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Abstract

Monocular novel-view synthesis has long required multi-
view image pairs for supervision, limiting training to a nar-
row set of purpose-built datasets. We propose in-the-wild
monocular pretraining: a frozen depth estimator lifts each
source image into 3D and reprojects under sampled poses to
yield pseudo-target views; masked losses restrict supervision
to valid regions and an adversarial objective covers disoc-
cluded areas. Scaled to 30 million uncurated images, this
produces OVIE, requiring only a source image and target
pose at inference. Prior work trains without multi-view data
but needs a depth estimator at inference, or drops this de-
pendency but requires multi-view training pairs; OVIE is the
first to require neither. Without multi-view supervision, OVIE
rivals in-domain baselines on RealEstatel10K and surpasses
all on DL3DV; brief multi-view fine-tuning outperforms all
geometry-free methods on their training domain. At 116
FPS, it is over 600x faster than the fastest baseline. Code
and models will be open-sourced.

1. Introduction

Trillions of photographs document the world, yet monoc-
ular novel view synthesis, the task of generating what a
scene looks like from a new camera pose given a single
image, trains on a tiny fraction of them. The bottleneck
is a data-type constraint: the task requires large volumes
of video from static environments to extract posed multi-
view pairs, a condition most of the visual world cannot meet.
Paintings, historical photographs, and any dynamic scene
simply have no multi-view counterpart. The community has
converged on a handful of purpose-built datasets, such as
RealEstate10K [80] and DL3DV [32], which cover only a
narrow set of visual domains. Models trained on this data
generalize within their training domains but fail under do-
main shift, and the reason is structural.

The natural approach to sidestep multi-view requirements
synthesizes training pairs from single images via depth esti-
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mation and reprojection under a sampled pose. Such pseudo-

targets omit disoccluded regions, making naive supervision

harmful. Methods that take this route, such as Infinite Nature-

Zero [31], still require a depth model at inference, while

geometry-free models [16, 53, 73] drop this dependency

by training on posed multi-view datasets. No prior work
achieves both.

We show this tradeoff can be broken with large-scale
monocular pretraining. A frozen monocular depth estimator
constructs training pairs from any single image by estimat-
ing metric depth, lifting the scene into a point cloud, and
reprojecting under a sampled camera pose. A masked train-
ing formulation restricts losses to valid reprojected pixels;
an adversarial objective covers disoccluded regions. Depth
errors are absorbed by boundary masking, an L2 penalty that
down-weights residuals, and training scale. At inference,
the depth estimator is discarded and the model generates the
novel view in a single forward pass (Figure 1).

Trained on 30 million in-the-wild images from ImageNet-
21K [52], Places [78], Open Images [29], and OSV5M [1]
without any multi-view supervision, OVIE already rivals
specialized in-domain baselines on RealEstate 10K [80] de-
spite never training on it, and surpasses all baselines on
DL3DV [32] where all methods face the same domain shift.
A brief fine-tuning stage on RealEstate10K then suffices to
surpass all geometry-free methods on pixel fidelity and per-
ceptual similarity, establishing monocular pretraining as an
efficient foundation for in-domain adaptation. OVIE gener-
ates novel views at 116 FPS on a single H100 GPU, more
than 600 faster than the fastest baseline.

Our contributions are threefold:

» We introduce a monocular pretraining paradigm that pro-
duces geometry-free models without multi-view supervi-
sion. A masked formulation restricts losses to valid repro-
jected regions and an adversarial objective covers disoc-
cluded areas, together making depth estimation a training
scaffold discarded at inference.

» We show that monocular pretraining is an efficient foun-
dation for in-domain adaptation. Brief fine-tuning on a
single multi-view dataset surpasses all geometry-free in-
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Figure 1. OVIE generates novel views from a single image in real time across diverse domains given a source image (gray) and target

poses (colored), regardless of content or style.

domain methods, demonstrating effective transfer from
large-scale unpaired pretraining.

» We characterize the effect of data scale and diversity on
monocular novel view synthesis. Scale is the primary
driver of performance, improving consistently from 3K to
30M training images; diverse mixing provides a comple-
mentary gain at fixed budget.

2. Related Work

Problem setting. Novel view synthesis spans tasks differing
significantly in input, output, and generalization scope. Per-
scene optimization methods such as NeRF [38] and Gaussian
Splatting [28] fit a scene representation to tens or hundreds
of posed views and generalize only within that scene. Multi-
view feed-forward methods [8, 10, 11, 25, 64, 79] generalize
across scenes but require multiple source images at inference.
Feed-forward reconstruction methods [37, 60, 61, 70, 72]
predict 3D representations from a single image, yet remain
largely object-centric. We address monocular scene-level
novel view synthesis: given a single image and a target pose,
synthesize the target view in one feed-forward pass with a

model that generalizes across scenes and domains.

Monocular novel view synthesis with multi-view supervi-
sion. The dominant paradigm trains feed-forward models
on posed multi-view collections, from which geometric cor-
respondences can be extracted as supervision. SynSin [68]
established this paired-data approach; NViST [24] scaled it
to MVImgNet [75]. Geometry-free, pose-conditioned image-
to-image models (SRT [54], GeoGPT [53], PhotoNVS [73],
and VIVID [16]) represent the family most related to ours,
synthesizing the target view directly in pixel space without
an explicit 3D representation. All share a structural bottle-
neck: they require posed, static multi-view datasets (e.g.,
RealEstate 10K [80], DL3DV [32], ScanNet [13]), which
cover only a narrow visual domain. OVIE replaces this with
monocular pretraining on 30 million single images from
domains these benchmarks do not reach.

Monocular novel view synthesis without multi-view super-
vision. Learning novel view synthesis without posed pairs
has been explored primarily through 3D-aware generative
models trained on unposed image collections [6, 7, 19, 40,
41, 56]. Applying these to a real input requires test-time



GAN inversion [82], which is slow, per-image, and confined
to the training category distribution; Ramirez et al. [47] and
G3DR [50] build novel view synthesis frameworks on this
paradigm but remain category-specific. Cycle-consistency
approaches [83] do not generalize to 3D viewpoint change;
Infinite Nature-Zero [31] extends this idea to view generation
by coupling cycle consistency with monocular depth warp-
ing, but then requires explicit depth warping at inference
and is limited to a single domain. Single-image supervision
via 3D bounding box annotations [36] trades one scarce sig-
nal for another. All methods in this family share the same
structural bottleneck: a depth estimator is load-bearing at in-
ference. OVIE eliminates this through monocular pretraining
on 30 million unconstrained single images, with no category
prior and no depth estimator at inference. Additionally, we
show that models trained under this constraint, scaled to
large in-the-wild collections, reach state-of-the-art geometry-
free performance with minimal fine-tuning on multi-view
data.

Large generative priors for novel view synthesis. An alter-
native strategy adapts large pretrained generative models to
novel view synthesis via fine-tuning on posed multi-view
data: Zero-1-to-3 [34] adapts Stable Diffusion [18] on Obja-
verse [14] for object-level view synthesis; ViewCrafter [74]
conditions DynamiCrafter [69] on DUSt3R [67] renders
for scene-level pose control; Stable Virtual Camera [79]
fine-tunes a video diffusion model with Pliicker ray condi-
tioning; and PE-Field [2] adapts Flux.1 Kontext [30] with
depth-aware 3D encodings. These methods use a proxy pre-
training task (image or video generation) and inherit the
large, compute-heavy architectures of their base models,
making inference expensive by design. OVIE takes a dif-
ferent route: pretraining directly on the novel view synthe-
sis task, scaled to 30 million in-the-wild images, with a
compact feed-forward architecture. Task-aligned pretrain-
ing proves more efficient: OVIE runs at 116 FPS, more
than 7,000 faster than ViewCrafter, while surpassing it on
RealEstate10K.

Monocular depth estimation. Learning-based depth estima-
tion splits into two branches. The relative branch (MiDaS [4,
49], DPT [48], Depth Anything [71], Marigold [26, 27],
MoGe [65]) yields affine-invariant predictions. The metric
branch (ZoeDepth [3], UniDepth [45, 46], MoGe-2 [66])
also recovers absolute scale. OVIE exploits this: metric
depth lets us build pseudo-pairs with metric translations at
training time, providing geometric supervision without man-
ual annotation.

Warping-based novel view synthesis. Warping-based meth-
ods unproject the source image into 3D and inpaint disoc-
cluded regions via geometry-based pop-up models [20, 21],
layered depth inpainting [42, 58], soft point-cloud render-
ing [23, 68], MPI blending [62, 81], or diffusion-based
pipelines such as GenWarp [57] and LucidDreamer [12]. Infi-

nite Nature [33] extends this to perpetual view generation but
relies on posed video sequences for training. MultiDiff [39]
conditions a video diffusion model on depth-warped inputs,
tying quality to depth accuracy. Because the depth estimator
is load-bearing at inference and pipelines are iterative, these
methods are fragile to depth failures and computationally
slow; OVIE requires no depth estimate at inference.

Geometry-free methods [16, 53, 73] require multi-view
data from the start; methods without multi-view supervision,
such as Infinite Nature-Zero [31], still need depth at infer-
ence. No prior work has explored monocular pretraining
as an initialization for geometry-free novel view synthesis:
training on large unpaired image collections to produce a
depth-free model that transfers to competitive performance
via brief multi-view fine-tuning. OVIE fills this gap through
a masked training formulation that confines supervision to
valid reprojected pixels and covers disoccluded regions ad-
versarially, reducing depth to a training scaffold discarded at
inference.

3. Method

Given a source image Iy and a camera transformation
To—1 € SE(3), OVIE generates a target view I;. Monoc-
ular pretraining on large single-image collections builds on
two components: on-the-fly pseudo-pair generation and par-
tial supervision. A frozen monocular depth network lifts
each source image into 3D; reprojecting the point cloud
under sampled camera poses yields sparse pseudo-targets
I7 with binary validity masks M, which a pose-conditional
image-to-image network fy uses as ground truth (Fig. 2,
Fig. 3). At inference, OVIE discards the depth estimator and
synthesizes the novel view in a single forward pass. The
pretrained model transfers to a specific domain via brief
fine-tuning on posed multi-view data.

3.1. Annotation-Free Training Pair Construction

Depth-Based Scene Lifting. A pretrained monocular depth
network processes the source image I, estimating a depth
map D € R¥*W and surface normals N € RH*Wx3_ To-
gether, these quantities define a point cloud P € R7W >3 ip
the source camera coordinate system via standard unprojec-
tion.

Viewpoint Sampling and Reprojection. We sample Ty, €
SE(3) from a mixture of six strategies assigned stochasti-
cally: identity, pure translation, pure rotation, combined rota-
tion and translation, normal-derived (camera placed along an
estimated surface normal), and frontal hemisphere (camera
orbiting an anchor point). Translation magnitudes scale with
median scene depth; rotations are bounded by the estimated
field of view to maintain sufficient overlap. Reprojecting
the transformed P yields a pseudo-ground-truth view I and
a binary mask M € {0, 1}7*W where M;; = 0 marks
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Figure 2. Monocular pretraining method overview. Top: A frozen depth estimator lifts web-sourced images Iy into point clouds
P; sampled transformations Tp—,1 € SE(3) and reprojection yield pseudo-target views I7. Bottom: Feed-forward model fy takes Iy
conditioned on Tp—,1 and predicts I. Training uses a masked reconstruction 1088 Lyecon and a perceptual 10ss Lpere to compare 17 and I,
and an adversarial loss Laq, where discriminator model Dy distinguishes Iy from Ih.

disocclusions, backface-culled regions, and out-of-frame
content. Full details and sampling weights appear in the
supplementary material (Section C).

Metric-Scale Supervision. When the depth model is metric
(e.g., MoGE-2 [66]), the resulting pairs encode metric-scale
changes, a supervision signal far scarcer than standard pose
annotations.

3.2. Training Objective

We use a multi-term objec- Source  Pseudo-Target Prediction
tive that enforces geometric ‘

accuracy, semantic consis-
tency, and textural realism.
Because the pseudo-target
I} contains missing content,
the reconstruction and per-
ceptual losses are restricted
to observed regions via the
mask M; the adversarial
loss addresses disoccluded
regions through a different
mechanism, described be-
low.

Figure 3. Pseudo-pairs and
predictions.

Geometric Consistency. The main supervision is a masked
reconstruction loss. Depth estimation errors propagate into
the pseudo-targets, but three complementary mechanisms
limit their impact: the mask M eliminates gross failures
at depth discontinuities and occlusion boundaries; the L2
penalty is everywhere differentiable, providing a stable gra-
dient signal even near masked boundaries; and training on
30 million images ensures no erroneous target dominates the
gradient signal. The reconstruction loss is:

Mol -Mo I

, 1
T, + ¢ M

ACrecon =

where € > 0 prevents division by zero.

Semantic Preservation. We mask both the prediction and
target prior to feature extraction, restricting the loss to valid
regions. Following prior work [35], we combine LPIPS [76]
with P-DINO, a patch-level loss derived from activations of
a pretrained DINO model [5, 43, 59]:

Loere = Apips Lrpes(M © I1, M @ I7)

. 2
+ ApwoLepmo(M © 11, M © I7),



where Lppmno(X,y) = 1 — cos(DINO(x), DINO(y)), and
ALpIPS, Apino > O are scalar weights balancing the two per-
ceptual terms.

Disocclusion Supervision and High-Frequency Realism. In
disoccluded regions (M;; = 0), neither Lyecon NOr Lperc cON-
tributes a gradient, so the model must hallucinate plausible
content. A PatchGAN adversarial objective [22] covers this
gap: because the incomplete I} cannot serve as a reliable
real sample, I acts as the real distribution instead, an ap-
proximation that holds since viewpoint sampling bounds
parallax and keeps patch statistics consistent across views:

Laay = By, [log D(Ip)] + E; [log(1 — D(I1))].  (3)

The discriminator Dy follows the StyleGAN-T [55] de-
sign, using a pretrained representation backbone. The adap-
tive weight wygqp, introduced in VQ-GAN [17], balances
reconstruction and adversarial terms automatically. Details
appear in the supplementary material (Section D.1).

Total Objective. The total loss combines all three terms:
Elotal = »Crecon + »Cperc + /\a * Wadap * Eadva (4)

where A\, > 0 controls the contribution of the adversarial
term. All hyperparameters are specified in the supplementary
material (Section D.3).

Fine-Tuning. When fine-tuning on a posed multi-view
dataset, the real target view I; replaces the pseudo-target:
Lrecon and Lperc are computed against I; without masking,
and I; also serves as the real sample for the discrimina-
tor, replacing Iy. The objective and architecture remain
unchanged.

3.3. Model Architecture

A convolutional encoder downsamples the source image
Iy into a dense feature map; a stack of pose-conditioned
Transformer blocks then processes this representation; a
mirrored convolutional decoder finally upsamples it back to
the source resolution, producing I.

Pose Conditioning. We encode the relative transformation
To—1 as a 7D vector p € R” (3D translation and unit quater-
nion), following VGGT [63] but omitting camera intrinsics:
MoGe-2 [66] supplies intrinsic estimates at training time,
and camera geometry is read implicitly from the source
image’s perspective cues, with 30 million diverse training
images providing robustness to intrinsic variation at infer-
ence. We omit intrinsics from the conditioning vector to keep
the inference interface minimal. A linear layer projects p
into a conditioning token c = Wp € R?, which modulates
each Transformer block via Adaptive Layer Normalization
(AdaLN) [44].

4. Experiments

We evaluate two model variants: OVIE, trained exclu-
sively on unpaired single images via monocular pretrain-
ing, and OVIE-ft, fine-tuned on RealEstate10K from the
pretrained checkpoint. Evaluation covers five axes: qual-
itative generalization (Figure 4), quantitative comparison
on RealEstate10K, where geometry-free baselines are in-
domain and OVIE is out-of-domain, and on DL3DV, where
all geometry-free methods face the same domain shift (Ta-
ble 1), throughput showing OVIE runs at real-time speeds
more than 600x faster than the fastest baseline (Figure 0),
and ablations of loss design and training data (Table 2 and
Figure 7).

4.1. Experimental Setup

Training Data. OVIE is trained on 30 million in-the-wild
images from ImageNet-21K [52], Open Images [29], Open-
StreetViewSM (OSV5M) [1], and Places [78], with no multi-
view supervision; MoGe-2 [66] generates pseudo-pairs on-
the-fly. OVIE-ft is fine-tuned on RealEstate 10K [80].

Benchmarks and  Metrics. We evaluate on
RealEstate10K [80] and DL3DV [32]; OVIE has
never been trained on either. PSNR and SSIM measure
pixel-level fidelity, LPIPS [76] perceptual similarity, and
FID distributional realism. Following prior work [2, 51], we
sample a starting frame from each of 750 scenes, generate 14
novel views at a stride of 3 (RealEstate10K) or 1 (DL3DV),
and average metrics across scenes, with FID computed over
all generated and ground-truth images. Since benchmark
poses are derived from SLAM and are scale-ambiguous, we
perform a per-scene scale sweep for each method, selecting
the value that maximizes its own performance.

Baselines. OVIE is compared against GeoGPT [53], Pho-
toNVS [73], and VIVID [16], geometry-free image-to-image
methods sharing our problem formulation, all trained exclu-
sively on RealEstate10K. This creates a deliberate asym-
metry: these baselines are in-domain on RealEstate10K
while OVIE is out-of-domain; OVIE-ft, fine-tuned on
RealEstate10K, is in-domain. All geometry-free methods
are out-of-domain on DL3DV, enabling a fair comparison.
ViewCrafter [74] is included as a geometry-based reference:
it offloads geometric reasoning to DUSt3R [67] and builds
on a large video diffusion foundation model (~10x more pa-
rameters), trained on both benchmarks. An additional com-
parison with Infinite Nature-Zero [31], a geometry-based
method trained with single images, appears in the supple-
mentary material (Section G).

Implementation Details. OVIE uses a convolutional encoder,
a ViT-B bottleneck [15], and a convolutional decoder, trained
for 2M steps at batch size 512; ablations use 250K steps.
Full architectural details and hyperparameters are in the
supplementary material (Section D).
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Figure 4. Qualitative comparison with baseline geometry-free methods. Pretrained on single images only, OVIE produces sharp,
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Figure 5. Metric scale awareness. The same translation applied
to a close-up scene (left) produces a larger apparent displacement
than on a room-scale scene (right), consistent with metric parallax.

4.2. Qualitative Results

Figure 1 shows OVIE generalizing across indoor, outdoor,
object-centric, and non-photographic scenes. Figure 4 com-
pares OVIE against baseline methods: despite training on
none of their evaluation data, OVIE matches or exceeds their
quality. Figure 5 qualitatively illustrates metric scale aware-
ness inherited from MoGe-2: the same camera translation
produces larger apparent displacement for nearby objects
than distant ones.

4.3. Comparison with State of the Art

RealEstatel0K: competing at a disadvantage. OVIE out-
performs three of the four in-domain baselines (Table 1),
despite never training on RealEstate10K data; the remain-
ing gap with VIVID reflects the domain disadvantage, as
DL3DV confirms. Fine-tuning OVIE for 2% of the pre-
training budget (OVIE-ft) achieves state of the art among
geometry-free methods, demonstrating that single-image
pretraining provides an efficient foundation for in-domain
adaptation. OVIE-ft leads all baselines on pixel fidelity and
perceptual similarity, over 600X faster than any competitor.

DL3DV: outperforming all baselines under domain shift.
When all methods face the same domain shift on DL3DV,
OVIE outperforms all baselines on all metrics. This result
shows that the diversity of OVIE’s large-scale training data
delivers robustness to distribution shifts that in-domain spe-
cialization cannot match. Notably, OVIE outperforms OVIE-
ft on DL3DV across all metrics, confirming that fine-tuning
on a single domain trades generalization for in-domain per-
formance.

4.4. Real-Time Novel View Synthesis

Figure 6 plots throughput against generation quality (PSNR
and LPIPS) on a single H100 GPU on RealEstate10K. OVIE



Table 1. In-distribution and out-of-domain robustness on RealEstate10K and DL3DV. 1/]: higher/lower is better. Bold: best; underline:
second best. OOD: not trained on the benchmark. *Trained in-domain on DL3DV: scores greyed out and excluded from rankings for

fairness.
RealEstate10K [80] DL3DV [32]
Method OOD PSNRt SSIM{ LPIPS| FID| OOD PSNRt SSIM1 LPIPS| FID|
GeoGPT [53] X 15.3 0480 0446 18.0 v 13.1 0.339 0.560 359
ViewCrafter® [74] X 16.6 0.559 0.340 9.98 X 15.4 0.419 0.425 10.50
PhotoNVS [73] X 18.9 0.601 0314 10.6 v 13.8 0.349 0525 37.6
VIVID [16] X 20.5 0.661 0.241 4.26 v 14.5 0.362 0471 18.0
OVIE (ours) v 18.8 0.602 0279 6.74 v 14.8 0369 0464 13.6
OVIE-ft (ours) X 21.9 0.695 0.195 5.59 v 14.1 0.351 0.531 24.66
OVIE-ft (ours) 0.5~ GeoGPT .
22 - g ViewCrafter ‘ 500M
<~ 20 - OVIE (ours) — = 250M
a4 a 100M )
a% léf - E 0.3 - o
16 . 02 OVIE (()urs).
14 V\’\iﬁ\\\(jl;“l‘\l%rumCICOGPT‘\H\ Ll Ll Ll Ll Ll (| OVIE-ft(OurS)‘
0.01 0.1 1 10 100 0.01 0.1 1 10 100
Inference Speed (FPS) Inference Speed (FPS)

(a) PSNR vs. FPS (upper-right is better)

(b) LPIPS vs. FPS (lower-right is better)

Figure 6. Quality vs. Inference speed tradeoff on RealEstate10K. Bubble radius indicates parameter count. OVIE-ft achieves competitive

quality at drastically higher FPS than baselines.

Table 2. Loss ablation studies on RealEstate10K and DL3DV. Each group varies one design axis while keeping all others at the default

configuration (bold).

RealEstate 10K [80] DL3DV [32]
P-DINO LPIPS GAN PSNR?T SSIM7t LPIPS| FID| PSNR?T SSIM7 LPIPS| FID|
Loss component ablation
Ve v v 18.9 0.596 0.284 7.12 15.0 0.373 0.468 14.3
v v 19.0+0.1 0.599+003 0.288+.004 8.34+122 15.1+0.1 0.377+.004 0.472+004 15.7+1.4
v v 187 -02 0.592 —004 0.297 +.013 8.43+131 149 —-0.1 0.371 —.002 0.478+.010 15.3+1.0
v 18.7-02 0.584 —.012 0.367+.083 18.7+11.6 14.9—-0.1 0.368 —.005 0.540+.072 27.0+12.7
v v 19.2+03 0.598 +.002 0.301+017 13.4+628 15.4+04 0.375+.002 0.496+.028 48.5+34.2
19.6 +0.7 0.627 +.031 0.416+.132 62.1+55.0 15.7+0.7 0.441+068 0.627 +.159 111.0+96.7
Reconstruction loss
L2 18.9 0.596 0.284 7.12 15.0 0.373 0.468 14.3
L1 18.5-04 0.594 —002 0.297 +.013 8.57+1.45 14.5 -05 0.367 —.006 0.477+.009 14.3 —0.0
Charbonnier 18.5 04 0.592 —.004 0.296+.012 8.35+1.23 14.5-05 0.367 —.006 0.476+.008 14.1 —02

achieves 116 FPS (8.6 ms), versus 0.19 FPS for VIVID
(50 diffusion steps), 0.17 FPS for GeoGPT (autoregres-
sive), 0.024 FPS for PhotoN'VS (2000 diffusion steps), and
0.016 FPS for ViewCrafter, which additionally requires
DUSt3R reconstruction and video diffusion sampling (50
steps). OVIE runs more than 600x faster than the fastest

baseline. OVIE-ft matches this throughput while surpassing
all baselines on RealEstate10K. With keyboard and mouse
inputs mapped to extrinsic changes, this enables real-time
scene navigation (see supplementary material, Section F.4).



19.00

/._—_.
. 18.60 - g
a4
Z
wn
- 18.20 -
[ )
]7807 | Lol Lol Lol Lol
3K 30K 300K M 30M

Dataset size

8.60 - o

7.90 -
—
a
= 720 e

. \.
\.
6.50 [ | | | | !
3K 30K 300K 3M 30M

Dataset size

Figure 7. Scaling with dataset size. PSNR and FID improve as data volume increases.

Table 3. Comparison of data coverage on model performance on RealEstate]10K and DL3DV. Bold: best; underline: second best.

Differences are relative to the Mix baseline.

RealEstate 10K [80] DL3DV [32]
Dataset Domain PSNRT SSIMt  LPIPS| FID) PSNR{ SSIM{t  LPIPS| FID|
Mix Mixed 18.8 0.595 0.284 7.08 15.0 0.372 0.467 14.2
OSV5M [1] Street View 18.2 —06 0.566 —029 0.318 +034 8.59+151 15.0 0.369 —003 0.481 +.014 18.9+47
ImageNet21K [52] Objects 18.8  0.593 —.002 0.289+.005 7.32+024 14.9 —0.1 0.370 —.003 0.472+.005 15.9+17
Places [78] Scenes 18.8  0.596 +001 0.286+002 7.41+033 14.8 —02 0.367 —006 0.477 +010 20.3 +6.1
Openlmages [29] General 18.8  0.593 —o002 0.287+.003 7.20+0.12 14.9 —0.1 0.370 —.003 0.469 +.002 14.8 +0.6

4.5. Ablation Studies

Loss terms. Table 2 shows each term’s distinct role. Keep-
ing only Liecon maximizes PSNR and SSIM while driving
FID to 62.1/111.0, illustrating why pixel metrics alone are
insufficient. P-DINO and LPIPS contribute complementary
perceptual supervision: removing both raises FID to 18.7 /
27.0. The adversarial loss is critical for generalization, with
its impact especially pronounced out-of-domain (FID +34.2
on DL3DV vs. +6.3 on RealEstate10K).

Reconstruction loss. 1.2 outperforms L1 and Charbonnier [9]
across both benchmarks, despite the intuition that robust
losses better handle erroneous pseudo-targets.

4.6. Data Scaling and Diversity

Effect of data scale. Performance improves rapidly in the
first decade of data (3K to 30K images) and continues across
each subsequent decade (Figure 7), well beyond the scale
of dedicated multi-view datasets such as RealEstate10K and
DL3DV (10K scenes).

Effect of data diversity. To isolate diversity from scale, we
train four single-source models and a mixed model on 2M
images each. The mixed model matches or exceeds the best
single source on both benchmarks (Table 3), confirming that
diverse mixing yields a modest but reliable gain.

5. Conclusion

We introduce monocular pretraining for novel view synthesis:
a frozen depth estimator constructs pseudo-pairs from any
single image, masked losses restrict supervision to valid re-
gions, and an adversarial objective covers disoccluded areas,
reducing depth to a training scaffold discarded at inference.
Trained on 30 million uncurated internet images without
multi-view supervision, OVIE rivals specialized in-domain
baselines under domain shift at 116 FPS. Brief fine-tuning
suffices to surpass all geometry-free methods, establishing
monocular pretraining as a strong initialization for novel
view synthesis. Internet-scale single-image collections, long
underexplored for this task, are a viable foundation for the
field. Domains that produce no multi-view counterpart, such
as historical photographs or paintings, are now viable train-
ing sources.

Limitations. Performance is bounded by the depth estima-
tor: failures on reflective surfaces, transparent materials,
or low-light conditions propagate as missing regions that
masking cannot recover. Disoccluded content is hallucinated
adversarially, which is perceptually plausible but not geomet-
rically grounded. OVIE is designed for moderate viewpoint
changes.
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A. Summary of Supplementary Material

This supplementary document provides additional details

and results that complement the main paper. It is organized

as follows:

¢ Section B — Additional Quantitative Results. We re-
port supplementary SSIM and LPIPS curves for the data-
scaling (B.1) and SSIM and FID curves for the throughput
analysis (B.2).

¢ Section C — Camera Sampling Details. We describe the
distribution from which relative camera transformations
are sampled during training, including the parameteriza-
tion (C.1, C.2), the geometry-aware reprojection (C.3) and
pseudo-views sampling hyperparameters (C.4).

¢ Section D — Additional Implementation Details. We
provide extended details on architecture (D.1), pose-
conditioning (D.2), and training details and hyperparame-
ters (D.3).

¢ Section E — Training Resources and Broader Impact.
We report compute requirements and discuss the broader
societal and environmental implications of the work.

¢ Section F — Additional Qualitative Results. We illus-
trate OVIE’s robust generalization by synthesizing addi-
tional novel views from diverse out-of-distribution im-
ages, including non-realistic source inputs such as paint-
ings (F.1). We compare OVIE-generated views against
their corresponding pseudo-ground-truth supervision tar-
gets (F.2). We present more qualitative comparisons on
RealEstate 10K [80], contrasting OVIE’s outputs with the
source, the ground-truth novel view, and baseline methods
(F.3). To highlight generation consistency and respon-
siveness, we provide animated side-by-side navigations
(F.4) and real-time interactive screen recordings, driven
by mouse and keyboard inputs, all generated continuously
from a single initial frame (F.5).

¢ Section G — Additional Comparison to InfiniteNature-
Zero [31]. We compare OVIE to InfiniteNature-Zero.
While omitted from the baselines because its inference
requires geometry-based depth estimation and sky seg-
mentation, it shares OVIE’s approach of training entirely
on single-view images.

B. Additional Quantitative Results

B.1. Effect of Dataset Size on SSIM and LPIPS

Figure 8 shows SSIM and LPIPS as functions of dataset size,
confirming the trends observed for PSNR and FID in Figure 7
of the main paper: both metrics improve consistently with
more training data.

B.2. Throughput analysis

Figure 9 demonstrates that OVIE is 600x faster than the
fastest baseline while also achieving improved SSIM and
FID scores on RealEstate 10K [80]. This complements the
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PSNR and LPIPS results discussed in Figure 6 of the main
paper.

B.3. Domain-specific finetuning on DL3DV

In the main paper we report OVIE-ft, the base model fine-
tuned on RealEstate10K [80]. For completeness, we apply
the identical protocol to finetune the base OVIE model on
DL3DV [32]. Finetuning markedly improves in-domain
reconstruction on DL3DV relative to the base model, rais-
ing PSNR from 14.8 to 17.07, SSIM from 0.369 to 0.433,
and lowering LPIPS from 0.464 to 0.368; FID, however,
rises from 13.6 to 17.24, suggesting that domain-specific
finetuning favors faithful per-view reconstruction at a slight
cost to global distributional realism. More notably, this
DL3DV-finetuned variant retains strong performance on
RealEstate10K even though that benchmark is now out-
of-distribution: it matches or slightly surpasses the base
model on every reconstruction metric (PSNR 19.34 vs. 18.8,
SSIM 0.608 vs. 0.602, LPIPS 0.260 vs. 0.279), with only a
marginal increase in FID (7.14 vs. 6.74). This indicates that
finetuning sharpens in-domain fidelity without eroding, and
in this case slightly improving, cross-domain generalization.

C. Camera Sampling Details

During training, we generate novel views of the input image
to serve as pseudo-ground-truth targets by reprojecting the
scene’s 3D point cloud into newly sampled camera view-
points. To achieve this, a monocular depth estimator first
predicts both the absolute depth and the camera’s horizontal
field of view (Oy,), together enabling reconstruction of the
point cloud in a true metric, real-world scale. Because this
geometry possesses accurate physical dimensions, the dis-
tributions used to sample new camera poses can be defined
directly in actual scene units (e.g., meters) rather than an
arbitrary coordinate space. This ensures that camera dis-
placements and distances scale consistently with the specific
geometry of each scene. Next, a routing module stochasti-
cally assigns each batch element to one of six sampling meth-
ods based on fixed prior weights. All methods ultimately
produce a world-to-camera extrinsic matrix [R | t] € R34,

Throughout this section, we denote continuous uniform
and normal distributions as &/ and NV, respectively, and let
9 =10,1,0]" and 2 = [0,0, 1] " represent the canonical up
and forward directional unit vectors.

C.1. Sampling methods.

The six strategies span a range of transformation types, from
trivial (identity) to geometry-grounded (normal-derived,
frontal hemisphere), ensuring the model is trained on di-
verse yet plausible viewpoint changes.

* Identity. No transformation is applied. The extrinsic is
setto [I ] 0].



0.605 i 0.320
/./
. 0.590 . ° 0.305
s
7
901
0.575 0.290
0.560 |- ® 0.275
| Lol Lol Lol Lol | (| Lol Lol Lol
3K 30K 300K 3M 30M 3K 30K 300K 3M 30M

Dataset size Dataset size

Figure 8. Scaling with dataset size — SSIM and LPIPS. Complementary to Figure 7 in the main paper, SSIM and LPIPS on
RealEstate 10K [80] follow the same monotonic improvement as data volume increases.

0.72 OVIE-ft
d 20 |- GeoGPT
0.66
16
<
0.ViewC — g
= OVIE O 1Pk
% 0.54 L ~ ViewCrafter .
87 OVIE
0.48 - O °
. 4l OVIE-ft
| \\\‘(“}FOQF‘)T‘HH\ Ll il L1l ol vl vl
0.01 0.1 1 10 100 0.01 0.1 1 10 100

Inference Speed (FPS)
(b) FID vs. FPS (lower-right is better)

Inference Speed (FPS)
(a) SSIM vs. FPS (upper-right is better)
Figure 9. Quality vs. Inference tradeoff on RealEstate10K — SSIM and FID. Complementary to Figure 6 in the main paper. Bubble

radius indicates parameter count. The same trend holds: OVIE is faster and better-performing than baseline methods.

* Pure translation. The camera is shifted relative to the A translation t; and rotation R, are sampled independently

scene without any rotation, with the shift magnitude
tied to the spatial extent of the point cloud. The rota-
tion is fixed to R = I. The translation is sampled as
t ~ U[—awo, +ayo], where a, € RT is a scaling hyper-
parameter and o € R3 is the per-axis standard deviation
of the point cloud. To prevent points from passing behind
the camera, the z-component of the translation is clamped
to t, < min; z;, where z; is the depth (z-coordinate) of
the i-th point.

Pure rotation. The camera rotates in place, with the
maximum rotation angle bounded by the field of view.
The translation is fixed to t = 0. A forward direction
is sampled by rotating the canonical forward axis Z by
polar angle 6 ~ U[0, o,Oy] (where o, € RT is a rotation
scaling factor and ©y, is the horizontal field of view es-
timated by the monocular depth estimator) and azimuth
¢ ~ U[0,2m). This direction is then orthonormalized
against the canonical up vector g to form R.

Combined rotation and translation. The camera is both
shifted and rotated, combining the two previous strategies.
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as above and composed as Riybria = Ry, thyoria = Rets.
Normal-derived. The camera is placed above a ran-
domly selected surface point, looking at it from along its
normal direction, as estimated by the monocular depth
estimator. An anchor point p € R? is sampled with
probability o< ||p|| =}, restricted to points whose surface
normal n € R? satisfies [n,| < 7, where n, is the y-
component of the normal and 7 is a filtering threshold.
The camera is placed at c p + sn, where the dis-
tance multiplier s is drawn from a log-uniform distribution
s~ 1Ogu(dm1n”p”7 dmax”p' )s with diin and diax rep-
resenting the minimum and maximum distance bounds.
Log-uniform sampling is used here to ensure that expo-
nentially large distances are not overrepresented. Finally,
R is set by a look-at from c to p. Elements for which no
valid normal survives filtering fall back to identity.
Frontal hemisphere. The camera orbits around a ran-
domly selected scene point, staying roughly frontal with
a limited angular deviation. An anchor p is sampled
with probability « ||p|~! and jittered as p = p + e,




€ ~ N(0, (Ganchor||P||)?I), Where Ganehor is @ hyperparam-
eter controlling the variance of the jitter. The reference
direction & = —p/||p|| is perturbed by azimuth and el-
evation each drawn from U[—4, §], where § bounds the
maximum angular deviation, to obtain a new viewing di-
rection d. The camera is placed atc = p + za, where
z =||p|l - s and s ~ log-U(dmin, dmax)- As previously
mentioned, the log sampling of the distance multiplier s
ensures that large distances are not overrepresented. Fi-
nally, R is set by a look-at from c to p.

C.2. Look-at construction.

Given camera position ¢ and target p, we compute the
forward vector f = (p — c¢)/||p — c||, the right vector
7= (g x f)/||§ x f|, the true up vector & = f X #, and set
R=[r]a]f].

C.3. Geometry-aware reprojection.

Given a target viewpoint, source colors are reprojected by
mapping each 3D point into the new camera’s image plane.
Formally, each source point p; € R3?, derived from the
monocular depth estimator, with normal n; is projected to
2D pixel coordinates q;. This is expressed in homogeneous
coordinates as q; ~ K (Rp; + t), where K € R?*3 is the
known camera intrinsic matrix.

To handle occlusions, we apply a strategy akin to backface
culling in computer graphics, discarding points that face
away from the camera, i.e., those satisfying i, (¢ — p;) <
0, where ¢ = —R Tt is the target camera center in world
coordinates. When multiple valid points project onto the
exact same discrete pixel, a z-buffer resolves the collision by
assigning the pixel the color of the point with the minimum
projected depth. If no points project onto a given pixel, it
remains black.

Finally, a visibility mask is computed to indicate these
valid, populated pixels; this mask is later applied during the
computation of perceptual losses as discussed in the main

paper.
C.4. Hyperparameters.

All sampling hyperparameters and model settings are sum-
marized in Table 4.

D. Implementation Details
D.1. Architecture

OVIE consists of a convolutional encoder (8 x spatial down-
sampling), a ViT-B bottleneck, and a symmetric convolu-
tional decoder. Input images (256 x256) are compressed to
a 32x32x512 feature map via three ResNet stages (Group-
Norm, SiLU), then patchified into 1024 tokens (1x 1 patches)
and linearly projected to D=768 dimensions. A 12-layer
ViT-B (D=768, 12 heads, RMSNorm, SwiGLU) processes
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Table 4. Camera sampling hyperparameters and model settings
used during training.

Parameter Symbol Value
Sampling probabilities
Identity - 0.15
Pure translation - 0.10
Pure rotation - 0.10
Combined rotation & translation — 0.35
Normal-derived - 0.05
Frontal hemisphere - 0.25
Translation & rotation
Translation scaling factor o 1.0
Rotation scaling factor lo” 1.0
Normal-derived & frontal hemisphere
Distance range [dmin, dmax] [0.75, 1.5]
Max perturbation angle ) 25°
Anchor jitter scale Canchor 0.02

Model settings
Depth estimator -

moge-2-vitl-norma

the tokens, after which they are unpatchified and decoded
symmetrically, concluding with a 1x1 convolution and Sig-
moid activation.

D.2. Camera Conditioning via AdaLN

Camera extrinsics p € R7 (translation and a quaternion for
rotation) are projected to a conditioning embedding ¢ € RP
via a single linear layer. This embedding modulates the
ViT-B bottleneck via adalLN-Zero [44]: for each transformer
block, a two-layer MLP regresses, from ¢, dimension-wise
scale ~, shift 3, and residual gate « for both the MSA and
SwiGLU sub-layers:

x' =X + omga © MSA(Ymsa © RMSNorm(x) + Bnsa ),
&)
X" =%+ amp @ SwiGLU(vmlp © RMSNorm(x') + ﬁmlp).
(6)

Following adaLN-Zero, the MLP’s final linear layer is zero-
initialized so the conditioning path contributes nothing at the
start of training.

D.3. Optimization and Training

OVIE is trained for 2,000,000 steps with a global batch size
of 512 using the AdamW optimizer (3; = 0.9, 82 = 0.999,
weight decay of 0.05). We apply gradient clipping with a
maximum norm of 1.0. The learning rate follows a cosine
decay schedule, annealing from a peak of 2 x 10~% down
to a minimum of 2 x 10~°, which is preceded by a linear
warmup phase over the first 0.625% of training (~12.5k
steps). Finally, we maintain an exponential moving average



(EMA) of the generator weights with a decay rate of 0.999
for inference.

Loss. The training objective combines L2 reconstruction
loss, LPIPS (Appps=1.0), and a P-DINO perceptual loss
(Ap.pin0=0.5) extracted from a pretrained DINOv3-ViT-
B/16 model [59].

Adversarial Training. A PatchGAN discriminator [22]
sharpens high-frequency detail. Following Representation
Autoencoders (RAE) [77], we adopt a frozen DINO-S/8
backbone (inputs resized to 224 x224) over the standard
DINO-S/16, which reduces adversarial patch artifacts. The
discriminator uses standard batch normalization, a convolu-
tional head (kernel size 9) with Spectral Normalization, a
hinge loss for discriminator updates, and a non-saturating
loss for the generator. To balance the scale of the recon-
struction and adversarial gradients, we employ a dynamic
adaptive weighting scheme originally introduced in VQ-
GAN [17]. At each training step, the adaptive weight \ is
computed as:

||VWL£recon||2 0. \ )
||VWL£GANH2 + 67 b max b

where Vyy, denotes the gradient with respect to the weights
of the last convolutional layer of the decoder, L eco, is the
L2 reconstruction loss, Lgan is the generator’s adversarial
loss, and € = 10~° ensures numerical stability. The weight
is clamped to a maximum limit of A\, = 10,000 to prevent
gradient explosion. The final adversarial penalty added to
the total training objective is scaled by A\,gyALgaN, Where
Aagv = 0.75 is a fixed scalar. Finally, discriminator updates
and adversarial penalties are delayed until 37.5% and 40%
of total steps, respectively, to prevent early collapse.

A = clamp (

Hyperparameters. All hyperparameters are reported in
Table 5. For all ablation studies and supplementary experi-
ments, we use the identical hyperparameter configuration but
reduce the total training duration to 250,000 steps, keeping
the absolute number of warmup steps constant.

E. Training Resources and Broader Impact

Training resources. All models are trained on 32 H100
GPUs. Ablation models complete in approximately 29 hours
(250K steps); the full model completes in approximately 9.5
days (2M steps).

Broader impact. Training on unpaired single images
opens novel view synthesis to domains where multi-view cap-
ture is impossible, including cultural heritage and archival
photography. The ability to synthesize views from a single
photograph also carries misuse risk for disinformation.
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Table 5. Architecture, optimization, and loss hyperparameters.

Hyperparameter Value Hyperparameter Value

Generator Architecture Losses

Resolution 256 x 256 Reconstruction loss L2 (MSE)
Base channels 128 LPIPS weight Appips 1.0
Channel multipliers [1,2,4] P-DINO model DINOvV3-ViT-B/16
Downsampling factor 8x P-DINO weight Apino 0.5
ViT bottleneck Adversarial weight Ayqy 0.75

# Layers 12 Max adaptive weight limit 10,000

# Heads 12

Hidden dimension 768 Discriminator & Adversarial Training
Normalization RMSNorm Backbone Frozen DINO-S/8, 224 x224
Activation SwiGLU Head Conv 9x9, BN, SN
Camera embedder Linear(R7 — RP) Augmentation probability 1.0
Generator Optimisation Discriminator loss Hinge
Batch size 512 Generator loss Non-saturating (Vanilla)
Training steps 2,000,000 Optimizer AdamW
Optimizer AdamW Optimizer betas (31, 32) (0.9, 0.95)

2x10~*
2x1072
Cosine with warmup

Optimizer betas (31, 32)
Peak learning rate
Minimum learning rate

(0.9, 0.999)
2x1071
2x107°

Peak learning rate
Minimum learning rate
Learning rate scheduler

Learning rate scheduler  Cosine with warmup Warmup ratio 5%
Warmup ratio 0.625% (~12.5k steps) Weight decay 0.0

Weight decay 0.05 D update start 37.5% (~T750Kk steps)
Gradient clip (max norm) 1.0 Lygy start 40.0% (~800k steps)
EMA decay 0.999

On the environmental side, the one-time training cost
(9.5 days on 32 H100 GPUs) is comparable to similar-scale
generative models. At inference, however, OVIE operates
at 116 FPS in a single forward pass, more than 600 x faster
than the fastest baseline. This makes its per-image carbon
footprint orders of magnitude smaller than diffusion-based
competitors, whose iterative sampling (50-2000 steps) dom-
inates inference cost at deployment scale.

F. Additional Qualitative Results

F.1. Out-of-distribution novel views

Figure 10 illustrates novel views synthesized from out-of-
domain, non-realistic source images (e.g., paintings). No-
tably, training on such artistic domains would be unfeasible
using standard monocular novel-view synthesis methods re-
liant on multi-view datasets.

F.2. Comparison between training pseudo-targets
and generated views

Figures 11-14 show examples of pseudo-targets used for
supervision during training, along with the views generated
from the source image and the target camera pose.

The grid-like patterns in the pseudo-target images (mid-
dle) stem from the point cloud’s regular spatial structure.
Because each 3D point is a back-projected source pixel, the
points inherit the original image’s grid layout. When ren-
dered from a novel viewpoint, the spacing between these
points becomes visible as a grid that varies with depth and
angle.

F.3. Comparison to baseline methods

Figure 15-17 show qualitative comparisons between Ge-
oGPT [53], PhotoNVS [73], VIVID [16], and OVIE on the
RealEstate 10K [80] dataset.

F.4. Side-by-side navigation clips

Please refer to the accompanying supplementary .zip
archive for . gif files demonstrating OVIE’s performance



on continuous trajectories. These animations utilize se-
quences from the RealEstate 10K [80] dataset. In each . gif,
the left panel displays the ground-truth sequence, while the
right panel shows the corresponding novel views generated
by our approach. The generated sequence is synthesized by
conditioning solely on the first image of the sequence, with-
out utilizing any subsequent ground-truth frames. Unlike
diffusion or autoregressive models, OVIE is a deterministic
mapping: fixed inputs always produce the same output, with
no stochastic sampling. Even in disoccluded regions, the
source image serves as a fixed conditioning anchor: rather
than drawing from stochastic noise as diffusion models do,
OVIE maps the same input to the same hallucinated content
at each forward pass. Temporal coherence over a trajectory
then follows from the neural network’s smooth response to
continuously varying pose inputs: nearby viewpoints pro-
duce nearby outputs, including in unobserved regions.

F.5. Real-time interactive navigation clips

Please refer to the accompanying supplementary .zip
archive for mp4 screen recordings showcasing the real-time
interactive navigation capabilities of OVIE. To achieve this,
we map standard mouse and keyboard actions to small, incre-
mental changes in the camera’s position and rotation, similar
to the control mechanics found in first-person video games.
Based on these inputs, we continuously update the camera
extrinsics to generate a new image on the fly, conditioned
strictly on the initial source image.

G. Additional Comparison to InfiniteNature-
Zero

InfiniteNature-Zero [31] learns perpetual view generation
from single-view image collections, using a geometry-based
render-refine-repeat pipeline that relies on monocular depth
estimation and sky segmentation at inference. Like OVIE, it
requires no posed multi-view data during training, making it
a conceptually relevant comparison despite its fundamentally
different, geometry-dependent approach.

To ensure a fair comparison, we use the public check-
point of InfiniteNature-Zero and adapt its inference to our
single-step evaluation protocol, generating each target view
independently from the source frame rather than autoregres-
sively. This grants the model access to the ground-truth
source image and its depth estimate at every step, an inher-
ent advantage over OVIE and other geometry-free methods.

Despite this advantage, InfiniteNature-Zero’s generation
quality lags behind OVIE’s. On RealEstate10K, it achieves
an LPIPS of 0.395 and FID of 28.8, compared to OVIE’s
0.279 and 6.74. On DL3DYV, it scores an LPIPS of 0.472
and FID of 45.7 versus OVIE’s 0.464 and 13.6, the high-
est FID among all compared methods on both benchmarks.
As shown in Figure 18, InfiniteNature-Zero produces blurry
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outputs, which explains its poor LPIPS and FID scores. No-
tably, its PSNR and SSIM remain comparable to OVIE’s
(19.4 and 0.642 on RealEstate 10K versus 18.8 and 0.602), a
discrepancy attributable to the insensitivity of these metrics
to perceptual sharpness, as discussed in Section 4.5.
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Generated-View
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Figure 10. Qualitative results on out-of-distribution images. Each pair shows the input source image followed by the generated novel
view. Source views are, from left to right and top to bottom: Gas by Edward Hopper, Untitled by Ralambo, A Sunday on La Grande Jatte by
Georges Seurat, Nighthawks by Edward Hopper, Portrait of an Artist (Pool with Two Figures) by David Hockney, and The Sea of Ice by
Caspar David Friedrich. 17



Source Pseudo-Target Generated View

Figure 11. Comparison of source inputs, training pseudo-targets, and generated views. During training, OVIE is supervised on
pseudo-targets (middle) created by depth-lifting the source image (left) to a sampled pose. At inference, it generates novel views (right) from
a source image and target pose. Here, the generated views are rendered at the same poses as their corresponding pseudo-targets.
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Source Pseudo-Target Generated View

Figure 12. Comparison of source inputs, training pseudo-targets, and generated views. During training, OVIE is supervised on
pseudo-targets (middle) created by depth-lifting the source image (left) to a sampled pose. At inference, it generates novel views (right) from
a source image and target pose. Here, the generated views are rendered at the same poses as their corresponding pseudo-targets.
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Source Pseudo-Target Generated View

Figure 13. Comparison of source inputs, training pseudo-targets, and generated views. During training, OVIE is supervised on
pseudo-targets (middle) created by depth-lifting the source image (left) to a sampled pose. At inference, it generates novel views (right) from
a source image and target pose. Here, the generated views are rendered at the same poses as their corresponding pseudo-targets.
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Source Pseudo-Target Generated View

Figure 14. Comparison of source inputs, training pseudo-targets, and generated views. During training, OVIE is supervised on
pseudo-targets (middle) created by depth-lifting the source image (left) to a sampled pose. At inference, it generates novel views (right) from
a source image and target pose. Here, the generated views are rendered at the same poses as their corresponding pseudo-targets.
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Figure 15. Qualitative comparison with state-of-the-art methods. Given a source image and target camera pose, each method synthesizes
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GeoGPT PhotoNVS OVIE (Ours)

Figure 16. Qualitative comparison with state-of-the-art methods. Given a source image and target camera pose, each method synthesizes
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Source Target GeoGPT PhotoNVS VIVID OVIE (Ours)

Figure 17. Qualitative comparison with state-of-the-art methods. Given a source image and target camera pose, each method synthesizes
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Source Ground-Truth  OVIE (ourk)finiteNature-Zero [31]
|

Figure 18. Qualitative comparison with InfiniteNature-Zero [31]. Given a source image (left), we show the ground-truth target view, the
view generated by OVIE (ours), and the view generated by InfiniteNature-Zero. OVIE’s generated views are sharper and more realistic than
those of InfiniteNature-Zero.
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