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STATIC MULTI-VIEW NVS DYNAMIC MONOCULAR NVS

"Camera pans across a cozy room with a tan sofa, lamp and plant on
a side table, hardwood floors, and a desk with a black office chair."

DYNAMIC MULTI-VIEW NVS

CAMERA CONTROL TASKS

KEYFRAME INTERPOLATION
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Fig. 1: OmniView: Common 4D consistent video generation tasks can be broken
down into three control dimensions: controlling time, space, and the number of con-
ditioning views. OmniView systematically models these three dimensions of control
with one unified modeling and data sampling design, naturally enabling a variety of
tasks such as static and dynamic novel view synthesis, camera control, key-frame in-
terpolation, and so on.

Abstract. Prior approaches injecting camera control into diffusion mod-006 006

els have focused on specific subsets of 4D consistency tasks: novel view007 007

synthesis, text-to-video with camera control, and image-to-video, amongst008 008

others. These fragmented approaches are trained on disjoint slices of009 009

available 3D/4D data. We introduce OmniView, a unified framework010 010

that generalizes across a wide range of such tasks. Our method sep-011 011

arately represents space, time, and view conditions, enabling flexible012 012

combinations of these inputs. We introduce a RoPE mechanism in Dif-013 013

fusion Transformers (DiTs) for disentangling spatial and temporal infor-014 014

mation, enabling unified training with a wide variety of 3D/4D datasets.015 015
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OmniView can synthesize novel views from static, dynamic, and mul-016 016

tiview inputs, extrapolate trajectories forward and backward in time,017 017

and create videos from text or image prompts with full camera control.018 018

OmniView is competitive or outperforms task-specific models across di-019 019

verse benchmarks and metrics, improving image quality scores among020 020

camera-conditioned diffusion models by up to 33% in multiview NVS021 021

LLFF dataset, 60% in dynamic NVS Neural 3D Video benchmark, 20%022 022

in static camera control on RE-10K, and reducing camera trajectory023 023

errors by 4x in text-conditioned video generation. With strong gener-024 024

alizability in one model, OmniView demonstrates the feasibility of a025 025

generalist 4D video model.026 026

1 Introduction027 027

When trained on raw internet-scale data, video diffusion models internalize028 028

strong 3D priors [33,43,57]. They can synthesize long, coherent camera motions029 029

and maintain scene layout without any explicit geometry [47]. Yet, by default,030 030

they offer little explicit 3D control. To deploy them in applications such as vir-031 031

tual/augmented reality, film production, robotics, or autonomous driving, they032 032

need to be controllable. Many applications become possible if we can control how033 033

the generator’s camera moves in space and in time. Naturally, this motivation034 034

has driven multiple sub-fields of computer vision to develop specialized solutions.035 035

Camera redirection now exists for multi-view static [18, 90] and dynamic Novel036 036

View Synthesis (NVS) [6, 60], camera control with text-to-video (T2V) [21, 76],037 037

image-to-video (I2V) [73] with camera control, or video-to-video (V2V) [5].038 038

However, existing approaches are fragmented along task, architecture, and039 039

data. Methods designed for multi-view static NVS focus on reconstructing a040 040

single scene from sparse views [90], achieving strong 3D consistency but only041 041

at a fixed timestamp, and thus cannot handle dynamic videos. Camera-control042 042

T2V/I2V models convert text or a single image plus a camera trajectory and gen-043 043

erate a moving video, but their architectures cannot ingest full input videos [21].044 044

V2V redirection models accept a source video and re-render it from a new camera045 045

path at matched timestamps, yet they typically cannot operate with multi-view046 046

inputs [5]. Some works rely on explicit geometric representations (depth maps,047 047

point clouds, or other 3D/4D fields) for consistency [50, 69, 82, 83], rather than048 048

exploiting the implicit 3D priors already present in video models.049 049

Because each family of methods is tailored to a narrow I/O configuration,050 050

they are trained on disjoint slices of available 3D/4D data, leaving most available051 051

geometric supervision unused. We argue that a single, flexible framework that052 052

can express all these tasks, trained on heterogeneous datasets, should improve053 053

generalization across 3D tasks and substantially reduce deployment overhead.054 054

Our approach, OmniView, instantiates such a unified framework as a single055 055

video generative model for diverse view-synthesis tasks. We model each image I056 056

as a sample from a 4D world, parameterized by a camera pose p and a timestamp057 057

t. Under this view, static multi-view NVS corresponds to varying p1:N and a058 058

target pose pt while keeping t fixed; I2V with camera control corresponds to059 059
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predicting frames at future times t1:N along target poses pt
1:N given an input060 060

(I0,p0, t0); and V2V camera redirection corresponds to re-rendering an input061 061

video from new poses pt
1:N at the same timestamps t1:N as the source.062 062

To realize this unified 4D formulation, we independently model space, time,063 063

and view conditions. First, we adopt a Diffusion Transformer (DiT) [48] back-064 064

bone that naturally handles a variable number of input tokens. We tokenize each065 065

frame into a set of video tokens, concatenate tokens from all available inputs (im-066 066

ages, views, or frames), and condition generation on this sequence. DiTs already067 067

support temporal reasoning via spatio-temporal Rotary Positional Embeddings068 068

(3D RoPE) [52], which encode (x, y, t) for each token. Prior works typically inject069 069

camera information by encoding poses directly or mapping them to Plücker ray070 070

embeddings and then applying 3D RoPE to both video and camera-conditioned071 071

tokens. This entangles camera pose p and time t in a single positional embedding072 072

space, making it difficult for the model to learn 3D structure independently of073 073

temporal dynamics and often leading to overfitting to seen trajectories.074 074

To overcome this limitation, we explicitly disentangle space and time. We075 075

represent each token’s camera pose as Plücker rays and apply spatial 2D RoPE076 076

only to these Plücker features, then concatenate them channel-wise with the077 077

corresponding video token. Time is encoded separately via temporal RoPE on078 078

the video tokens. This design cleanly separates camera geometry from temporal079 079

evolution, while still allowing the DiT to jointly attend over all tokens. Combined080 080

with the variable-token design, this lets OmniView flexibly ingest arbitrary081 081

combinations of frames, views, and timestamps and thereby support a wide082 082

range of 4D inputs under a single architecture. We then devise a joint training083 083

strategy that mixes heterogeneous 3D datasets, each corresponding to different084 084

task configurations (multi-view static, dynamic, T2V/I2V with camera control,085 085

V2V redirection), so that the model learns shared geometric priors across them.086 086

We extensively evaluate OmniView on static and dynamic NVS benchmarks087 087

with monocular and multi-view inputs, as well as T2V/I2V camera-control tasks.088 088

OmniView consistently matches or outperforms specialized baselines, produc-089 089

ing high-fidelity, 3D-consistent videos. With up to 33% increase in SSIM scores090 090

in multi-view static NVS (LLFF dataset), 60% in dynamic NVS (Neural 3D091 091

Video), 20% in I2V + camera control (RE-10K), and ∼4× reduction in camera092 092

errors in T2V + camera control (RE-10K), OmniView demonstrates strong 3D093 093

consistency and fidelity across tasks, and generalization to input configurations094 094

not seen during training. Ablations validate the benefit of our RoPE design.095 095

2 Related work096 096

Camera-controllable video generation. The emergence of powerful text-to-097 097

video diffusion models [2, 10, 13, 43, 79] has fueled extensive research on con-098 098

ditioning generated videos with additional controls, such as camera parame-099 099

ters [4,20,38,51,56,65,67,77,88,89]. Early camera-control approaches integrate100 100

extrinsic camera information as part of the diffusion model’s conditioning, either101 101

through tailored encoders or numeric input channels. Models like MotionCtrl [65]102 102
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and CameraCtrl [21] encode camera poses or trajectories to enable user-directed103 103

viewpoint changes throughout video generation, but often require specific paired104 104

training data and show limited generalization when camera motions deviate105 105

from training regimes. Other strategies bypass model retraining by employing106 106

3D geometric cues, for example warping frames using estimated depth to match107 107

new camera placements and feeding these as priors during the denoising pro-108 108

cess [23,80], though these methods face a trade-off between enforcing geometric109 109

consistency and visual fidelity.110 110

Novel view synthesis and video-to-video generation. Generating unseen111 111

viewpoints from posed images or videos has advanced significantly in recent112 112

years [7,8,17,24,29,34,41,45,46,54,66,75,84]. Conventional novel view synthesis113 113

(NVS) frameworks leverage volumetric or Gaussian-based scene representations;114 114

meanwhile, feed-forward architectures [11, 12, 15, 26, 49, 55, 62, 81, 91] aim to di-115 115

rectly predict target views from sparse or multi-view input, but usually struggle116 116

in generalization tasks or under challenging domain shifts. Some recent works at-117 117

tempt to harness image/video generative models to infuse prior knowledge and118 118

regularize deficits of view synthesis, as in ReconFusion [69] and CAT3D [18].119 119

However, these strategies tend to be slow due to per-scene optimization depend-120 120

ing on robust inter-view alignment, as seen in ReconX [37] and ViewCrafter [83],121 121

which become error-prone in the presence of thin or ambiguous structures. Relat-122 122

edly, the video-to-video generation field [14, 39, 42, 61, 63, 64, 74, 78, 92] explores123 123

producing temporally consistent and controllable video outputs under various124 124

manipulation and conditioning tasks. Techniques such as GCD [56], Recap-125 125

ture [85], GS-DiT [9], DAS [19], and recent 4D-consistent pipelines [50,71,82] ex-126 126

ploit geometric and dynamic scene information, such as tracked 3D points [28,70],127 127

to condition or align the generative models, either via simulation or real-world se-128 128

quences. DimensionX [53] and GenXD [87] further explore generating 3D and 4D129 129

scenes by disentangling camera and object movements, and spatial and temporal130 130

factors, respectively. These approaches enable synchronizing generated outputs131 131

across multiple cameras or time but are typically constrained by how accurately132 132

dynamic scene content can be retrieved or tracked. Some works tackle 4D and133 133

multi-view video generation by training generative models directly on synchro-134 134

nized video collections [6,31,59,60,68,72], or by reconstructing an explicit scene135 135

representation first and then rendering views [35,37,86].136 136

While the methods above have made significant progress, they typically tar-137 137

get a narrow subset of 3D/4D tasks or are designed for a single setting—for138 138

example, camera-controlled text-to-video [3, 21, 65], single-image NVS [38, 51],139 139

or monocular video re-rendering [5, 82]. In contrast, OmniView unifies a broad140 140

range of tasks within a single model, including camera-controlled T2V/I2V gen-141 141

eration, multi-view static NVS, monocular or multi-view dynamic NVS.142 142

Consistency in video generation. Ensuring frame-to-frame and cross-view143 143

temporal or geometric consistency remains a critical challenge in video synthesis.144 144

Early efforts used 3D point clouds or height maps derived from input or generated145 145

content to guide learning and enforce consistency [16,42]. Others [30] propagate146 146

consistency across parallel generated video streams but may lose coherence when147 147
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scene elements leave the views of all sequences. Latent feature histories have148 148

also been used to improve consistency for streaming or autoregressive video149 149

generation approaches [22], though explicit, interpretable 3D control remains an150 150

open research direction.151 151

3 Method152 152

3.1 Preliminary: Video Diffusion Models153 153

Our framework builds on the popular architecture used in state-of-the-art text-154 154

to-video diffusion models [1, 2, 58, 79], which combine a 3D Variational Auto-155 155

Encoder (VAE) with a Diffusion Transformer (DiT) [48]. The VAE spatially156 156

and temporally compresses input videos into low-resolution latents that serve as157 157

compact representations for diffusion modeling. The diffusion process follows the158 158

rectified flow formulation [40], where the model learns to transform noise into159 159

coherent video latents through velocity prediction.160 160

Within this framework, the DiT operates directly in latent space. It first161 161

patchifies the 3D latent tensor into spatio-temporal tokens zxyt ∈ Rd, where162 162

x, y, and t denote the spatial and temporal coordinates of each d-dimensional163 163

token. These tokens are then processed through a stack of transformer blocks,164 164

each comprising a 3D spatio-temporal self-attention layer to capture motion and165 165

appearance consistency, a text cross-attention layer for semantic conditioning,166 166

and a feed-forward network (FFN) for feature transformation. This architec-167 167

ture enables efficient large-scale training and produces high-quality, temporally168 168

consistent video generations.169 169

3.2 Network Architecture170 170

As illustrated in Fig. 2, our model takes as input a set of images captured from171 171

different viewpoints and time steps, represented using Plücker ray maps. The172 172

objective is to denoise target tokens to generate video frames at any user-specified173 173

viewpoint and time. The configurations of context and target viewpoints and174 174

timestamps are flexible, enabling the model to adapt to a wide range of tasks.175 175

To realize this capability, we next investigate the optimal designs for integrat-176 176

ing context-frame conditioning, camera control, and the corresponding training177 177

strategies that best support these functionalities.178 178

Context image conditioning. To facilitate flexibility and scalability in the179 179

number of inputs to our model, we propose a network that performs token con-180 180

catenation as inputs to the DiT. The network takes as input a set of context181 181

tokens zctx
xyt (encoded from multiple input views), which are concatenated token-182 182

wise with a set of target tokens ztgt
xyt, where x, y, and t denote the spatial and183 183

temporal coordinates of the token vector. During the flow matching process, the184 184

target tokens are progressively denoised while attending to the clean context to-185 185

kens, which serve as conditioning inputs to guide generation. The overall input186 186

to the DiT is therefore represented as a joint sequence with zctx and ztgt.187 187
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Fig. 2: Overview of the network architecture. We concatenate source input tokens and
partly denoised target tokens as input to the DiT. Right: We apply an MLP to the
camera embeddings for each view followed by separate 2D/3D RoPE mechanisms for
camera and video tokens. The two sets of tokens have separate Query-Key projections
and are channel-wise concatenated when input to the Self-Attention operation.

Camera embeddings. To incorporate camera information, we utilize Plücker188 188

ray maps P ∈ R6×H×W , which represent the camera ray direction and origin for189 189

each image pixel. Our camera encoder Ec divides the ray map into patch vol-190 190

umes with the same spatio-temporal compression rate as the video VAE + DiT191 191

patchifier. These patch volumes are flattened channel-wise and passed through192 192

an MLP to obtain camera tokens for both context and target frames, denoted as193 193

cctx
xyt and ctgt

xyt, with resolution and channels matching that of the video tokens.194 194

Separate camera encoders are used for each DiT layer, allowing the model to195 195

flexibly modulate the influence of camera conditions at different network stages.196 196

A naive strategy for injecting camera tokens cxyt is to simply concatenate or197 197

add them to the corresponding video tokens zxyt. A similar approach is adopted198 198

in [5], where a camera encoder produces a 12-dimensional pose embedding that199 199

is added to the video tokens in every DiT block. However, this formulation200 200

entangles the spatial location of the camera and the temporal position of the201 201

corresponding frame within the video, as discussed below.202 202

Disentangling camera and temporal position embeddings. Video DiTs203 203

use 3D Rotary Positional Embeddings (RoPE) [52] to encode the spatial-temporal204 204

positions (x, y, t) of video tokens. Specifically, RoPE applies a frequency-based205 205

rotation on the queries and keys of a token:206 206

RoPE(qz
xyt) = R(qz

xyt,θxyt), (1)207 207

where θxyt denotes the sinusoidal phase parameters set by the position (x, y, t),208 208

see supplementary for details. qz
xyt denotes the query vector corresponding to209 209

the video tokens z, and Eq. 1 is similarly applied to the key vectors kz
xyt.210 210
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When camera embeddings cxyt, with corresponding query-key projections211 211

qc
xyt,k

c
xyt, are directly added to the video tokens prior to applying 3D RoPE,212 212

the transformation becomes:213 213

R(qz
xyt + qc

xyt,θxyt) = R(qz
xyt,θxyt) +R(qc

xyt,θxyt), (2)214 214

since RoPE is a linear projection. This formulation, however, entangles cam-215 215

era and temporal information: the camera embeddings are rotated according to216 216

their specific camera corresponding timestamps t, even though they should ide-217 217

ally remain temporally invariant. Consequently, the model tends to overfit to218 218

the specific camera trajectories seen during training, reducing generalization to219 219

unseen camera trajectories as it implicitly encodes temporal correlations into220 220

the camera embeddings. This is further discussed in Sec. 4.6.221 221

To address this issue and disentangle camera and temporal representations,222 222

we propose the following approach:223 223

(i) Setting t as a constant for camera tokens. To eliminate the temporal224 224

interference on the camera tokens, we propose fixing their temporal index to225 225

a constant value, i.e., t = 0, effectively reducing the 3D RoPE to a 2D form.226 226

Under this modification, separate RoPE transformations are applied to the video227 227

tokens and the camera tokens as follows:228 228

q̃z
xyt = R(qxyt,θxyt), q̃c

xyt = R(qc
xyt,θxy0). (3)229 229

For brevity, the corresponding formulation for key vectors k̃z
xyt,k̃c

xyt is omitted.230 230

(ii) Channel-wise concatenation of video and camera tokens. The RoPE-231 231

transformed camera queries and keys q̃c, k̃c and the video queries and keys q̃z, k̃z232 232

must be fused before being fed into the scaled dot-product attention. This fusion233 233

can be performed additively or via channel-wise concatenation. To analyze the234 234

design choices, we compare the resulting attention scores under both strategies.235 235

Let m = (x, y, t) and n = (x′, y′, t′) denote the spatial-temporal positions236 236

of the query and key tokens, respectively. Under additive fusion, the attention237 237

score is given by:238 238

Aadd
n,m = ⟨q̃z

m + q̃c
m, k̃z

n + k̃c
n⟩, (4)239 239

where ⟨·, ·⟩ denotes the inner product. We observe that Aadd
n,m introduces entan-240 240

gled cross-terms between the camera and temporal positions, i.e. ⟨q̃z
m, k̃c

n⟩ and241 241

⟨k̃z
n, q̃

c
m⟩, which can lead to undesirable deviations in the attention map and242 242

unstable interactions between spatial-temporal and camera embeddings.243 243

Instead, we advocate for channel-wise concatenation of the video and camera244 244

tokens, yielding an attention score of:245 245

Acat
n,m = ⟨[q̃z

m; q̃c
m], [k̃z

n; k̃
c
n]⟩ = ⟨q̃z

m, k̃z
n⟩+ ⟨q̃c

m, k̃c
n⟩, (5)246 246

where the camera tokens and video tokens are fully disentangled. In the canonical247 247

case where two frames at t, t′ share the same camera configuration (cxyt=cxyt′),248 248

regardless of their temporal index, the concatenation formulation yields a con-249 249

stant offset in the attention map, thereby maintaining behavior closely aligned250 250
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with the original temporal attention structure, as desired. We show ablations by251 251

exploring the two RoPE variants in Tab. 6 supporting our hypothesis.252 252

(iii) Separate QK projections for camera tokens. Finally, we find it crucial253 253

to further enhance the representation capacity of camera tokens by introducing254 254

separate query and key (QK) projection layers that transform the camera em-255 255

beddings c into qc and kc. This modification allows the model to learn camera-256 256

specific attention patterns distinct from those of the video tokens.257 257

The resulting transformer architecture is illustrated in Fig. 2, incorporating258 258

these design choices while computing the attention score as in Eq. (5).259 259

3.3 Training Setup260 260Table 1: Multitask training configurations
for various datasets in terms of number of
views V and number of latent frames F.

Task Type Datasets Context
(V ×F )

Target
(V ×F )

Monocular
Image NVS,
Multi-view
Image NVS

RE10K,
DL3DV,

ReCamMaster,
SynCamMaster

3×1,
2×1,
1×1

1×1

Monocular
Video NVS

ReCamMaster,
SynCamMaster 1×3 1×3

T2V+CamCtrl
RE10K,
DL3DV,
Stereo4D

–
1×3,
1×5,
1×10

I2V+CamCtrl
RE10K,
DL3DV,
Stereo4D

1×1
1×3,
1×5,
1×10

V2V+CamCtrl
RE10K,
DL3DV,
Stereo4D

1×3
1×3,
1×5,
1×10

We train on a diverse collec-261 261

tion of 3D/4D datasets (Tab. 1).262 262

Stereo4D [27] provides stereo videos263 263

with poses, though we use only one264 264

view per video (treating it as monoc-265 265

ular) since per-video stereo base-266 266

lines are unavailable, but take ad-267 267

vantage of its diverse pose annota-268 268

tions. RE10K [93] and DL3DV [36]269 269

serve as multi-view image NVS270 270

sources, while the synthetic Syn-271 271

CamMaster [6] and ReCamMas-272 272

ter [5] datasets provide temporally273 273

synchronized static and dynamic274 274

camera data, respectively. We target275 275

context and target configurations of276 276

1, 3, 5, or 10 latent frames with up to 3 context views. By varying these, the277 277

model generalizes to longer sequences and more views at test time (Fig. 6), and278 278

even to untrained task compositions such as multi-view video NVS (3×3 → 1×3).279 279

During training, we randomly sample a task and a supporting dataset. For280 280

static and dynamic NVS, context and target timestamps are identical. For camera-281 281

control tasks, target frames are sampled such that |ttgt0 − tctx0 | ≤ ∆, where ∆282 282

is a task-dependent offset, enabling I2V/V2V generation for both future and283 283

preceding frames relative to the context.284 284

4 Experiments285 285

The key takeaways of our experiments are: a) OmniView is capable of high-286 286

quality 4D consistency tasks across a wide variety of settings, including camera287 287

control and novel view synthesis for both static and dynamic scenes. b) Com-288 288

pared to specialized methods that focus on specific settings, OmniView effec-289 289

tively combines many types of camera and time conditions via our proposed290 290

RoPE, leading to generalization across a variety of tasks. c) As the number of291 291

input views increases, OmniView is able to effectively leverage the increased292 292
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Fig. 3: Example generations from OmniView. We show results on (a) dynamic
NVS; (b) static NVS; (c) text-to-video (T2V) with camera control; (d) image-to-video
(I2V) with camera control; and (e) frame interpolation. In all cases, OmniView pro-
duces high-fidelity, 3D-consistent videos that adhere to the input conditioning(s).

signal in the input to improve reconstruction quality. d) Through ablations, we293 293

show that our proposed camera RoPE design is crucial for effective modeling of294 294

camera and time conditions, leading to improved performance across tasks.295 295

4.1 Experimental Setup296 296

Implementation Details. We train OmniView on the dataset mixture in Tab. 1297 297

using the Wan 2.1 T2V 1.3B model [58] as the base architecture unless stated298 298

otherwise. Each iteration takes source views, target views, their cameras, and299 299

real-world timestamps as input. We train for 40K iterations on 32 H100 GPUs300 300

with a batch size of 64, linearly warming up the learning rate to 0.0001 over 3K301 301

iterations. During warmup, we train exclusively on the multiview static task to302 302

quickly adapt the Plücker ray map parameters and camera conditioning.303 303
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Fig. 4: Qualitative comparison of OmniView vs. baselines. OmniView con-
sistently well-performs against high-quality baselines across a diverse set of tasks.

Evaluation and Baselines. We evaluate OmniView on three task groups: a)304 304

Monocular Video NVS (Tab. 5), b) Multi-view Image and Video NVS (Tab. 2),305 305

and c) T2V/I2V+Camera Control. Our primary baselines are RecamMaster [5],306 306

TrajectoryCrafter [82], and GEN3C [50] for monocular NVS and I2V camera con-307 307

trol, while SEVA [90] serves as the multi-view baseline. Qualitative results are308 308

shown in Fig. 3. We report PSNR, SSIM, and LPIPS where GT views are avail-309 309

able, and camera trajectory quality via Rotation Error (RotErr) and Translation310 310

Error (TrErr) [21], using MegaSaM [35] to estimate trajectories from generated311 311

videos. Following [3], we compute per-scene metric scale to provide a reasonable312 312

scale whenever scale ambiguity arises. A comparison overview is shown in Fig. 4.313 313

4.2 Multi-view Static and314 314

Dynamic NVS315 315
Table 2: Quantitative comparison on
LLFF for static NVS with varying number
of input views. We outperform the base-
line [90] across all reconstruction metrics.

Method Views PSNR↑ SSIM↑ LPIPS↓

SEVA [90] 3 14.84 0.30 0.46
OmniView 15.43 0.38 0.41

SEVA [90] 6 15.36 0.32 0.43
OmniView 16.11 0.42 0.38

SEVA [90] 9 15.60 0.33 0.42
OmniView 16.49 0.45 0.34

We evaluate OmniView on the LLFF316 316

dataset [44] consisting of multiple317 317

view captures of a static scene. We318 318

sparsely sample 3, 6, or 9 input views319 319

and choose one test view. We com-320 320

pare against SEVA [90], a high-quality321 321

model that allows for multi-view in-322 322

puts with results shown in Tab. 2. De-323 323

spite not being specifically trained on324 324

more than 3 static views, we see that OmniView still outperforms the base-325 325

line in all evaluated settings. Visually, in Fig. 4(b), we can see that OmniView326 326

preserves details to a higher degree compared to SEVA.327 327
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Fig. 5: Qualitative visualizations on a scene in N3DV. We outperform [5,82] on single
view input while improving reconstruction quality with increasing number of input
conditions. [5] fails to generalize to the static camera trajectory unseen during training.
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Fig. 6: Increasing number of conditional views improves reconstruction on N3DV [32]
and is more aligned with the GT while outperforming [5, 82] with single view input.

This is similarly observed in the dynamic setting for N3DV, where we con-328 328

tinue to improve reconstruction quality from 1 to 5 views (Fig. 6) in terms of329 329

PSNR, SSIM, and LPIPS. We visualize the reconstructions in Fig. 5. As the330 330

number of views increases, the model is able to better resolve the scale ambigu-331 331

ity with static cameras producing increasingly more aligned generations with the332 332

GT view. Notably, our training configuration (Tab. 1) does not include the multi-333 333

view dynamic NVS task but includes only multi-view static NVS and monocular334 334

dynamic NVS. This highlights the capability of our model to generalize to not335 335

only more views or more frames, but also to new 3D/4D tasks which are combi-336 336

nations of trained tasks. This opens the avenue to potentially include a variety337 337

of inputs such as multiple view combinations of images and videos.338 338
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4.3 I2V/T2V+Camera Control339 339

While NVS targets generations with timestamps that are same as input condi-340 340

tions, I2V/T2V+Camera Control involves generating frames with target times-341 341

tamps not present in the input.342 342

Table 3: Quantitative comparison on
RE10K for the I2V+Camera Control task.
OmniView outperforms all baselines across
reconstruction metrics.

Method PSNR↑ SSIM↑ LPIPS↓

DimensionX [53] 14.30 0.47 0.46
GenXD [87] 15.18 0.55 0.56
TrajectoryCrafter [82] 16.94 0.53 0.36
Gen3C [50] 17.34 0.55 0.34

OmniView 19.20 0.66 0.28

For T2V, we pass no condi-343 343

tional views and only specify the tar-344 344

get trajectories. We evaluate both345 345

I2V/T2V on RE10K on a sub-346 346

set of 1000/2000 samples respec-347 347

tively. For I2V, we compare with Di-348 348

mensionX [53], GenXD [87],Trajecto-349 349

ryCrafter [82], and Gen3C [50]. For350 350

T2V, we compare with AC3D [3]351 351

on both its original CogVideoX [79]352 352

backbone and the same Wan 2.1 1.3B353 353

backbone as OmniView. Results are summarized in Tabs. 3 and 4 with visual-354 354

izations in Fig. 4.355 355

Table 4: Camera-error metrics on RE-
10K for T2V+Camera Control. We com-
pare AC3D on both its original CogVideoX
backbone and the Wan 2.1 backbone.

Method TransErr↓ RotErr↓

AC3D [3] (CogVideoX 5B) 5.170 1.365
AC3D [3] (Wan 2.1 1.3B) 14.034 2.292

OmniView (Wan 2.1 1.3B) 1.412 0.572

OmniView outperforms all I2V356 356

baselines across reconstruction met-357 357

rics by a significant margin (Tab. 3).358 358

For T2V camera control (Tab. 4),359 359

we outperform AC3D on its origi-360 360

nal CogVideoX backbone. Fig. 4(c)(d)361 361

shows that OmniView consistently362 362

follows the source video camera tra-363 363

jectory, compared to increased trajec-364 364

tory error in TrajectoryCrafter and Gen3C and AC3D’s inconsistency. In addi-365 365

tion, we observe that AC3D’s ControlNet-based camera injection struggles when366 366

trained on the Wan backbone (Tab. 4)—despite generating coherent videos, it367 367

fails to learn precise camera trajectories, suggesting that injecting camera con-368 368

trol via ControlNet with a frozen main model does not generalize well across ar-369 369

chitectures. In contrast, OmniView yields strong camera controllability across370 370

backbones, despite AC3D being trained primarily on the camera control task371 371

while we train on a variety of different 3D/4D tasks.372 372

4.4 Monocular Video NVS373 373

For this task, we extract camera trajectories for 45 real-world videos from the374 374

DAVIS dataset [25]. For each video, we evaluate on 3 camera trajectory types:375 375

Arc Left, Arc Right, and Spiral. Results are summarized in Tab. 5. Averaged over376 376

all trajectories, we outperform prior SOTA approaches of [5, 50, 82] in transla-377 377

tion error while remaining competitive in rotation error. Fig. 4(a) shows that378 378

OmniView maintains consistent content while Gen3C and ReCamMaster ex-379 379

hibits increased artifacts and altered background elements. Results from the380 380

N3DV dataset (Fig. 5) also demonstrate the effectiveness of OmniView. Com-381 381

pared to baselines, we obtain reconstructions well aligned with the ground truth.382 382
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Table 5: Quantitative comparison on different camera tra-
jectory types on DAVIS. We perform competitively against
prior SOTA Video NVS approaches while outperforming in
certain categories. TE and RE refer to Translation Error
and Rotation Error as defined in [21].

Method Arc Left Arc Right Spiral Overall

TE↓ RE↓ TE↓ RE↓ TE↓ RE↓ TE↓ RE↓

TrajCraft. [82] 14.37 4.00 24.92 2.64 23.11 2.05 20.80 2.90
ReCam. [5] 8.85 3.39 16.49 2.82 13.49 2.37 12.94 2.86
Gen3C [50] 129.17 2.62 21.80 1.39 25.72 1.71 58.90 1.91

OmniView 5.77 3.27 8.88 2.50 14.53 2.03 9.73 2.60

Note that our condi-383 383

tioning is largely im-384 384

plicit via encoded la-385 385

tents and we do not386 386

use any form of ex-387 387

plicit 3D supervision388 388

such as depth or point389 389

clouds apart from the390 390

metric scene scale. De-391 391

spite being trained on392 392

122K camera trajec-393 393

tories, ReCamMaster fails394 394

for this setting of static target camera and tends to implicitly induce camera mo-395 395

tion. This highlights the generalizability issue of using 3D spatiotemporal RoPE396 396

on camera conditions as discussed in Sec. 3 where the model fails to disentangle397 397

camera and time, resulting in poor out-of-distribution trajectory performance.398 398

4.5 Key-frame interpolation399 399

OmniView additionally provides the capability of conditioning generation based400 400

on past/future frames by changing the timestamps accordingly for the input401 401

frames. Fig. 3 shows qualitative results for keyframe interpolation with input first402 402

and last frames and static camera. We see that the intermediate frames produce403 403

realistic generations while also being consistent to the input frames highlighting404 404

the capability of our model to generalize to new tasks unseen during training.405 405

4.6 Ablation Study: Camera RoPE406 406

We conduct an ablation study on the N3DV dataset to isolate the contribution407 407

of each design choice introduced in Sec. 3. Table 6 shows results by adding our408 408

components. Our full model incurs only a modest overhead of +3.7% parameters409 409

and +0.8% FLOPs relative to the baseline. We describe each variant below:410 410

• Baseline (Plücker+3D RoPE): Plücker embeddings are added directly411 411

to the video hidden states, as is typical in prior work [5]. The standard 3D412 412

RoPE is implicitly applied to both video and camera embeddings.413 413

• +Constant t for camera tokens (Sec. 3.2(i)): We fix the temporal414 414

index of camera tokens to t=0, reducing their RoPE to 2D and removing415 415

temporal variation from camera embeddings. Video tokens retain full 3D416 416

RoPE. Camera and video tokens are summed before attention.417 417

• +Separate QK projections (Sec. 3.2(iii)): We introduce independent418 418

projection layers for the camera queries and keys, allowing the model to learn419 419

camera-specific attention patterns. This accounts for 3.7% added parameters.420 420

• +Channel-wise concatenation (Sec. 3.2(ii)): Instead of adding Plücker421 421

embeddings to video tokens, we concatenate them along the channel dimen-422 422

sion. As derived in Sec. 3, this yields a fully disentangled attention score423 423
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Table 6: Ablation study of our camera RoPE design choices on N3DV. Each row incre-
mentally adds one component from Sec. 3. Our full model adds only +3.7% parameters
and +0.8% FLOPs over the baseline.

Variant PSNR↑ SSIM↑ LPIPS↓ Params (M) FLOPs (G)

Baseline (Plücker + 3D RoPE) 13.68 0.309 0.509 1914.78 54719.73
+ Constant t for camera (Sec. 3.2(i)) 14.17 0.345 0.504 1914.78 54719.73
+ Separate QK projections (Sec. 3.2(iii)) 14.62 0.358 0.487 1985.60 55159.66

+ Channel-wise concat (Sec. 3.2(ii)) 15.46 0.376 0.456 1985.60 55160.81

⟨q̃z
m, k̃z

n⟩ + ⟨q̃c
m, k̃c

n⟩, avoiding the cross-terms that arise with additive fu-424 424

sion. The FLOPs overhead is negligible since attention is a small fraction of425 425

total compute relative to the QKV projection and MLP layers.426 426

Each component yields consistent improvement, and the full approach achieves427 427

the best performance across all metrics. This confirms the importance of our428 428

proposed camera RoPE design, which effectively disentangles camera and time429 429

conditions, leading to improved performance across tasks.430 430

Why time-invariant camera tokens? In all variants, the standard 3D RoPE431 431

is always applied to the video tokens exactly as in the base model, ensuring432 432

that temporal ordering and relative frame-to-frame distances are already fully433 433

encoded within the video representation. The camera tokens, by contrast, are in-434 434

troduced solely to convey spatial pose information and are not intended to carry435 435

any temporal signal. When 3D RoPE is additionally applied to camera tokens (as436 436

in the Baseline), the same input pose at different timesteps is mapped to differ-437 437

ent post-RoPE values—for instance, a static or looped camera trajectory would438 438

produce varying camera token representations across time despite corresponding439 439

to identical viewpoints. This unintended coupling between pose and time desta-440 440

bilizes camera conditioning and noticeably reduces controllability. Fixing t=0 for441 441

camera tokens avoids this issue entirely: the model reasons about camera pose442 442

exclusively via the camera tokens, while temporal progression is handled by the443 443

video tokens’ 3D RoPE, thereby maintaining a clean and principled separation444 444

of concerns between spatial and temporal dimensions. The consistent improve-445 445

ment observed from the baseline to the constant-t variant in Tab. 6 empirically446 446

confirms the effectiveness of this design choice.447 447

5 Conclusion448 448

In this work, we introduced OmniView, a novel framework that effectively inte-449 449

grates a variety of 3D/4D tasks into a single unified model. We develop a novel450 450

camera RoPE mechanism for decoupling spatial and temporal conditions input451 451

to the model, enabling flexible and scalable training across a wide variety of452 452

3D and 4D datasets. Our approach demonstrates superior performance across453 453

a range of diverse and challenging tasks, including accurate camera control and454 454

high-quality novel view synthesis for both static and dynamic scenes. In the fu-455 455

ture, we plan to explore further enhancements to the model architecture and456 456

training strategy, as well as investigate additional promising applications in the457 457

broader and rapidly growing domain of 4D content generation.458 458
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