusion feature size, providing a bal-
ance between discriminability and compactness for efficient
MMD computation and anchor storage. Unless stated oth-
erwise, all reported results use features extracted at t = 0.

Evaluation Roadmap. The subsections that follow build
on these datasets in sequence: (Sec. 4.1–Sec. 4.3) estab-
lish discriminability and no-reference validation on VIEW-
MATCH, (Sec. 4.4) reports alignment with human judg-
ments from the GSO-based study with five NVS models,
(Sec. 4.5) ranks NVS models across GSO, Toys4K, and
OmniObject3D, and (Sec. 4.6) analyzes robustness to pose
misalignment and image degradation.

4.1. Discriminability of NVS Diffusion Features

We first test whether raw diffusion features can distinguish
valid from invalid targets in VIEWMATCH. Baselines use
CLIP and DINOv2 embeddings of source and target im-
ages concatenated with the relative angle (CAT-Angle).
As shown in Tab. 1 (right), diffusion features achieve
0.90 AUC, clearly outperforming CLIP (0.73) and DINOv2

Table 1. Comparison of standard metrics and linear classifiers on
VIEWMATCH. Left: average scores for pointwise evaluation met-
rics on positive (P) and negative (N) samples. Right: AUC scores
for linear classifiers trained to distinguish positive from negative
triplets.

Pointwise Evaluation Metrics Linear Classifier AUC ↑

Metric P N Feature AUC

PSNR (dB) ↑ 18.18 18.69 CLIP-CAT-Angle 0.73
SSIM ↑ 0.852 0.835 DINO-CAT-Angle 0.68
LPIPS ↓ 0.163 0.178 Diffusion (t = 0) 0.90
CLIP-S ↑ 0.89 0.96 Diffusion (t = 100) 0.87
DPRISM ↓ 0.299 0.703 Diffusion (t = 200) 0.86

(0.68). Results are stable across diffusion timesteps (t =
0, 100, 200), with full results in the Appendix. For effi-
ciency, we use t = 0 features in the remainder of the pa-
per. This demonstrates that even without tuning, diffusion
features encode viewpoint-sensitive discriminative signals
absent from standard image features.

4.2. Limitations of Standard Full-Reference Met-
rics

A natural question is whether standard full-reference (FR)
metrics can identify invalid targets. We therefore bench-
mark PSNR, SSIM, LPIPS, and CLIP-S on positive versus
inpainted negative triplets. As shown in Tab. 1 (left), these
metrics not only fail to distinguish the two, but in some
cases even assign higher scores to negatives. This is be-
cause both positive and negative samples remain perceptu-
ally close to the ground-truth target, so pixel- or feature-
based similarity scores provide little separation. These find-
ings illustrate that conventional FR metrics are poorly suited
to NVS, where validity depends on viewpoint and structural
consistency rather than low-level similarity.

4.3. Reference-Free Distributional Evaluation

We next ask whether MMDPRISM can serve as a no-
reference (NR) evaluation metric, distinguishing valid from



Table 2. No-reference validation on VIEWMATCH. Lower is bet-
ter.

Method P N

FID 102.360 107.240
CMMD 0.814 0.792
FDD 0.701 0.725

JFID 259.120 265.180
JCMMD 1.041 1.024
JFDD 1.631 1.659

MMDPRISM 0.691 0.984

invalid generations without ground-truth targets. To test
this, we compare distributions of PRISM features from pos-
itive versus negative triplets in VIEWMATCH against an an-
chor distribution built from 400 held-out objects.

As shown in Tab. 2, positives achieve substantially lower
MMDPRISM scores (0.69) than negatives (0.98), indicating
reliable separation at the distributional level. In contrast,
standard NR metrics such as FID, CMMD, and JFID yield
nearly identical scores for positives and negatives. Because
these baselines operate purely on image appearance, they
ignore the viewpoint-conditioned structure of NVS and thus
fail to penalize implausible generations. This highlights that
MMDPRISM provides a practical reference-free evaluation
signal sensitive to both plausibility and geometric consis-
tency.

4.4. Alignment with Human Judgments

Human perception is the gold standard for assessing highly
generative outputs. We therefore test whether DPRISM aligns
with human preferences. Each task presents a source image,
a relative camera motion, and two candidate target views to
be judged along four aspects: Viewpoint Accuracy, Shared
Region Consistency, Plausibility of New Regions, and Im-
age Quality. A blurred hint of the ground-truth target aids
viewpoint assessment while concealing fine detail.

We conducted the study on 40 held-out objects from
the GSO dataset, distinct from those used in the cre-
ation of VIEWMATCH. For each object we rendered
two large azimuth shifts (> 90◦), yielding 320 possi-
ble pairwise comparisons across five diverse NVS mod-
els—OpenLRM, Zero123, Zero123-XL, TRELLIS, and
SEVA—covering regression-based, multi-view, and 3D
generation approaches. Forty participants each completed
15 comparison tasks, producing just over 500 pairwise judg-
ments; with four questions per task, this corresponds to
roughly 2,000 aspect-level human judgments. Full details
on interface, instructions, and blur generation are provided
in Appendix Sec. 12.

Tab. 3 reports Pearson correlation between metric pre-
dictions and human majority votes. Standard full-reference

Table 3. Pearson correlation between metric predictions and hu-
man judgments. Columns denote: VP = Viewpoint Accuracy, SC
= Shared Consistency, PL = Plausibility of New Regions, IQ = Im-
age Quality. Higher is better.

Metric VP SC PL IQ

PSNR 0.071 0.007 -0.187 -0.323
SSIM 0.279 0.270 0.114 -0.117
LPIPS 0.071 0.056 -0.035 -0.251
MEt3R -0.028 -0.016 0.179 0.080
CLIP-S w/ GT -0.330 0.107 -0.084 0.019
CLIP-S w/ src -0.012 -0.048 -0.034 -0.008
DPRISM (Ours) 0.223 0.352 0.205 0.394

metrics (PSNR, SSIM, LPIPS) achieve weak or even nega-
tive correlation, while MEt3R and CLIP-S also fail to cap-
ture human choices. In contrast, DPRISM ranks first in 3 of
the 4 aspects and second in the remaining one. Although
absolute correlation values remain modest—reflecting the
inherent difficulty of evaluating generative tasks—this still
represents a clear advance, underscoring the suitability of
DPRISM as a perceptual evaluation metric for NVS.

4.5. Reference-Free Ranking of NVS Models

We use MMDPRISM to provide a reference-free leader-
board for single-view NVS models. Our evaluation cov-
ers six methods: Zero123, Zero123-XL, SEVA, OpenLRM,
TRELLIS, and SyncDreamer [20]. Rankings are com-
puted on GSO, Toys4K, and OmniObject3D, using the an-
chor–test splits described in Section 4. For each model we
compute MMDPRISM between its generated triplets and the
dataset-specific anchor distribution, and report distribution-
based baselines (FID, CMMD, FDD, and their joint variants
JFID, JCMMD, JFDD, more details in Appendix Sec. 13).

Tab. 4 reports results on Toys4K, where MMDPRISM pro-
duces a clear and consistent ranking, with lower scores cor-
responding to stronger models. In contrast, the distribution-
based baselines often yield compressed score ranges that
make it difficult to distinguish performance levels. Impor-
tantly, this trend is not unique to Toys4K: additional exper-
iments on GSO and OmniObject3D (Tabs. 9 and 10), with
summary results shown in Tab. 5, confirm that MMDPRISM
provides stable rankings across datasets of varying diffi-
culty, suggesting its practicality as a general, reference-free
tool for comparing NVS models.

Discussion. Qualitative inspection (Fig. 1) further sup-
ports the reported rankings (e.g. Tab. 4) through highlight-
ing systematic differences across models. OpenLRM un-
derperforms relative to generative methods, consistent with
its feed-forward design, which limits its ability to capture
diverse object appearances. TRELLIS, though producing



Table 4. Toys4K benchmark. Comparison of reference-free met-
rics for ranking NVS models. Lower is better.

Metric OpenLRM Z123 Z123-XL TRELLIS SEVA SyncDreamer

FID 168.5738 163.3072 161.2755 164.3074 156.2047 160.4168
CMMD 118.6056 85.6184 86.1490 34.7009 37.7579 102.9813
FDD 0.7483 0.7389 0.7249 0.6690 0.7030 0.7273

JFID 379.3934 371.8979 369.4718 373.8946 364.4985 371.3178
JCMMD 1.0403 0.7972 0.8036 0.3383 0.3680 0.9351
JFDD 1.5605 1.5380 1.5188 1.4673 1.5002 1.5350

MMDPRISM (Ours) 0.8017 0.3930 0.3067 0.4304 0.1978 0.2216

Table 5. MMDPRISM results across Toys4K, GSO, and OmniOb-
ject3D. For GSO and OmniObject3D, results of alternative met-
rics are deferred to the appendix.

Dataset OpenLRM Z123 Z123-XL TRELLIS SEVA SyncDreamer

Toys4K 0.8017 0.3930 0.3067 0.4304 0.1978 0.2216
GSO 0.8415 0.3552 0.2997 0.2858 0.1231 0.1392
OmniObject3D 1.3752 0.6376 0.5206 0.5696 0.2896 0.2030

visually compelling outputs, is an image-to-3D model re-
purposed for NVS via source-view angle alignment; small
angle mismatches introduced in this process reduce its score
under PRISM, which is sensitive to pose inconsistency. Im-
portantly, although PRISM is built on Zero123-XL fea-
tures, it does not bias toward that model: methods such as
SEVA and SyncDreamer consistently achieve higher scores
across all three benchmarks. Taken together, these findings
demonstrate that PRISM provides a robust and reliable eval-
uation tool.

4.6. Additional Analysis

Sensitivity to Pose Misalignment. We evaluate pose sen-
sitivity on a controlled set of ground-truth renderings, where
target views are intentionally misaligned by varying az-
imuth offsets relative to the source. Both DPRISM and
MMDPRISM follow an M-shaped trend, rising with larger
offsets, peaking near 180°, dipping at symmetries, and re-
covering toward 360°, mirroring PSNR, SSIM, and LPIPS
(Appendix Fig. 12) and confirming that our features cap-
ture viewpoint structure. In contrast, no-reference base-
lines (e.g., FID, JFID) remain flat (Fig. 6), as they ignore
source conditioning and thus score even misaligned ground-
truth views as plausible. This underscores the need for
viewpoint-aware evaluation.

Sensitivity to Image Degradation. We also test respon-
siveness to low-level corruptions. Following [6], we apply
Gaussian noise, Gaussian blur, color shifts, and salt-and-
pepper noise at increasing intensities (parameters in Ap-
pendix Sec. 11.1). Results for Gaussian blur are shown
in Fig. 5, while the other corruptions appear in Fig. 9–11.
Across all cases, DPRISM degrades consistently, with scores
increasing steadily as distortions intensify, confirming its
sensitivity to perceptual quality.

Figure 5. Degradation of DPRISM (denoted as D in the plot) under
Gaussian blur at increasing intensity levels.

Figure 6. Metric scores vs. azimuth offset (0°–360°). Blue: our
MMDPRISM; Red: distribution-based baselines (e.g., FID, JFID).
While the baselines remain flat, MMDPRISM shows an M-shaped
curve, indicating pose sensitivity.

5. Conclusion and Limitations
We introduced task-aware diffusion features for NVS eval-
uation, explicitly capturing source–target–viewpoint rela-
tionships with a strong diffusion backbone and lightweight
adaptation. Our metrics, DPRISM and MMDPRISM, show
higher sensitivity to implausible generations than existing
baselines, and enable both reference-based and reference-
free evaluation. These tools provide a first step toward more
reliable benchmarking of single-view NVS models, which
remains a critical need for the community.

A limitation of our approach is its reliance on the
Zero123-XL backbone, though the framework can be read-
ily extended to other NVS models. Future work includes
applying it to scene-level and multi-view settings.
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