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Abstract. Current visual generation models are capable of producing
high-quality content, yet they lack a coherent perception of the spatial
structure. Existing generative novel view synthesis methods typically in-
troduce explicit geometry priors, which enforce spatial consistency but
inherently restrict generalization in large view changes. In contrast, re-
cent interactive generative methods favor implicit scene modeling, offer-
ing greater flexibility at the cost of precise camera control and geome-
try consistency. In this paper, we propose MetaView, a diffusion-based
monocular novel view synthesis framework that enables rendering under
large view changes from a single image. Our key insight is to combine
implicit geometry modeling with minimal yet essential explicit 3D cues:
we incorporate implicit geometry priors from a feed-forward geometry
perception network to regularize structure without imposing restrictive
reconstruction pipelines, while leveraging metric depth to anchor the gen-
eration to a metric scale. This design allows MetaView to achieve both
geometry consistency and precise controllability. Extensive experiments
demonstrate that, under challenging monocular large viewpoint changes,
MetaView significantly outperforms existing methods and exhibits supe-
rior generalization. Our code will be made publicly available.
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1 Introduction

Benefiting from the proliferation of large-scale visual data, feed-forward paradigms
have emerged as an effective and scalable approach to 3D understanding and
generation. In 3D perception, recent works [25,56,57] show that direct mapping
from images to geometric representations offers superior efficiency and robustness
compared to traditional optimization-based pipelines. This trend has naturally
extended to visual generation, where diffusion-based [15,27] models reformulate
scene reconstruction as a data-driven pixel prediction problem. A pivotal yet
challenging task within this domain is monocular novel view synthesis (NVS),
which aims to synthesize target views under arbitrary camera poses given a sin-
gle source input as shown in Fig. 1. While existing methods attempt to address
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Fig. 1: Monocular novel view synthesis results. Upper: Visual comparisons
across different methods. Lower: Generalization of our MetaView in diverse scenes.

this by either incorporating explicit 3D representations [38, 66] or learning spa-
tial geometry in a purely implicit manner [14,49], they often struggle to balance
consistency with generalization capability under large viewpoint changes.

As shown in Fig. 2, existing diffusion-based NVS methods generally fall into
two categories. One line of research adopts a two-stage pipeline [1, 5, 18, 38, 66]:
an explicit reconstruction module first establishes a sparse scene representation,
which is then reprojected or warped to the target viewpoint to provide geomet-
ric conditions for a diffusion model. Such two-stage pipelines acquire explicit
priors through reconstruction, after which the diffusion model mainly performs
inpainting rather than spatial reasoning. While these explicit inductive biases
ensure local consistency, they are inherently constrained by the quality of sparse
reconstruction. Conversely, more recent works [14, 49, 52] attempt to construct
visual world models to synthesize novel views in a purely implicit manner by
directly conditioning on camera poses. Despite the remarkable progress in inter-
active generation, their 3D perception (e.g., scene depth) remains ambiguous,
leading to a scale drifting issue and spatial inconsistency during camera control.

We argue that enhancing spatial awareness in implicit generation models
requires moving beyond this dichotomy. Reliance on explicit reconstruction con-
strains generalization, while learning 3D structure purely from pixel supervision
is underdetermined. To this end, we present MetaView, a diffusion-based frame-
work that achieves precise camera control and high-fidelity synthesis without the
burden of explicit 3D reconstruction. Our key insight is to incorporate implicit
geometry priors and minimal yet essential 3D inductive biases to regularize the
generation process, endowing the model with improved spatial sensitivity and ro-
bust monocular novel view synthesis capacity. Specifically, we extract hierarchi-
cal features from a feed-forward geometry perception network (e.g., DepthAny-
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Fig. 2: Comparison of diffusion-based methods. Heavy reliance on explicit 3D
inductive biases leads to severe visual degradation, while fully implicit methods fail to
achieve effective camera control. Our method effectively addresses both issues.

thing3 [25]) as implicit priors to regularize generated scene structure with rela-
tive geometry relations. Following PRoPE [23], we encode camera intrinsics and
extrinsics into a modified Rotary Positional Encoding (RoPE) [47] to achieve
camera control. Simultaneously, to resolve scale ambiguity, we also assign the
metric scale cues of the input image into the modified RoPE by allocating an
extra subspace for the z-axis. Built upon a pretrained multi-modal diffusion
transformer (MM-DiT) [12, 61], MetaView incorporates these geometric signals
via non-invasive parallel attention layers, preserving the rich semantic knowledge
of the base model while injecting structured 3D awareness.

To facilitate a faithful evaluation of NVS under extreme variations, we also
introduce a new metric, Dense Matching Distance (DMD), which provides a more
accurate assessment of spatial alignment than low-level metrics. We conduct ex-
tensive experiments on several datasets, including DL3DV [26], RealEstate10K
[72], and Sekai-Real-Walking-HQ [24]. Experimental results demonstrate that,
MetaView significantly outperforms both reconstruction-based and purely im-
plicit methods. In particular, our method exhibits superior generalization and
more faithful geometric consistency under challenging large viewpoint changes.

Our contributions can be summarized as follows:

– We present MetaView, a robust monocular novel view synthesis method
capable of handling large viewpoint changes without explicit reconstruction.

– We introduce implicit geometry priors to facilitate relative geometric con-
sistency in complex scenes. Furthermore, we identify and mitigate the scale
drifting issue inherent in implicit generative models by injecting scale cues.

– Extensive experiments demonstrate that MetaView consistently outperforms
existing methods and exhibits strong generalization across diverse scenarios.
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2 Related Works

2.1 Text-to-Image Diffusion Models

Diffusion model [15] is a parameterized neural network that learns to approxi-
mate complex high-dimensional distributions through an iterative denoising pro-
cess, and has therefore become widely adopted in visual generation tasks. Latent
diffusion model (LDM) [39] performs denoising in a lower-dimensional latent
space and introduces conditions through cross-attention mechanisms, achieving
a favorable balance between generation efficiency and visual fidelity. Benefiting
from large-scale data collection, pretrained text-to-image (T2I) diffusion mod-
els have demonstrated remarkable image generation capabilities. Initially, large-
scale T2I models [34,36,37,39,41] adopt U-Net [40] architectures as the denois-
ing backbone. However, as model scales increased, Transformer-based DiT [35]
emerged as a more scalable alternative, offering improved generalization and flex-
ibility. Meanwhile, the flow-matching paradigm [13,27] gained traction due to its
streamlined theoretical formulation and stable training dynamics, and has been
widely adopted in modern pretrained models. Recent T2I models [4, 12, 21, 61]
typically employ a dual-stream Multi-Modal DiT (MM-DiT) [12] architecture
that separately models text and image tokens while enabling effective cross-
modal interaction. This design substantially improves instruction-following ca-
pability and scalability. Our method builds upon Qwen-Image-Edit [61], a variant
T2I model tailored for reference image editing. It augments the image stream by
concatenating reference image tokens during forward propagation, allowing the
model to perform generation conditioned on both text and visual inputs.

2.2 Feed-forward Geometry Estimation

Traditional geometry estimation systems [43,44,62,64] decompose 3D reconstruc-
tion into handcrafted feature extraction and joint optimization pipelines. Despite
the good performance in general scenes, they often suffer from limited robustness
and scalability. The emergence of DUSt3R [57] shifts this paradigm by directly
performing implicit modeling using a transformer, predicting camera poses and
depth maps in a feed-forward manner. Subsequent works [3,51,63,68] extend this
framework to handle a larger number of inputs, enabling geometry estimation
over broader scenes. VGGT [56] and its variants [10,30,58] further advance feed-
forward geometry estimation by leveraging multi-task supervision and large-scale
pretraining, substantially pushing the performance to a new level. More recently,
DepthAnything3 [25] adopts a minimal yet effective single-transformer architec-
ture, achieving higher efficiency and improved estimation accuracy in multiple
downstream tasks. Therefore, we employ the SOTA method DepthAnything3 as
our implicit geometry prior network.

2.3 Novel View Synthesis

Novel View Synthesis (NVS) [9,22,46] is a long-standing problem in computer vi-
sion and graphics. The emergence of Neural Radiance Fields (NeRF) [31] marked



MetaView 5

a breakthrough in NVS. NeRF parameterizes 3D representations via implicit
neural networks and synthesizes images via volume rendering. Subsequent re-
search [2, 7, 33, 48, 60, 65] focused on improving rendering fidelity and accelerat-
ing optimization. 3D Gaussian Splatting (3DGS) [20] improves reconstruction
efficiency and rendering quality by representing scenes as anisotropic Gaussian
primitives. Later works [8,50,65,67] attempt to loosen requirements on the input
views and incorporate neural decoders to enhance generalization.

More recently, diffusion-based generative models have emerged as an alter-
native framework for NVS [6,28]. ZeroNVS [42] leverages diffusion priors to per-
form 3D distillation. However, their generalization and geometric consistency
remain limited. Subsquent works [1, 45] approache NVS through 2D coordinate
warping, but lacks 3D awareness. Other works [5, 18, 38, 66] introduce explicit
3D caches to guide generation via conditioned inpainting. While these meth-
ods improve camera control and cross-view consistency, their reliance on explicit
reconstruction restricts generalization under sparse-view cases. A different line
of work [19, 53, 54, 71] explores large-scale implicit models for scene generation.
Recent works [14,49,52] pursue interactive world generation through direct pixel-
level regression. Although these methods employ camera pose as a control sig-
nal, their spatial geometry awareness remains ambiguous, resulting in imprecise
viewpoint control. In this work, we provide the model with spatial awareness
by injecting essential 3D cues and implicit geometric priors in a non-invasive
manner, striking a balance between controllability and generalization.

3 Method

Given a single source image Xsrc and a target camera pose T defined relative
to this image, our objective is to synthesize a novel view Xgen of the scene Xsrc

under the viewpoint specified by T . In this section, we first present an overview
of the DiT model used in our method (Sec. 3.1). Next, we introduce our approach
for injecting explicit 3D cues via RoPE (Sec. 3.2) and explain the extraction and
integration method of implicit geometric priors (Sec. 3.3). Finally, we describe
the adaptation strategy for the pretrained generation model through parallel
attention layers to incorporate these geometric signals (Sec. 3.4).

3.1 Preliminary

We adopt pretrained Qwen-Image-Edit [61] as our base model. It is a T2I model
built upon the MM-DiT [12] architecture and trained under the flow matching
paradigm [13,27], supporting both text and image conditions. The DiT network
vθ is composed of multiple stacked Multi-Modal Attention (MMA) blocks. Given
a reference image and a text prompt, both modalities are first patchified into to-
kens X = [Xsrc : Xgen] ∈ RN× d and C ∈ RM× d, respectively. These tokens are
processed in a dual-stream manner, where modality-specific tokens are initially
propagated through separate streams. In each MMA block, image and text to-
kens are projected into modality-specific Q, K, V , which are then concatenated
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Fig. 3: Overview of MetaView. Left: Our method is built upon the MM-DiT ar-
chitecture, which integrates the implicit geometry priors by adding a split stream in
the DiT. Right: We fuse geometry priors through self-attention mechanism, while in-
jecting scale cues via a modified spatial-aware RoPE to address the scale drifting issue.

along the sequence dimension and processed via self-attention mechanism [55],
enabling cross-modal interaction and information fusion:

Attention([X;C]) = Softmax

(
QK⊤
√
d

)
V, (1)

To preserve position relations, tokens are equipped with Rotary Positional
Encoding (RoPE) [47]. For text tokens, 1D RoPE is applied to encode relative
positions along the sequence. Both source image Xsrc and generated image to-
kens Xgen are assigned rotary transformations by (k, i, j), where k distinguishes
different images, and (i, j) denote the token’s coordinates on the 2D grid.

3.2 3D Cues Injection

The input condition is defined as the set {Xsrc,K, T}, where Xsrc ∈ RH×W×3

denotes the input image, K ∈ R3×3 is the corresponding camera intrinsic matrix,
and T = (R, t) ∈ SE(3) represents the relative extrinsic of the target viewpoint.
The 6-DoF parameterization of T encodes the camera position and orientation
in the world coordinate. Given a 3D point Xworld ∈ R4 in homogeneous world
coordinates, its projection onto the image frustum can be formulated as:

P̃ =
[
K 03×1

]
T, X̃ = P̃Xworld ∈ R3 (2)

where X̃ is the projected homogeneous image coordinate. Accurate projection via
this formulation requires that Xworld and T share a consistent metric scale. If the
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underlying scale of Xworld is misaligned with T , projection becomes ambiguous,
leading to the scale drifting issue commonly observed in SLAM systems.

Reconstruction-based methods [1, 18, 38, 66] typically estimate camera poses
and depth jointly, ensuring that geometric quantities are aligned within a consis-
tent metric scale. This alignment guarantees geometric consistency during view
transformation. In contrast, diffusion-based implicit methods [49,52] lack an ex-
plicit coupling between the provided camera pose and the scene scale internally
captured by the model. Since generation models do not explicitly reconstruct 3D
structure, the implicit geometry is scale-ambiguous, often resulting in unstable
viewpoint control under pose variation.

To mitigate this issue, we introduce the depth z with metric scale and incor-
porate aligned camera poses during training to eliminate scale ambiguity. Specif-
ically, to enable camera control, we follow PRoPE [23] to encode the intrinsic
and extrinsic K and T into RoPE, allowing the model to capture frustum-aware
geometric relationships. We adopt the off-the-shelf DepthAnything3-Metric [25]
to estimate metric depth z from the input image, explicitly anchoring the gener-
ation process to consistent spatial scale cues. In implementation, we allocate an
extra subspace within the RoPE to represent the z-axis component and assign
the extracted z to this dimension. The overall process can be formally expressed
as follows:

DRoPE
t =

[
DProj

t 0
0 DGrid

t

]
; DProj

t = Id/8 ⊗ P̃ ∈ R
d
2×

d
2 , (3)

DGrid
t =

RoPEd/6(it) 0 0
0 RoPEd/6(jt) 0
0 0 RoPEd/6(zt)

 ∈ R
d
2×

d
2 . (4)

where ⊗ denotes Kronecker product and I is identity matrix. RoPEd/6(·) con-
structs rotary embeddings in d

6 dimensions for (i, j, z) coordinates of token t. We
follow GTA’s [32] formulation to transform Q, K and V in the attention:

DRoPE ⊙Attn
(
(DRoPE)⊤ ⊙Q, (DRoPE)−1 ⊙K, (DRoPE)−1 ⊙ V

)
(5)

where ⊙ denotes matrix product.
Noting that we do not perform handcrafted reconstruction operations such

as depth lifting, thereby reducing the extra explicit 3D inductive biases. Unlike
methods such as PE-Field [1], we do not rely on fine-grained depth to model
relative geometry relationships. Instead, we downsample z to z′ to match the
spatial resolution of latent tokens in the attention layers and inject sparse cues
z′ through PE. This design provides an explicit measure of spatial scale, aligning
the model’s internal spatial perception with the camera geometry via RoPE.

3.3 Implicit Relative Geometry Priors

Relative geometric relationships are crucial for novel view synthesis. Although
diffusion models can implicitly capture certain relational geometry through pixel-
level prediction, object distortions and pose deviations frequently arise in dense
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and structurally complex scenes. To mitigate these issues while avoiding excessive
explicit 3D inductive biases that may hinder generalization, we incorporate fine-
grained implicit relative geometry priors to guide the generation process. Rather
than explicit reconstruction, our goal is to provide relative geometry cues that
regularize spatial reasoning within the implicit backbone.

Feed-forward 3D perception models [25, 56, 57] trained with multi-task ob-
jectives naturally capture rich geometry of scene structure. In addition, the
transformer-based architecture produce hierarchical intermediate features that
encode geometry in a tokenized form, making it suitable for integration into
DiT-based models.

Motivated by this property, we leverage intermediate features from the feed-
forward geometry model DepthAnything3 [25] as implicit geometry priors. Specif-
ically, given the source image Xsrc, we extract intermediate features from se-
lected layers that are originally fed into the decoder head for 3D prediction.
These multi-level features are concatenated along the channel and projected to
match the dimension d with image tokens via a linear projection layer WG:

G = WG([{fϕ}ϕ∈decode]) ∈ RL×d (6)

Thus the geometry-awared G are treated as geometry tokens, which are projected
to Q, K, V and then concatenated with image tokens X = [Xsrc;Xgen] in self-
attention:

Attention([X;G]) = Softmax

(
QK⊤
√
d

)
V, (7)

To ensure consistency, tokens are all encoded under the same RoPE formula-
tion introduced in Sec. 3.2. Similar to source image tokens Xsrc, G is associated
with the camera pose shifted to the origin, denoted as T o = I, and is also assigned
with the downsampled sparse depth z′. In contrast, the generated image tokens
Xgen corresponding to the target view are bound to the relative target camera
pose T , while their z-axis components are set to 0 to avoid directly constraining
the generated scene:

PE(Xsrc) = PE(G) = DRoPE(T o, z′); PE(Xgen) = DRoPE(T,0) (8)

Under this formulation, G inherently encodes relative geometric priors and are
additionally anchored with absolute scale through z′. The generated image to-
kens Xgen, conditioned on the relative transformation T , aggregating geometry-
aware guidance by attending to tokens defined under T o. This interaction enables
geometry-aware generation while preserving the implicit nature of the overall
framework.

3.4 Geometry-Guided Parallel Attention Adaptation

Our method is built upon a pretrained MM-DiT [12,61] backbone. To maximally
preserve its rich semantic knowledge, we freeze all pretrained parameters, thereby
preventing catastrophic forgetting. Instead, we introduce parallel attention layers
to inject both implicit geometry priors and scale cues.
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Specifically, we construct an additional geometry stream for the introduced
geometry tokens G, which feed forward alongside the original image and text
streams across DiT blocks. To maintain compatibility with the original MM-
DiT architecture, we do not alter the existing image–text attention. Instead,
within each block, we introduce a parallel image-geometry attention layer that
models interactions between X and G. The resulting features are added to fuse
with the original attention outputs, enabling structured 3D cue integration:

Out = Attention([X;C]) + Attention([X;G]) (9)

For the image–geometry attention layer, we introduce a dedicated set of pro-
jection parameters WX

Q ,WX
K ,WX

V ,WX
O and WG

Q ,WG
K ,WG

V ,WG
O which project

the image tokens X and geometry tokens G into their respective query, key,
value embeddings and output projection. To ensure parameter efficiency, G and
X share the same fixed feed-forward network (FFN) within each transformer
block. In addition, a linear projection layer WG is applied before feeding into
the network to map geometry tokens to the same channel dimension d as image
tokens. During training, only these newly introduced parameters are optimized,
while all pretrained backbone weights remain frozen. The model is trained under
the flow matching [27] objective:

LFM(θ) = Et,x0,x1,C,G

∥∥∥vθ(xt;C;G)− (x1 − x0)
∥∥∥2
2

(10)

4 Experiments

4.1 Settings

Datasets. We conduct experiments on DL3DV [26], RealEstate10K [72], and
Sekai-Real-Walking–HQ [24] datasets. We collect only the RGB data from these
datasets and estimate camera poses using VIPE [17]. During pose estimation,
VIPE adopts DepthAnything3–Metric [25] as scale priors to align poses with
metric depth. We further filter out samples with erroneous estimates and low-
quality scenes. We evaluate the methods on the three aforementioned datasets,
ensuring that test scenes do not overlap with the training set. To assess per-
formance under varying degrees of viewpoint change, we further partition the
DL3DV test set into three difficulty levels—easy, medium, and hard—based on
the view overlap ratio between the source and target images. Specifically, the
easy subset contains pairs with more than 80% overlap, the medium subset in-
cludes pairs with 50%–80% overlap, and the hard subset consists of pairs with
30%–50% overlap. For the RealEstate and Sekai test sets, the view overlap ra-
tio is controlled within the range of 30%–80% to ensure diverse yet meaningful
viewpoint variations. Details of data preparation are provided in the Suppl.
Implementation details. We adopt Qwen-Image-Edit [61] as the base model
and use DepthAnything3-Giant [25] to extract geometry priors. All experiments
are conducted on 8 NVIDIA H800 GPUs with a total batch size of 32. We employ
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Fig. 4: Visual comparisons. Our method enables more precise camera control and
significantly outperforms baseline methods under large viewpoint changes.

the AdamW [29] optimizer with a learning rate of 5e-5. The text prompts are
fixed to "Turn to the target view". For inference, we use 40 sampling steps with
a classifier-free guidance [16] scale of 4.
Baselines. We compare our method with both reconstruction-based method:
ViewCrafter [66], Gen3C [38], PE-Field [1], Voyager [18], and implicit method:
HY-World-1.5 [49], Lingbot-World [52]. All baselines are reproduced using the
official open-source implementations with default configurations.
Metric We evaluate the methods with low-level metrics PSNR, SSIM [59] and
perceptual metric LPIPS [69]. However, the above NVS metrics primarily eval-
uate performance under narrow viewpoint changes, where novel views are gen-
erated via interpolation. When the viewpoint variation becomes large and re-
quires extrapolative generalization, these metrics fail to adequately reflect the
capability. Inspired by WorldScore [11], we propose a new metric for NVS un-
der arbitrary viewpoint variations, termed Dense Matching Distance (DMD). It
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Table 1: Quantitative comparisons across difficulty on DL3DV.

Method DL3DV-Easy [26] DL3DV-Medium [26] DL3DV-Hard [26]

PSNR↑ SSIM↑ LPIPS↓ DMD↓ PSNR↑ SSIM↑ LPIPS↓ DMD↓ PSNR↑ SSIM↑ LPIPS↓ DMD↓

ViewCrafter [66] 15.45 0.4454 0.2037 8.84 13.19 0.3679 0.2733 24.35 11.68 0.3449 0.3223 48.83
Gen3C [38] 15.32 0.4339 0.1964 6.52 14.14 0.4092 0.2556 12.43 11.87 0.3424 0.3089 41.07
Voyager [18] 15.19 0.4171 0.2530 12.21 13.45 0.3610 0.2886 23.89 11.24 0.3302 0.3462 54.26
PE-Field [1] 15.01 0.3964 0.2129 8.91 13.18 0.3435 0.2749 15.41 11.97 0.3422 0.3278 41.46
HY-World-1.5 [49] 12.27 0.3323 0.2906 14.58 11.34 0.2948 0.3304 18.50 10.71 0.3043 0.3520 34.45
Lingbot-World [52] 11.82 0.3191 0.3073 29.20 11.99 0.2912 0.3141 21.37 11.13 0.3319 0.3447 55.39

Ours 17.94 0.5542 0.1397 2.56 15.05 0.4225 0.2132 7.57 12.54 0.3802 0.2881 20.74

Table 2: Quantitative comparisons on different datasets.

Method DL3DV [26] RealEstate10K [72] Sekai-Real-Walk-HQ [24]

PSNR↑ SSIM↑ LPIPS↓ DMD↓ PSNR↑ SSIM↑ LPIPS↓ DMD↓ PSNR↑ SSIM↑ LPIPS↓ DMD↓

ViewCrafter [66] 13.44 0.3861 0.2664 27.34 13.16 0.4994 0.2597 10.92 15.73 0.4388 0.3068 17.93
Gen3C [38] 13.78 0.3952 0.2536 20.01 14.07 0.5162 0.2306 9.01 16.56 0.4659 0.2568 8.72
Voyager [18] 13.29 0.3694 0.2959 30.12 14.55 0.5170 0.2519 12.95 16.24 0.4402 0.3205 19.07
PE-Field [1] 13.39 0.3607 0.2719 21.93 14.51 0.5191 0.2354 14.81 15.74 0.4418 0.2900 19.35
HY-World-1.5 [49] 11.44 0.3105 0.3243 22.51 12.34 0.4466 0.3040 13.91 14.62 0.4088 0.3240 15.04
Lingbot-World [52] 11.65 0.3141 0.3220 35.32 12.26 0.4554 0.3026 24.51 14.52 0.3973 0.3258 18.71

Ours 15.18 0.4456 0.2137 10.29 15.27 0.5705 0.1980 6.44 17.72 0.5047 0.2333 6.69

measures the average optical flow displacement between matched points across
two views. Specifically, we employ UFM [70] to compute the co-visible regions
and establish dense correspondences between the two views. Let UFM(A;B)
denote the set of points in A matched to B and their corresponding optical
flow displacements dist(p) respect to B computed via UFM, we respectively ob-
tain the matched point sets for the source and generated images relative to the
ground truth Psrc = UFM(Xsrc;XGT ) and Pgen = UFM(Xgen;XGT ). For each
p in Psrc, if it also exists in Pgen, its optical flow distance is contributed to the
metric; otherwise, a maximum distance penalty σ is imposed:

DMD(Xsrc;Xgen;XGT ) =
1

|Psrc|
∑

p∈Psrc

{
∥dist(p)∥22, p ∈ Pgen

σ, p /∈ Pgen

(11)

The reported metric values are normalized to the range of 0 ∼ 100. More analysis
about the metric is provided in the Suppl.

4.2 Qualitative Evaluation

As shown in Fig. 4, MetaView demonstrates effective spatial awareness, produc-
ing coherent results under arbitrary viewpoint changes (Cols. 2, 3), while achiev-
ing precise control over camera pose and scene scale (Cols. 1, 5). In contrast, fully
implicit methods [49,52] suffer from scale drifting and inaccurate viewpoint con-
trol due to scale ambiguity. Reconstruction-based methods [1,18,38,66] perform
well under narrow viewpoint changes but exhibit blurriness and distortions (Col.
1) due to sparse reconstruction limits. Under large viewpoint variations, these
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Fig. 5: Visualization of the ablation. Scale cues provide the model with accurate
spatial awareness, while geometry priors facilitate fine-grained relative consistency.

explicit geometric conditions fail, leading to severe synthesis degradation. There-
fore, MetaView outperforms existing methods, demonstrating superior accuracy
and generalization. Please refer to the Suppl for more results.

4.3 Quantitative Evaluation

Tab. 1 presents the quantitative results on the DL3DV dataset across different
difficulties. Reconstruction-based methods [1,18,38,66] perform well on the easy
subset but degrade significantly as difficulty increases. Implicit methods [49,52]
perform poorly across all subsets due to imprecise viewpoint control, showing
limited sensitivity to large view variations. MetaView achieves the best per-
formance across all difficulties. Notably, on the hard subset, low-level metrics
(PSNR, SSIM) become less indicative of perceptual differences, whereas our pro-
posed DMD metric more clearly highlights the performance gap. Furthermore,
MetaView consistently yields the best overall results on the RealEstate and Sekai
datasets (Tab. 2), demonstrating strong robustness and generalization.

4.4 Ablation Study

We conduct ablations on the geometry tokens, the z-axis in RoPE and the pre-
trained backbone. To ensure efficiency, we conduct the following experiments on
the DL3DV-medium test set. Fig. 5 presents qualitative results after ablating
each component, while Tab. 3 reports the corresponding quantitative impact.
Effect of Geometry Token. We first ablate the implicit geometry priors by
removing the geometry tokens. As shown in Fig. 5 (Col. 3), although the overall
viewpoint orientation remains approximately correct, the model struggles to pre-
serve complex relative relationships within the scene. For example, the signboard
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Table 3: Ablation study. We conduct the training on DL3DV and testing on the
DL3DV-medium. The effects of each component are reflected in the evaluation metrics.

PSNR↑ SSIM↑ LPIPS↓ DMD↓

Ours w/o geometry 13.53 0.3538 0.2530 11.61
Ours w/o z-axis 12.49 0.3204 0.2900 14.45
Ours w/ FLUX.1-Kontext 13.90 0.3594 0.2571 10.22
PE-Field (FLUX.1-Kontext) 13.18 0.3435 0.2749 15.41
Ours 14.21 0.3765 0.2353 9.33

disappears and the fine-grained contours of objects have noticeable discrepan-
cies. In the second row, the relative arrangement of objects deviates from the
ground truth. Quantitatively, removing the geometry tokens results in perfor-
mance degradation across all evaluation metrics. This decline aligns with our
qualitative observations, as the absence of geometry priors weakens the model’s
ability to reason about fine-grained relative structure.
Effect of z-axis. We ablate the z-axis in RoPE by conditioning PE solely on
pose and coordinates (T, i, j). As shown in Fig. 5, removing the z-axis leads to a
degradation in camera control accuracy. While the rotation remains correct, the
viewpoint position exhibits a translation offset from the ground truth, reflecting
the scale drifting issue. Incorporating the z-axis anchors scene scale and restores
accurate control. Quantitatively (Tab. 3), removing it consistently degrades all
metrics, particularly the low-level metrics PSNR and SSIM. This confirms that
z-axis scale cues are essential for mitigating scale drifting issue and enabling
scale-aware spatial reasoning.
Effect of Backbone. We adapt MetaView to the FLUX.1-Kontext backbone
with the results summarized in Tab. 3 and Fig. 5. Using the same base model,
MetaView outperforms PE-Field. While there is a moderate performance drop
compared to our Qwen-Image-Edit variant, this degradation is primarily at-
tributed to the inherent capability gap between the backbones. This confirms
the effectiveness of our design and demonstrates the robustness of our framework
in cross-model adaptation.

4.5 Analysis of DMD Metric

Low-level metrics fail in large-view monocular NVS, as extrapolated regions
require plausible completion rather than strict pixel alignment. They are dom-
inated by low-frequency alignment (Fig. 6), assigning higher scores to blurry
artifacts (Output 2) and contradicting human perception. In contrast, our DMD
aligns with human preference. In both cases, DMD correctly favors the visually
superior Output 1. The numerical margin further demonstrates its discriminative
ability in evaluating extrapolative synthesis.

Furthermore, DMD can numerically reflect the magnitude of viewpoint vari-
ations. As illustrated in Fig. 7, given the source image Xsrc, let Xi denote
a sequence of views with progressively increasing viewpoint changes. We com-
pute the PSNR, SSIM, and LPIPS between each Xi and Xsrc, along with our
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GT

PSNR：12.98
SSIM： 0.43
DMD： 37.83

PSNR：13.56
SSIM： 0.55
DMD： 48.91

PSNR：13.24
SSIM： 0.26
DMD： 23.14

PSNR：12.89
SSIM： 0.33
DMD： 57.14

Source Output 1 Output 2

Fig. 6: Comparison of metric reliability. Low-frequency structural alignment dom-
inates PSNR and SSIM, while our proposed DMD aligns with human preference.

Source X1

X2 X3

Fig. 7: Trends of Different Metrics. While traditional metrics (PSNR, SSIM, and
LPIPS) fail to show a monotonic trend as the viewpoint changes, our proposed DMD
exhibits monotonicity, accurately quantifying the discrepancy between views.

proposed metric DMD(Xi;Xi;Xsrc). It can be observed that as the viewpoint
variation increases, PSNR, SSIM, and LPIPS fail to exhibit a monotonic trend.
In contrast, DMD demonstrates a monotonic variation, effectively capturing the
viewpoint discrepancy between views at a numerical level.

In our implementation, when computing DMD(Xsrc;Xgen;XGT ), the co-
visibility threshold for calculating Psrc = UFM(Xsrc;XGT ) is set to 0.3, while
the threshold for Pgen = UFM(Xgen;XGT ) is set to 0.2.

4.6 Application

Our method also demonstrates strong generalization to diverse out-of-domain
data. Since the pretrained backbone parameters remain frozen, the rich seman-
tic priors acquired during large-scale pretraining are fully preserved. This de-
sign enables MetaView to maintain robust performance across a wide variety of
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Source Generated

Fig. 8: Application on open-domain data. Our method preserves the rich semantic
knowledge of the pretrained model, enabling generalization across diverse scenes.

scenes. As shown in Fig. 8, our approach produces consistent and accurate novel
view synthesis results for scenes centered on humans and animals. Moreover,
these examples span diverse visual styles, including cartoon, watercolor paint-
ings, and AI-generated content. Such cross-domain robustness further highlights
the practical applicability and downstream potential of MetaView.

5 Conclusion

In this paper, we present MetaView, a diffusion-based monocular novel view
synthesis framework that achieves precise viewpoint control and large view gen-
eration without explicit 3D reconstruction. By bridging the gap between explicit
geometric constraints and implicit generative modeling, MetaView effectively ad-
dresses the dual challenges of structural inconsistency and scale drifting. Specif-
ically, we incorporate implicit geometry priors to guide fine-grained structural
synthesis and preserve complex relative relationships, while introducing minimal
yet essential 3D cues to anchor scene scale during generation. Extensive quali-
tative and quantitative experiments across multiple datasets demonstrate that
our method consistently outperforms existing approaches. Moreover, MetaView
exhibits strong generalization capability, including robustness to out-of-domain
data. In future work, we will explore the spatial-aware generation in 4D scenes,
enabling geometry-consistent in temporally evolving environments.
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