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Figure 1. We introduce Scaling4D, a framework for Video Novel View Synthesis (VNVS). Given a monocular source video (first row)
and novel poses (second row), Scaling4D generates the novel view video (third row). By reformulating VNVS as a correspondence-guided
generation task, our approach bridges the training-inference gap present in previous methods and enables scalable training on large-scale

monocular videos, substantially improving the visual quality and robustness of the synthesized results.

Abstract

Video Novel View Synthesis (VNVS) aims to render arbi-
trary novel viewpoints of dynamic scenes from a single-
view video, but its algorithmic training faces a major chal-
lenge: the lack of large-scale multi-view video datasets.
Prior methods often train on monocular data by fram-
ing it as an inpainting task, which typically leads to a
training-inference gap and visual artifacts. While synthetic
multi-view data can partially alleviate the data scarcity
issue, its high acquisition costs and limited diversity re-
strict scalability. To address these problems, we propose
Scaling4D, a novel strategy that theoretically bridges the
training-inference gap while leveraging large-scale monoc-
ular videos for training. Specifically, we take a higher-level
perspective on the problem, reformulating VNVS into a gen-
eral correspondence-guided generation task. Furthermore,
in conjunction with extensive real-world data, we estab-
lish a synthetic data pipeline integrated with our training
strategy to enhance precision. Qualitative and quantitative
results demonstrate a positive correlation between perfor-
mance and training data volume, confirming the scalability.

*Corresponding author

1. Introduction

In this work, we explore the task of Video Novel View Syn-
thesis (VNVS) [2, 39, 47, 52], which aims to render arbi-
trary novel camera views of a 4D (dynamic 3D) scene given
a single monocular video as input. Multi-view representa-
tions [23, 32, 37] have long been recognized as fundamental
for understanding spatial environments. Consequently, the
ability to synthesize multi-view videos from limited input
unlocks vast potential for diverse domains including funda-
mental research (e.g., 4D perception tasks [7, 28, 49]) and
entertainment (e.g., intelligent creation [2, 12, 13, 27, 38]).

Considering the sparsity of single-view input, video
novel view synthesis from a single view is an ill-posed prob-
lem. Reconstruction and optimization based methods, such
as 4D Gaussian Splatting [47] and Dynamic NeRF [37], are
not suitable for this setting. Even some recent feed-forward
Gaussian methods [9, 50] generally require sparse multi-
view inputs rather than a single view, and their extrapolation
ability is limited. Fortunately, recent advances in video gen-
eration models [15, 25, 45] enable us to leverage their prior
knowledge to assist in building a robust VNVS framework.
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Figure 2. This example demonstrates the essential difference be-
tween inpainting and novel view synthesis. In the novel view, the
area inside the red box should show the back of the person, but the
inpainting result incorrectly fills it with background pixels.

Despite the availability of priors from video generation
models, building an effective training pipeline remains chal-
lenging due to the lack of sufficient multi-view data. Pre-
vious approaches have adopted two main strategies to ad-
dress this issue. (1) Some previous works [1, 2] train ex-
clusively on synthetic multi-view data. The advantage of
synthetic data is that it is fully controllable and highly accu-
rate; arbitrary viewpoints at any time can be freely obtained,
which is nearly impossible with real-world data. However,
the diversity of synthetic data is limited, as the available as-
sets and scenarios (e.g., Fab [10]) are constrained. (2) Some
other previous works [39, 52] reformulate the task as a
video inpainting task. Specifically, this strategy predicts
the depth of the video and converts it into a dynamic point
map, which is rendered to the target view. Then, a video in-
painting model inpaints the sparse rendering to produce the
final video. This approach suffers from a training-inference
gap, as illustrated by Fig. 2, which demonstrates the essen-
tial difference between inpainting and novel view synthesis.

The above analysis leads to a crucial question: can we
leverage large-scale real monocular data for VNVS training
while effectively bridging the traditional training-inference
gap? To achieve this, we need to identify a bridge that ful-
fills two requirements:

« It can serve as a control condition for VNVS.

« It naturally exists in abundant real monocular data.
With this perspective, we identify an appropriate answer for
the above question: pixel correspondence. By rendering
the point map of the input video to a novel view, pixel corre-
spondence between the source and target viewpoints can be
established as shown in Fig. 1. Furthermore, in any monoc-
ular training video, optical flow can enable correspondence
between frames. Therefore, using correspondence as the
control condition ensures that all inference scenarios are
well-covered subsets of the diverse correspondence situa-
tions seen during training. This naturally includes challeng-
ing cases like significant viewpoint changes (e.g., in Fig. 2),
as such camera motions are abundant in the training data.

To complement the extensive real-world data, we also
develop a synthetic data pipeline that is seamlessly in-
tegrated into our training strategy to further enhance the

precision and robustness of our framework. We utilize
the cinematic-quality Procedural Dependency Graph (PDG)
tool, Houdini [40], to construct the data pipeline. It in-
cludes scene layout creation, random composition of assets
(human characters, objects and lighting), and the genera-
tion of randomized camera trajectories. Our synthetic data
satisfies several key characteristics, including high fidelity
and diversity, accurate inter-frame correspondence, and
a wide range of camera motions.

For the network architecture, we design two core com-
ponents: Correspondence Projector and VNVS Block. The
former takes the source video and the correspondence as
input, projecting them into control tokens. The latter is a
multimodal module that facilitates cross-modal interaction
between the video latent and the control tokens via spa-
tial attention. Notably, our designed components are ex-
plicitly decoupled from text, thereby preserving the original
prompt-following capability of the foundation model. Fur-
thermore, we omit MLP layers in the block design, which
ensures computational efficiency.

Overall, our contributions are summarized as follows.

Paradigm. We propose Scaling4D, which takes a high-
level perspective on the VNVS problem, reformulating it
into a general correspondence-guided generation task.

Technology. We enable scalable training on large-scale
monocular real videos, develop a robust synthetic data
pipeline as a supplement to real-world data, and design an
appropriate network architecture to support our framework.

Significance. Scaling4D outperforms previous works in
both quantitative and qualitative results.

Scalability. Our framework exhibits scalability as the
data volume increases, indicating its promising potential.

2. Related Work

2.1. Video Generation

Foundation Model. Since the adoption of diffusion [19,
42] and flow matching [29] techniques in video generation,
the quality of generated videos has been rapidly improving.
Several commercial-grade models—including Kling [25],
Dreamina [4], Veo3 [17], and Sora [33]—have demon-
strated impressive performance. Early open-source mod-
els, such as AnimateDiff [18] and SVD [3], adopted UNet
architectures with spatial attention and additional tempo-
ral modules. More recent models, such as Wan [45] and
Hunyuan Video [24], have increasingly employed DiT [36]
architectures, replacing convolutional structures with fully
transformer-based designs. At present, the architectural de-
sign of video generation models has become increasingly
unified, which has also inspired the design of our network
architecture. The rich priors in video generation models
play an important role in video novel view synthesis.

Controllable Generation. Controllability is an important



topic in video generation, allowing us to specify conditions
beyond text and the initial frame. Using spatial motion as a
condition [12, 13] enables the generated results to follow a
specified motion trajectory. Employing a reference portrait
image as a control [22, 26] allows for personalized charac-
ter generation. In this work, we utilize the input video and
correspondence guidance as control signals for generation.

2.2. 4D Scene Representation

Representing dynamic 4D scenes [5, 6, 11, 34, 37, 47, 48]
is a long-standing challenge in computer vision and graph-
ics. Traditional explicit representations, such as animated
triangle meshes [48], often require significant manual ef-
fort. In recent years, implicit neural representations have
gained significant traction. Dynamic Neural Radiance
Fields (NeRF) [34, 35, 37] model a scene as a continu-
ous function of space and time, enabling high-fidelity re-
construction of complex, non-rigid motion. Similarly, 4D
Gaussian Splatting (4D-GS) [41, 47] extends its 3D coun-
terpart by modeling the temporal evolution of 3D Gaus-
sians, achieving real-time rendering of dynamic scenes.
NeRF and Gaussian-based methods achieve excellent opti-
mization results based on multi-view inputs. The reliance of
these powerful methods on multi-view inputs underscores
the importance of our task, which can generate multi-view
videos from single-view videos.

2.3. Generative Video Novel View Synthesis

Rather than relying on reconstruction-based strategies [37,
47], some recent video novel view synthesis methods [2, 16,
39, 52] employ a generative approach, which can synthe-
size novel views from a limited single input view by lever-
aging the powerful priors embedded in foundation mod-
els [25, 45]. TrajectoryCrafter [52] and GEN3C [39] ren-
der point maps in novel views and train the video model on
an inpainting task. ReCamMaster [2] employs the implicit
geometry representation as control and trains with synthetic
data. We rethink the task from a new perspective, reformu-
lating it into a general correspondence guided task.

3. Method
3.1. Preliminary: Point Map Guided VNVS

Recently, several methods [39, 52] have achieved notable
success in VNVS task by leveraging explicit 3D geome-
try to guide powerful pre-trained video diffusion models.
This paradigm effectively decouples the problem into two
stages: first, establishing a geometrically-grounded control
signal, and second, using a conditional diffusion model to
render a high-fidelity video based on this signal. The pro-
cess typically begins with a source view video denoted as
I* = {3}, € R3XhXW where n is the number of
frames, h and w represent the height and width of each
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Figure 3. The process of extracting I*, I* and C” from raw video.

frame, and the superscript s refers to “source”. A monoc-
ular depth estimator [20, 51] is employed to predict a cor-
responding depth map D* = {D$}? ; € R"*h*w_ This
RGB-D information is then unprojected into a 3D point map
P = {P;}1, € Rvx6xhxw with 3D spatial coordinate and
RGB color using camera intrinsics K € R3*3:

P; = & 1[I, Df],K), Vi € [1,n] )

where ® ! denotes the inverse perspective projection. This
point map serves as an explicit representation of the scene
geometry. Given a target camera trajectory defined by a se-
quence of camera poses T™ = {T7}1 , € R"*4*4 where
the superscript r refers to “rendered”, this point map P
is then rendered into the target novel view:

I} = &(T;P;, K), 2

where ® denotes the perspective projection. Further, there is
a render mask video M" = {M!}7 , € R**"*¥ jndjcat-
ing which pixels are rendered. Finally, the pair (I", M") €
R7x4xhxw actg as the control signal to generate the novel
view video. Theoretically, this process can be regarded as
an inpainting problem, where the regions indicated by M"
are preserved from I", and the complementary regions need
to be filled in by the video generation model.

3.2. Paradigm Upgrade: Correspondence Control

As analyzed in Fig. 2, the method reviewed in Sec. 3.1 may
result in a training-inference gap. How can we fundamen-
tally overcome this gap? If multi-view videos are available,
we can obtain ground truth video, thereby removing the gap.
Let us use logical symbols to represent the entire frame-
work:

—1 r
rfopTrop et 3

where Gy denotes the video generation model, I* is the
generated result, I' represents the ground truth video (the
superscript ¢ refers to “target”), <= means the process of
training with ordinary flow matching loss.

However, the above training paradigm does not work for
large-scale real-world videos, as ground truth I? from target
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Figure 4. Overview of our synthetic data pipeline, including compositional scene layouts, procedural character generation, obstacle-aware
camera trajectories, and storage of RGB images, depth maps, and camera matrices.

viewpoint is unavailable. Furthermore, as previously dis-
cussed, no matter how much synthetic data we generate, it
cannot match the scale of real-world data. Therefore, it is
necessary to upgrade the paradigm and develop a frame-
work that differs from the one above, enabling scalable
training on large-scale in-the-wild monocular video data.

Fortunately, we have identified a very simple solution.
By revisiting Eq. 3, we observe that the composite operation
of =1, T", and ® essentially defines a correspondence on
the 2D image plane, which we denote as C" = {C7}7_, €
R7*2xhxw This correspondence is mathematically equiv-
alent to the combination of the three operations:

C <= doT 0d ' (4)
Substituting Eq. 4 into Eq. 3, we have:
rr e ar (5)

Note that the process from I° to I" is actually a warping
operation rather than rendering. However, for the sake of
convenience, we still use the superscript  and denote the
warped video as I". At this point in the derivation, we
make an exciting observation: for any in-the-wild monoc-
ular video, we can arbitrarily select two clips as I° and
I, respectively. By applying an optical flow model (e.g.,
RAFT [43]), we can obtain the correspondence C” between
them, as shown in Fig. 3. In this way, the framework de-
scribed in Eq. 5 forms a complete training loop, allowing us
to leverage large-scale in-the-wild monocular video data for
training. It is worth noting that when performing warping

with C", there might be cases where multiple source pixels
correspond to the same target pixel. In the training phase,
we randomly select one among these source pixels. In the
inference phase, we employ a z-buffer (since we can obtain
the point map) to select the pixel with the smallest depth.

The control signal is set as (I*,C",I".M") €
R*9xhxw \yith this design, we complete the paradigm
upgrade. Our framework is now capable of scaling to large-
scale real-world monocular data, enabling scalable training
by unifying training and inference within a shared corre-
spondence space.

3.3. Synthetic Data Pipeline

Although our framework can utilize real-world data, syn-
thetic data remains important. Real videos often suffer from
limited correspondence accuracy. To address this, we build
a synthetic data pipeline for precise correspondence, while
also working to mitigate diversity limitations.

For synthetic scenes, we can render I° and It, and record
P and T". This allows direct computation of C” (as de-
scribed in Eq. 4) and straightforward application of the
training framework (as described in Eq. 5).

We utilize the cinematic-quality Procedural Dependency
Graph (PDG, a procedural architecture designed to dis-
tribute tasks and manage dependencies, enabling better
scalability, automation, and analysis for content pipelines)
tool, Houdini [40], to construct the data pipeline (as shown
in Fig. 4.). All of our assets are constructed in USD [44]
format, which stores all 3D contents (geometries, materials,
animations), leveraging its variant mechanism to equip each
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Figure 5. Network structure of our method. The trainable modules
include the Correspondence Projector and the VNVS Block.

asset with multiple appearances—randomness via variant
index selection, extensibility via custom variant additions.
Compositional scenes. We collect a diverse set of room
layouts, each containing numerous 3D bounding boxes, fol-
lowing the format of SpatialLM [31]. For each asset cate-
gory, we create multiple variants to increase scene diversity.
Procedural Characters. We collect a wide range of char-
acter models with diverse body shapes, clothing, hairstyles,
and motion sequences. To enhance diversity, we also em-
ploy randomized combinations of these attributes.

Camera Trajectories. We generate diverse camera trajec-
tories by first sampling points in the 3D space and then con-
necting selected points with smooth curves to form the cam-
era paths. All trajectories are strictly constrained to avoid
obstacles within the scene. Additionally, we support the
specification of target points of interest, ensuring they re-
main within the camera’s view throughout the trajectory,
which further enhances the realism of the generated paths.
Data Storage. For each video, we store RGB image se-
quences, depth maps, and per-frame camera matrices.

3.4. Network Structure

For the network structure, we introduce two key compo-
nents (see Fig. 5): Correspondence Projector and VNVS
Block. Our proposed architecture is theoretically compat-
ible with any foundation model, allowing for flexible in-
tegration across different generative frameworks. Specifi-
cally, we utilize an MMDIiT model, which employs a 3D
VAE to encode videos into the latent space and leverages a
LLM to encode text inputs. These two modalities are jointly
processed and interact within the MMDiT blocks, enabling
effective cross-modal fusion over the generation process.
Correspondence Projector. As described in Sec. 3.2,
the control signal is a 9-channel tensor (I*,C",I",M").
We employ a series of convolutional layers followed by a
patchifying layer to encode the input tensor into control to-
kens, denoted as F,;, whose shape matches the latent token
shape used in the original DiT architecture.

VNVS Block. The original foundation model lacks explicit
mechanisms for incorporating control tokens F,; informa-

tion exchange between blocks is restricted to text features
F and video features F,;q. To address this limitation, we
introduce VNVS Blocks between the pretrained blocks of
the foundation model. Each VNVS Block accepts both F .,
and F\;4 as inputs, and outputs the updated video features
F.iq only, while keeping the text features unchanged (ex-
plicitly decoupled from text tokens, preserving the prompt-
following capability). Specifically, the attention mechanism
within the VNVS Block is formulated as:

Fvid < Fvid + Attn(Qvid + Qcorv Kvid + Kcom Vvid + Vcor)
(6)
where Q, K, and V denote the query, key, and value projec-
tions of the video and correspondence features, respectively.
The updated video features F;q are then seamlessly prop-
agated to the subsequent pretrained blocks, thereby main-
taining compatibility with the original model design.

We apply summation over the query, key, and value pro-
jections of the video and control tokens to enable joint at-
tention across both modalities. This is feasible because the
control tokens are spatially aligned with the video tokens.

Unlike usual transformer blocks, we omit the feed-
forward network (FFN) layers in our design. This choice
not only reduces computational overhead, but is also sup-
ported by prior works [53], which have demonstrated that
FFN layers primarily capture long-term memory, whereas
transient contextual memory is mainly handled by attention
layers. We argue that controllability is inherently a form of
transient contextual memory, and our experiments further
verify the effectiveness of this architectural design.

4. Experiments

4.1. Experiment Settings

Implementation Details. We train with 49 frames, resolu-
tion 480 x 480 for each video. During training, we utilize
the pre-trained optical flow estimator RAFT [43] to com-
pute dense correspondences from sequential video frames.
During inference, we estimate depth maps of source videos
using GeometryCrafter [51]. The training process is per-
formed on 64 A100 GPUs, with a world batch size of 256.
We use AdamW [30] with a learning rate of 4 x 102,
Datasets. For real-world training data, we use the Spa-
tialVID [46] dataset, which contains approximately 3M
monocular videos with rich camera movement. For syn-
thetic training data, we generate 10,000 training sam-
ples using our pipeline. We evaluate the model perfor-
mance on both single-view and multi-view video bench-
marks. For the single-view testing set, we randomly ex-
tract 400 videos from Panda-70M [8] dataset. For multi-
view testing set, we follow previous works [52] and use the
iPhone dataset [14], pixel-wisely evaluating the quality of
the synthesized videos with the ground truth target video.
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Figure 6. The qualitative results on the single-view dataset. From left to right, we display target camera trajectory, input images, results of
ours, GEN3C [39], TrajectoryCrafter [52], Voyager [21] and ReCamMaster-Wan [2], respectively.

Method FID | FVD | CLIP-T 1 CLIP-F 1 CLIP-V 1 RotErr | TransErr |
GEN3C [39] 69.35 442.70 27.43 98.49 90.14 6.98 299.68
TrajectoryCrafter [52] 68.94 425.20 27.35 98.37 90.41 6.65 320.38
Voyager [21] 68.41 414.89 27.38 98.11 91.07 7.04 347.57
ReCamMaster-Wan [2]  83.71 635.86 27.14 98.37 86.21 12.29 737.71
Ours 62.83 411.17 27.79 98.55 91.81 6.48 286.77

Table 1. The quantitative results on the single-view dataset. The best results are highlighted in bold.

Evaluation Metrics. For rigorous and comprehensive eval-
uation, we adopt a suite of metrics from prior works to as-
sess various aspects of generation quality. Following [2],
we report FID, FVD, CLIP-T, CLIP-F, CLIP-V, RotErr,
and TransErr. Additionally, following [52], we include
PSNR, SSIM, and LPIPS. These metrics enable effective
measurement of both control accuracy and visual quality.

Comparison baselines. For a comprehensive evaluation,
we compare our method against several state-of-the-art ap-
proaches: GEN3C [39], TrajectoryCrafter [52], Voy-
ager [21], and ReCamMaster [2]. To ensure a fair compar-
ison, we re-implement GEN3C [39], TrajectoryCrafter [52],
and Voyager [21] within our framework, using the same
foundation model for all methods. For ReCamMaster, we
failed to successfully train it on our foundation model,
which might be due to incompatibilities between the model
architectures. Therefore, we report results using their offi-
cial pre-trained model built upon Wan [45], referred to as
ReCamMaster-Wan. To accommodate its requirements, we
adjust the input videos to a resolution of 480 x 832.

TrajectoryCrafter [52] employs a double reprojection
strategy that reframes novel view synthesis as a strict in-
painting problem. As a result, it struggles to handle occlu-
sions and often fails to accurately inpaint foreground ob-
jects over the background. GEN3C [39] and Voyager [21]
construct training data based on inter-frame camera align-
ment; however, real-world videos typically contain non-
rigid motions, which leads to even more pronounced ar-
tifacts. ReCamMaster-Wan [2] utilizes implicit geometry
representation (camera matrix) as control signals, but it is
relatively coarse and the generalization across diverse cam-
era trajectories remains questionable. We show the detailed
results and comparisons in the following sections.

4.2. Evaluation on Single-view Video Dataset

For fair comparison, all methods are evaluated using iden-
tical, randomly sampled camera trajectories. Quantitatively
(Tab. 1), our method achieves state-of-the-art performance
across all metrics, validating its superior visual quality and
control accuracy. In the first case of Fig. 6, GEN3C, Voy-
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Figure 7. The qualitative results on the multi-view dataset. From left to right, we display ground truth images, results of ours, GEN3C [39],
TrajectoryCrafter [52], Voyager [21] and ReCamMaster-Wan [2], respectively.

Method PSNR1 SSIM?t LPIPS |
GEN3C [39] 14.09 0.304 0.531
TrajectoryCrafter [52] 14.13 0.309 0.539
Voyager [21] 14.03 0.303 0.513
ReCamMaster-Wan [2] 10.25 0.318 0.709
Ours 14.85 0.336 0.468

Table 2. The quantitative results on the multi-view dataset.

ager, and TrajectoryCrafter all exhibit significant visual ar-
tifacts with the candle and the cake in the scene. Specif-
ically, the candle either disappears entirely or is corrupted
by severe noise and artifacts, while noticeable holes appear
beneath the cake. These failures are primarily due to their
point cloud-based inpainting paradigms, which struggle to
handle occlusions and reconstruct fine foreground details.
ReCamMaster-Wan does not exhibit obvious visual artifacts
such as missing candles or holes beneath the cake. How-
ever, its generated camera trajectory is almost static, in-
dicating poor generalization to novel camera motions and
limited control over viewpoint changes. In the second case
of Fig. 6, GEN3C, Voyager, and TrajectoryCrafter all fail
to complete the back of the chair. In contrast, our method
not only generates stable and complete view transforma-
tions that are temporally coherent with the input dynamic
video but also demonstrates highly precise camera control.
This shows that our approach effectively satisfies the spatio-
temporal consistency crucial for 4D generation tasks.

4.3. Evaluation on Multi-view Video Dataset

On the multi-view iPhone [14] dataset, our method es-
tablishes clear quantitative superiority (Tab. 2). Visually
(Fig. 7), GEN3C and Voyager produce noticeable visual
artifacts, while TrajectoryCrafter fails to inpaint occluded
backgrounds. Moreover, ReCamMaster-Wan fails to handle
camera cuts and requires the initial camera pose of the tar-
get trajectory to be aligned with the source frame. Since the

Source View Target View Flow Correspondence Depth-based Correspondence

Figure 8. Visual comparison between flow-based and depth-based
correspondence on a static scene. The strong alignment effectively
bridges the training-inference gap.

first frame of target trajectory in this test set is not aligned
with the source frame, ReCamMaster-Wan is unable to pro-
cess these cases well, resulting in complete failure on this
dataset. In contrast, our method accurately follows the cam-
era trajectory and delivers high visual quality in the results.

4.4. Analysis of the Training-Inference Gap

To validate that Scaling4D effectively bridges the training-
inference gap, we analyze the alignment between the flow-
based training correspondence Cj ,, and the depth-based
inference correspondence Cf,, across 100 static videos.
As shown in Fig. 8, they align remarkably well (EPE
J= 1.18 px; vec-corr 1= 0.986). Although highly corre-
lated, Cf,,, exhibits slightly rougher spatiotemporal statis-
tics than Cgo it TV1(C) = E[[|Vue[l1 +|Vor[[1]: 0.151 vs.
0.146; LapE(C) = E[||Aut |3 + || Ave||3]: 0.213 vs. 0.082;
Temp(C') = E[||Ct—Ci—1|2]: 2.47 vs. 2.43. Consequently,
training with the inherently rougher Cf_,, forces the model
to learn noise-resistant mappings, enhancing its robustness
when evaluated on Cj,,, during inference.

4.5. Ablation Study

We conduct ablation studies on several variants against our
full model in Tab. 3. In the first row (Ours + DoubleProj),
we train our model with additional double reprojection data.
In the second row (Ours w/o RealData), the model is trained
solely on synthetic data, excluding any real data. In the third
row (Ours w/o SynData), the model is trained only on real



Method | FID | FVD | CLIP-T ¢ CLIP-F 1 CLIP-V RotErr | TransErr |
Ours + DoubleProj | 65.17 439.77 27.64 98.51 91.66 6.27 282.85
Ours w/o RealData | 64.26 472.62 27.61 98.48 91.20 6.79 318.61
Ours w/o SynData | 63.61 409.16 27.84 98.59 91.84 6.58 308.92
Ours 62.83 411.17 27.79 98.55 91.81 6.48 286.77

Table 3. Ablation study on the single-view dataset. Results on different variants of our method: training with additional double reprojection
data (Ours + DoubleProj), training solely on synthetic data (Ours w/o RealData) and training exclusively on real data (Ours w/o SynData).
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Figure 9. Scalability analysis of different metrics with respect to the training data volume. The x-axis represents the amount of training
data, while the y-axis shows the corresponding metric scores on the testing set.

data, without any synthetic data. Based on the results in
Tab. 3, we highlight some key findings here.

Impact of Double Reprojection Data. The inclusion of
additional double reprojection data (Ours + DoubleProj)
leads to improved pose precision (lower RotError and
TransError), as this data inherently lacks correspondence
errors. However, the visual quality is degraded, which is
consistent with the analysis of inpainting-based methods.
Impact of Real Data. When the model is trained without
real data (Ours w/o RealData), there is a significant degra-
dation across most metrics, particularly in visual quality.
Synthetic data alone, despite its feasibility for training (as
in ReCamMaster [2]), cannot fully compensate for the rich-
ness and diversity provided by real-world observations.
Impact of Synthetic Data. When we remove synthetic data
(Ours w/o SynData), we observe a decline in camera pose
precision, indicating that synthetic data has the potential to
enhance control precision. Moreover, while the absence of
synthetic data leads to a slight improvement in visual qual-
ity metrics, the numerical differences are not substantial,
which further underscores the robust capability and diver-
sity of our synthetic data generation pipeline.

4.6. Scalability with Data Volume

We further explore the scalability of data volume, as illus-
trated in Fig. 9. All experiments share a consistent total
number of training iterations, with the number of epochs ad-
justed inversely to the data volume. Specifically, the settings
are: 1k data with 3000 epochs, 10k data with 300 epochs,
100k data with 30 epochs, and 3000k data with 1 epoch.
Our observations from Fig. 9 reveal several key insights:

Positive Correlation with Data Volume. When the train-
ing data volume is small, the overall quality of the trained
model is generally suboptimal across all evaluated metrics.

As the training data volume increases, we consistently ob-
serve an improvement in both visual quality metrics (FID
and FVD decrease, CLIP-V increases) and pose accuracy
metrics (RotError and TransError decrease). While this
improvement is not strictly linear, it demonstrates a clear
positive correlation between data volume and model per-
formance. This trend confirms that our method effectively
leverages larger datasets to enhance its capabilities.
Approaching Pose Accuracy Ceiling. For pose accuracy
metrics (RotError and TransError), improvements tend to
plateau at high data volumes (e.g., from 100k to 3000k).
This indicates that the control precision approaches an up-
per limit given the current architecture and task complexity.
Potential for Further Visual Quality Improvement. For
visual quality metrics (FID, FVD, CLIP-V), while resource
constraints prevent us from reaching a saturation point, their
upward trend indicates significant potential for further im-
provement with more data, inspiring future study.

5. Conclusion

In this work, we introduced Scaling4D, a novel framework
that pushes the frontier of video novel view synthesis by re-
formulating it as a correspondence-guided generation task.
This key insight allowed our model to be trained in a self-
supervised manner on large-scale video data, using opti-
cal flow as a dense correspondence signal. By doing so,
Scaling4D directly addressed the critical data scarcity issue
and bridged the training-inference gap inherent in previous
inpainting-based approaches. Our extensive experiments
demonstrated that Scaling4D not only achieved state-of-the-
art results in generating high-fidelity, consistent novel views
but also, crucially, exhibited strong scalability with increas-
ing data volume, confirming the effectiveness and potential.
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