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Abstract. Novel View Synthesis (NVS) enables the generation of un-
seen views of a scene from a single or multiple images, allowing users to
freely explore an object from any viewpoint. Despite the recent impres-
sive qualitative improvements of generative models for this task, existing
methods struggle to provide global and intuitive control of target view-
points because they either use input-relative camera poses or are limited
to generating sparse global views. This lack of global pose control severely
limits the number of downstream tasks potentially enabled by NVS. To
address this limitation, we propose a novel approach for precise camera
control in a customizable Normalized Object Coordinate Space (NOCS),
requiring single or few unposed images. Our method operates solely on
the absolute camera pose of the target view in NOCS, eliminating the
need for a relative world frame or camera poses of the input images. Un-
like previous methods that treat NVS as a standalone generation task, we
formulate it as an image editing problem and build upon state-of-the-art
editing models to leverage their superior generalization capability. Cam-
era information is injected as dedicated camera tokens via an in-context
multi-modal conditioning strategy. To alleviate the inherent ambiguity
of NOCS, we incorporate text descriptions that explicitly define the ob-
ject’s canonical coordinate frame, which also enhances generalization to
unseen object categories. Furthermore, we curate a high-quality dataset
with consistently aligned orientations and corresponding NOCS text def-
initions. Extensive experiments demonstrate that our method robustly
generates novel views with accurate and consistent orientations from
arbitrary unposed images across diverse categories, achieving state-of-
the-art image quality and fidelity.

Keywords: Novel View Synthesis · Camera Pose Control

1 Introduction

Recent advances in generative diffusion models have made novel view synthesis
(NVS) tasks from single or multiple images both accessible and effective [47,56,
63, 78]. This progress in unseen image synthesis is enabling rapid construction
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Fig. 1: Existing NVS methods fall short in providing global viewpoint control and high-
quality appearance: image-to-3D methods (4th column) lack orientation awareness;
orientation-aware image-to-3D (5th column) produce coarse textures; and 2D-based
NVS (6th column) only provide input-relative camera control. In contrast, our method
achieves both global viewpoint control and high image fidelity, with the front face
consistently aligned to the canonical frame (visualized by coordinate axes).

of models for 3D reconstruction [34, 35], video manipulation [2, 43, 62, 74, 75],
content creation, robotic simulation [45], and beyond.

The fundamental —and arguably most desired— feature in NVS models is
their ability to provide a global and intuitive control of the target viewpoint,
however, existing models either use input-relative viewpoint control [24, 31, 34,
51,54,72,78] or are limited to generating sparse global views [27]. This prevents
NVS models from being used for practical applications at scale, because the user
cannot automatically assume a standard canonical coordinate frame with respect
to which synthesized images are aligned to. Image-to-3D models [29, 30, 35, 53,
71] offer an attractive alternative since the output 3D mesh can be rendered
from an arbitrary viewpoint, however they often neglect the mesh orientation
alignment altogether, mostly due to inconsistencies in large-scale 3D datasets [9,
71], resulting in models that lack standard canonical orientations. Consequently,
output 3D meshes cannot be used for tasks that require object-centric global
viewpoint control.

Recent methods [19,60] have focused on orientation alignment by fine-tuning
image-to-3D models using carefully aligned 3D training sets. While they alleviate
the alignment issue to some extent, they remain fundamentally constrained by
the texture quality of 3D generation, which still falls far behind that of state-of-
the-art 2D image synthesis, resulting in outputs that lack fine appearance details
and high-fidelity visual quality.

To mitigate these limitations in NVS viewpoint control, we propose a novel
2D diffusion-based approach for global and intuitive 3D viewpoint control. We
formulate the NVS task in Normalized Object Coordinate Space (NOCS) [58],
directly conditioning on absolute camera poses in NOCS and thereby eliminat-
ing the need for selecting a reference view or constructing a relative world frame
from input camera poses. Unlike prior methods that treat NVS as a standalone
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generation task, we leverage a state-of-the-art instruction-based image editing
model [67] to build an orientation-aware NVS system, inheriting its superior
image quality and generalization capabilities. Specifically, we represent the tar-
get NOCS camera pose using spatially-aligned Plücker raymaps and inject them
as camera tokens through an in-context learning strategy with a novel regional
attention mechanism. This mechanism ensures that each target camera token
attends exclusively to its corresponding target image tokens, preventing cross-
view interference. Since our training data is orientation-aligned, this in-context
regional attention enables efficient and consistent viewpoint control across gen-
erated views while preserving the advanced 2D image synthesis capabilities of
the underlying diffusion model.

Target Orientations

Input unposed images Generated views with consistent orientation

Fig. 2: Given input images captured from arbitrary viewpoints (left) and target camera
poses (top-right), our model generates high-quality oriented novel views. Notice how
the generated images maintain correct global orientation across different object families
(e.g., the front of the object aligned with the red axis).

Furthermore, we leverage the native text-conditioning capabilities of the un-
derlying editing model to explicitly define the canonical orientation of the input
object via natural language (e.g., “the front of a camera faces the lens side”).
This serves a dual purpose: (1) it disambiguates the NOCS definition, as the
canonical frame and the target camera pose jointly determine the output view-
point; and (2) it enables robust generalization to unseen object categories at test
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time, by allowing users to specify arbitrary canonical orientations through text
prompts without retraining.

We train our method on orientation-aligned 3D datasets, introducing a newly
curated dataset of 22K objects from Objaverse with no overlap with existing
resources, alongside with Objaverse-OA [36] (14K objects) and ABO [7] (7K ob-
jects). Importantly, we augment each object across all datasets with text captions
that describe both the object and its front-view definition, enabling language-
guided viewpoint control to foster future research.

Our experiments demonstrate that, thanks to our in-context regional at-
tention mechanism and the use of orientation-aligned data, our model achieves
state-of-the-art appearance quality for NVS tasks while significantly improving
global viewpoint control compared to existing baselines.

2 Related Work

Novel view synthesis (NVS) is a foundational computer vision problem. Classical
image-based rendering [14, 25] achieved photorealism but required dense multi-
view capture. NVS approaches fall into two paradigms: learning intermediate 3D
representations for rendering, or direct 2D view generation.
Learning 3D Representations. Generative modeling using GAN [13] was ex-
tended to learning 3D representations [3,68]. Neural Radiance Fields (NeRF) [37]
and subsequent acceleration techniques [39] advanced 3D reconstruction, though
per-scene optimization requires dense views. Feed-forward methods like pixel-
NeRF [73] introduced generalizable priors for sparse-view settings, while 3D
Gaussian Splatting (3DGS) [23] enabled real-time rendering, spawning efficient
sparse-view regressors [4,6,52]. The success of diffusion models [16,48] catalyzed
a new era of 3D generation, from Score Distillation Sampling [41,57,69] to multi-
view consistent diffusion models [34, 35, 46, 47, 59]. Concurrently, Large Recon-
struction Models [17] directly output 3D representations, and recent 3D native
approaches like Trellis and Hunyuan3D [53, 71] encapsulate 3D priors entirely
within latent spaces, bypassing intermediate multi-view generation.
Canonical Alignment in 3D Generation: A persistent challenge in 3D gener-
ative modeling is the lack of a consistent canonical coordinate space. Inspired by
single-image 6DOF pose estimation [5,40,50,58,60,65], Orientation Matters [36]
addresses this by leveraging VLMs to align training data and fine-tuning 3D
generators to output canonically oriented objects. However, the visual fidelity
remains bottlenecked by the expressivity of the underlying 3D generator.
Direct Generative View Synthesis. Instead of explicitly modeling 3D space,
several methods synthesize novel views directly via large transformers [22, 44],
image-conditioned diffusion models [12, 32, 51, 54], or video diffusion models
adapted for camera control [2,15,43,55,56,62]. A critical limitation unites these
approaches: they parameterize the target camera pose strictly relative to the
input image, failing to establish a canonical coordinate system across semanti-
cally similar objects. Our work addresses this limitation by introducing global
viewpoint control through explicit camera conditioning in a normalized object
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coordinate space. Unlike relative pose parameterization, our approach estab-
lishes a shared canonical frame across instances, combining the flexibility of 2D
diffusion models with geometric consistency for global pose control.
Datasets. Progress in novel view synthesis and 3D generation has been tightly
coupled with 3D object datasets. Google Scanned Objects (GSO) [10] provides
1,030 high-fidelity scanned household items, Toys4K [49] offers 4,000 synthetic
objects, while Objaverse [9] and Objaverse-XL [8] scaled 3D data to 800K+
and 10M+ objects, respectively. To address inconsistent orientations in Ob-
javerse, [36] proposed Objaverse-OA, filtering 14K orientation-aligned samples
from Objaverse-LVIS. However, it still contains objects with imprecise orienta-
tions, ambiguous canonical views, or overly simplified textures. To complement
this effort, we curate an additional 22K high-quality objects from Objaverse with
no overlap with Objaverse-OA, each with a clear front face, consistent orienta-
tion, and detailed textures.

3 Global Pose Control

3.1 Problem Definition

Given M arbitrary input view images Isrc ∈ RM×H×W×3, N target camera poses
Πtgt ∈ SE(3)N defined in Normalized Object Coordinate Space (NOCS), and a
text description y that specifies how the object is oriented within NOCS, our
goal is to learn the conditional distribution of N target views Itgt:

Itgt ∼ pθ(I
tgt | Isrc,Πtgt,y), (1)

where pθ is parameterized by a diffusion model.
We formulate this as an instruction-based image editing problem, as NVS can

be naturally viewed as a spatial transformation of the input image. Accordingly,
we build our method upon a state-of-the-art image editing model [67] to inherit
its strong image manipulation capabilities. However, as we demonstrate in our
ablation study (Section 4.4), relying solely on text instructions is insufficient for
robust global viewpoint control, due to the inherent complexity and ambiguity
of specifying precise 3D camera poses through language alone.

Figure 3 and the remainder of this section describe our architecture, which
introduces: in-context camera conditioning tailored for global camera control
(Section 3.2), an efficient and robust training scheme (Section 3.3), and a new
aligned dataset (Section 3.4).

3.2 In-context Camera Conditioning

We introduce camera conditioning through an in-context learning method [20],
which has been proven effective for DiT-based conditional generation. We de-
scribe below our camera representation, how we extend the architecture to multi-
view generation, and how we ensure correct camera–view association.
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Fig. 3: Overview. Left: Target camera poses are encoded as Plücker ray map tokens
and fed into a LoRA-adapted MMDiT alongside image tokens. A text prompt defines
the object’s canonical orientation in NOCS. Top-right: Target images and ray map
tokens are packed along the frame axis. The position embeddings of ray map tokens
are interpolated to spatially align with the corresponding image tokens. Bottom-right:
Regional attention ensures each camera token attends only to its corresponding target
view, while all image tokens retain full mutual attention.

Camera Representation. We represent each target camera pose as a Plücker
ray map, encoding camera rays as pixel-aligned 6D vectors that jointly capture
2D spatial correspondence and 3D ray geometry. Compared to attention-level
relative encodings [24,26,38], this absolute, pixel-aligned representation naturally
suits our NOCS-based formulation, where target cameras are specified in a global
coordinate frame. Each ray map is projected into token space via a linear layer,
producing camera tokens that are appended to the image tokens along the frame
dimension and processed jointly by the MMDiT. We fine-tune only lightweight
LoRA [18] adapters on the MMDiT layers to efficiently adapt the pretrained
model while preserving its image manipulation capabilities.
Frame-axis Multi-view Packing. To generate multiple target views simul-
taneously, existing methods spatially concatenate outputs into a single wide
image [11, 28], producing target tokens of shape H × NW against reference
tokens of shape H ×W . This resolution mismatch disrupts the pixel-level spa-
tial correspondence that attention mechanisms rely on. Instead, we leverage the
3D RoPE employed in Qwen-Image-Edit, which encodes positional information
along three dimensions: frame, height, and width. In the original editing frame-
work, the frame dimension serves to distinguish between the images before and
after editing. We naturally extend this design by packing all target views, to-
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gether with their corresponding ray maps, as separate entries along the frame
axis while preserving the original H ×W aspect ratio for each view. This natu-
rally reuses the base model’s frame dimension and maintains consistent spatial
alignment between reference and target tokens.
Compact Ray Maps with RoPE Interpolation. Although Plücker ray maps
are pixel-aligned by construction, camera pose is inherently a low-dimensional
signal that does not require pixel-level granularity. Encoding ray maps at full
image resolution (e.g ., 1024 × 1024) would introduce unnecessarily long token
sequences without commensurate benefit. We therefore fix the ray map resolu-
tion to 256× 256 regardless of the target image resolution. To maintain spatial
alignment with higher-resolution image tokens under the 3D RoPE, we adopt
a position-aware interpolation strategy inspired by [77]. As illustrated in the
top-right of Figure 3, a ray map token at grid position (i, j) is assigned RoPE
coordinates (i · rh, j · rw), where rh = H/256 and rw = W/256. This ensures
that spatially co-located ray map and image tokens receive matching positional
encodings, preserving their correspondence at reduced computational cost.
Regional Attention. With frame-axis packing, all entries, including multiple
target views, reference images, and their corresponding ray maps, share the same
H ×W spatial grid and differ only along the frame dimension. This introduces
an unintended side effect in the 3D RoPE attention: tokens from different entries
that occupy the same spatial position have identical height and width indices,
making their relative distance determined solely by the frame offset. For example,
with two target views and two camera ray maps packed as [ztgt

1 , ztgt
2 , zcam

1 , zcam
2 ],

a patch in zcam
1 may be closer in frame index to ztgt

2 than to ztgt
1 , causing stronger

attention between zcam
1 and the wrong target view and violating the intended

camera-view correspondence. We resolve this with a regional attention mask,
as shown in Figure 3 (bottom-right), that enforces correct camera-view binding:
each camera token attends only to its corresponding target view, and conversely,
each target view is restricted to attend only to its matched camera tokens among
all camera tokens. All image tokens, both reference and target, retain full mutual
attention, enabling multi-view information exchange while preventing cross-view
camera leakage. This design also saves computation by masking out unrelated
camera-view attention pairs.

3.3 Efficient and Robust Training

View Sampling. Each training sample consists of T = M +N views in total,
where M is the number of input views and N is the number of target views.
Rather than fixing these counts, we dynamically sample them per iteration to
expose the model to diverse task configurations and difficulty levels.

We first sample the total number of views T from a power-weighted distri-
bution over {Tmin, . . . , Tmax}:

p(T=t) ∝ (t− Tmin + ϵ)k, (2)

where k=1.5 and ϵ=1. This biases sampling toward larger T , presenting the
model with more challenging multi-view configurations.



8 Z. Li et al.

Given T , we then sample the number of input views M from a truncated
exponential distribution over {1, . . . , T−1}, following [33]:

p(M=m) ∝ e−λm, λ = ln 2, (3)

which halves the probability as m increases. Since more reference views make the
task increasingly constrained and easier, this biases toward fewer input views,
encouraging the model to learn stronger priors from limited observations.

To ensure balanced workload across GPUs, we bucket training samples by
their (M,N) configuration and enforce a uniform (M,N) assignment within each
iteration, so that all devices process sequences of equal length.
Canonical Front View Anchoring. Our text prompt explicitly defines the
front-facing orientation of each object in NOCS. To ground this description into
a concrete visual reference, we include the canonical front view among the gener-
ated targets. This front view is generated jointly with all other target views in a
single diffusion process, rather than as a separate preliminary step. Nevertheless,
it encourages the model to first resolve the object’s canonical orientation before
reasoning about the remaining viewpoints, acting as an implicit intermediate
step akin to chain-of-thought prompting [64,66]. As shown in our ablation (Sec-
tion 4.4), this simple design notably improves pose accuracy for geometrically
challenging objects (e.g ., narrow or thin shapes such as swords).
Loss Function. We adopt a flow matching objective for training. Given latent
x0 = E(Itgt) encoded by the VAE and noise x1 ∼ N (0, I), the intermediate latent
at timestep t is xt = tx0 + (1 − t)x1, with velocity vt = x0 − x1. The model is
trained to predict this velocity via:

L = E(x0,h)∼D, x1, t ∥vθ(xt, t, h)− vt∥2 , (4)

where h denotes conditioning from input images, text, and camera poses.

3.4 Dataset

(a) (b) (c)

Fig. 4: Common failure modes
in Objaverse-OA. (a) objects
with imprecise orientations (e.g .,
tilted or rotated off-axis), (b) ob-
jects with no recognizable or am-
biguous front views, and (c) ob-
jects with over-simplified textures.

Our approach requires canonically aligned,
high-quality 3D objects with front-face an-
notations at training time. Unfortunately, no
existing dataset fully satisfies these require-
ments: Objaverse-OA [36] filters 14K aligned
objects from Objaverse-LVIS, but we observe
that many samples are tilted (yaw or pitch
offset), lack a valid front face, or exhibit over-
simplified textures (Figure 4). ABO [7] pro-
vides 8K models in a canonical coordinate
space, but its categories are limited to house-
hold objects. We therefore propose a robust
curation pipeline to assemble a larger and
cleaner collection from Objaverse [9], enriched
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with textual front-face definitions. To ensure high quality and canonical align-
ment, we combine Orient-Anything-V2 [61] with VLM-based [1] verification,
prioritizing strict filtering to minimize erroneous samples while maintaining cat-
egory diversity.

We start from the Objaverse subset of HY3D-Bench [21], which provides 70K
objects filtered for high texture quality from Objaverse [9]. However, HY3D-
Bench does not enforce canonical orientation or guarantee a valid front face. We
therefore apply a multi-stage curation pipeline on top of this pool.

We first remove tilted and skewed objects using Orient-Anything-V2 [61].
Specifically, we retain only objects where the predicted elevation degree is less
than 8° and the azimuth degree falls within a 5° tolerance of the canonical angles
(0°, 90°, 180°, or 270°). This ensures that objects are properly upright and aligned
to the principal axes. To further refine our selection, we employ a VLM to verify
whether objects are properly placed or tilted, providing an additional layer of
quality control beyond geometric constraints alone.

We then filter objects based on the number of valid of frontal faces, following
the definition and implementation of Orient-Anything-V2 [61]. Objects with 0
valid faces (indicating no recognizable canonical views, for example a soccer
ball) or 4 valid faces (suggesting ambiguous or symmetric geometry, for example
a rectangle basket) are excluded. The resulting dataset consists of objects with 1
or 2 valid faces, which provide clear canonical orientations suitable for training.

For front face annotation, Orient-Anything-V2 successfully labels approxi-
mately 21K objects by selecting the view among the four horizontal candidates
with azimuth closest to 0° and within a 5° tolerance. For the remaining 1K chal-
lenging cases, such as elongated objects like swords that may have two equally
valid front faces, we employ VLM-based annotation to resolve ambiguities.

Finally, we annotate every sample with an overall object description and
a textual front-face definition using the same VLM. The front-face definition
specifies which side of the object constitutes the front, thereby anchoring the
NOCS frame (e.g ., “the front is defined by the main gun barrel pointing forward”;
“the front is defined by the side with the handlebars and grips facing the viewer”).
Through this pipeline we curate 22K canonically oriented objects with front-
face labels from the initial 70K pool, complementing existing datasets such as
Objaverse-OA and ABO while significantly broadening category coverage.

4 Experiments

4.1 Implementation Details

We build upon Qwen-Image-Edit-2509 [67] as our base model and apply LoRA [18]
with rank 64 to efficiently adapt the pretrained weights. We use the AdamW op-
timizer with a learning rate of 1 × 10−4 and a per-GPU batch size of 1 on 8
NVIDIA H100 GPUs. We adopt a coarse-to-fine training strategy: the model is
first trained at 512×512 resolution for 20k steps to learn camera control and
multi-view consistency, then fine-tuned at 1024×1024 for 15k steps to recover
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Table 1: Quantitative Comparison with image-to-3D methods.

GSO [10] Toys4k [49]
PSNR↑ SSIM↑ LPIPS↓ CLIP↑ PSNR↑ SSIM↑ LPIPS↓ CLIP↑

Cupid [19] 15.32 0.837 0.186 91.3 16.67 0.878 0.132 94.0
Orientation Matters [36] 16.13 0.844 0.178 89.8 16.94 0.879 0.135 91.6
TRELLIS2 [70] 15.77 0.837 0.187 90.5 15.64 0.862 0.156 91.2
HY3D-2.1 [21] 15.21 0.837 0.196 89.3 16.67 0.873 0.145 91.4

Ours 17.25 0.855 0.163 92.3 18.24 0.892 0.116 94.2

high-frequency details. Our training data comprises Objaverse-OA [36], Amazon
Berkeley Objects (ABO) [7], and our custom aligned dataset (Section 3.4).

We evaluate on two publicly available benchmarks: Google Scanned Objects
(GSO) [10] and Toys4k [49], selecting 100 objects with clearly identifiable front
faces from each. Metrics include PSNR, SSIM, LPIPS [76] and CLIP [42] scores.

We compare against two categories of methods: (1) image-to-3D methods:
Orientation Matters [36], Cupid [19], Hunyuan3D 2.1 [53], and Trellis-2 [70],
which generate 3D assets from a single input image; and (2) Generative NVS
methods: EscherNet [24] and SEVA [78], which we evaluate with 1, 2, 3, and 5
input views to assess performance across varying input configurations.

4.2 Comparisons with 3D methods

Table 1 presents a quantitative comparison between our method and state-of-
the-art 3D generation approaches, all using a single-view image as input. Our
method consistently outperforms all baselines across both benchmarks and all
metrics. The improvements are particularly pronounced on Toys4k, which con-
tains challenging categories such as vehicles and shoes with intricate geometry
and texture patterns.

We attribute the limitations of existing 3D methods to two primary factors:
orientation inconsistency and texture degradation. Trellis-2 and Hunyuan3D 2.1
frequently produce 3D assets with incorrect canonical orientations, leading to
misaligned novel views. While Orientation Matters mitigates this by fine-tuning
on orientation-aligned 3D data, and Cupid jointly predicts canonical geometry
and camera pose, both still suffer from significant texture quality loss inherent
to the 3D generation pipeline. By operating directly in image space, our method
avoids the information bottleneck of 3D methods and preserves significantly
richer visual detail, as shown in Figure 5.

4.3 Comparisons with NVS methods

We compare our method with state-of-the-art generative NVS methods, Esch-
erNet [24] and SEVA [78], under varying numbers of input views (M=1, 2, 3, 5).
Both methods operate in a relative coordinate frame and require known camera
poses for all input images. Since our evaluation setting assumes unposed inputs,
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Fig. 5: Qualitative comparison with image-to-3D methods. For each object,
we show two target views: the canonical front view (left) and an arbitrary viewpoint
(right). Our approach faithfully preserves fine-grained textures (e.g., clock face numer-
als) and structural details (e.g., shoe laces), whereas 3D methods suffer from texture
loss, blurriness, or geometric distortions. Best viewed zoomed in.

Table 2: Quantitative Comparison with generative NVS methods.

GSO Toys4k

#Input Views 1 2 3 5 1 2 3 5

EscherNet [24] PSNR↑ 14.90 17.25 17.58 17.97 15.32 15.36 15.77 16.26
SSIM↑ 0.832 0.855 0.860 0.865 0.861 0.864 0.871 0.880
LPIPS↓ 0.230 0.187 0.180 0.172 0.196 0.192 0.181 0.169

SEVA [78] PSNR↑ 15.20 15.85 16.13 16.39 15.87 15.85 16.27 16.66
SSIM↑ 0.834 0.839 0.844 0.849 0.868 0.868 0.874 0.880
LPIPS↓ 0.188 0.181 0.176 0.170 0.147 0.152 0.143 0.134

Ours PSNR↑ 17.25 18.11 18.52 19.07 18.24 18.77 19.17 19.68
SSIM↑ 0.855 0.863 0.866 0.871 0.892 0.895 0.897 0.902
LPIPS↓ 0.163 0.142 0.136 0.128 0.116 0.107 0.100 0.093

we use Orientation-Anything-V2 [61] to estimate input orientations in canonical
space and convert them to the required camera poses.

Quantitative results in Table 2 show that our method consistently outper-
forms both baselines across all input configurations. A key reason is the error
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Input images EscherNet SEVA Ours Ground-Truth

Fig. 6: Qualitative comparison with generative NVS methods. We show the
generated front view for each method. Both EscherNet and SEVA produce results with
noticeably incorrect orientations due to errors in the estimated input camera poses. In
contrast, our method operates directly in canonical space without requiring input pose
estimation, generating accurately oriented front views.

accumulation inherent to relative-pose-based methods: inaccuracies in the esti-
mated input poses propagate directly into the generated target views, causing
significant quality degradation. This issue is exacerbated by the entangled nature
of Euler angles, where Orientation-Anything-V2 particularly struggles with roll
estimation, compounding errors across views. By operating directly in the NOCS
space, our method eliminates the dependency on input camera pose estimation
entirely, making it inherently robust to this source of error.

4.4 Ablation Study

In this section we ablate different design choices and components of our method.
Camera Conditioning. Table 3 and Figure 7 ablate camera conditioning de-
sign choices. As baseline, we use off-the-shelf Qwen-Image-Edit with structured
prompts specifying NOCS definitions and camera parameters (see Supplemen-
tary). Despite explicit specification, the model fails to reliably generate multi-
view outputs with correct view counts. LoRA training with structured prompts
enables multi-view generation but produces substantial pose deviations. We
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Table 3: Ablation study on camera conditioning.

Method PSNR ↑ SSIM ↑ LPIPS ↓

Baseline 12.48 0.750 0.413
Baseline + LoRA 16.78 0.870 0.184
Baseline + LoRA + Camera tokens w/ Global Attention 16.87 0.870 0.180
Baseline + LoRA + Camera tokens w/ Region Attention 20.80 0.899 0.111

Input images Ground-Truth Qwen-Image-Edit
(zero-shot) + LoRA + Ray map

(Global Attention)
+ Region Attention

(Ours)

Fig. 7: Ablation study on camera conditioning. Qwen-Image-Edit cannot ro-
bustly produce multi-view layouts without fine-tuning. LoRA enables layout genera-
tion, but text-only camera descriptions lack precision. Plücker raymap tokens provide
explicit geometric conditioning, yet full attention causes cross-view leakage. Regional
attention restricts each raymap to its corresponding view, eliminating leakage and
achieving accurate pose control.

attribute this to the mismatch between discrete text tokens and continuous
SE(3) camera parameters—geometric structure is difficult to encode through
text alone. Replacing text with Plücker raymaps provides geometric represen-
tation. An encoder maps raymaps to camera tokens concatenated with image
tokens. However, naïve fusion fails: appending camera tokens causes cross-view
entanglement and ineffective injection (Section 3.2). Regional attention explic-
itly binds each camera token to its spatial region, successfully injecting camera
information while preventing cross-view interference. Training and evaluation
use a subset of our dataset
Front Face Definition. To ablate the impact of front face definition, we train
our model only on the ABO [7] dataset, which contains household objects, with
and without front view definition. As shown Figure 8 (left), front view definition
helps the model generalize to unseen categories such as a pigeon. Importantly,
the advantages of this front face definition strategy go beyond generalization
capabilities: we can also define arbitrary front views and normalized spaces as
desired, and our model reacts accordingly. In Figure 8 (right), we show how
redefining the front face of a dice results in correctly-aligned NVS control that
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Ground truth

w/ front view defini1on “The front is defined by the head with the beak 
poin5ng direc5on”

w/o front view defini1on

“The front is defined by the face displaying FIVE pips” 

“The front is defined by the face displaying ONE pip” 

Input images

Fig. 8: Ablation study on front view definition. With front face definition, our
model robustly generalizes to unseen categories (left) and enables test-time redefinition
of front view (right).
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“The front is defined 
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the blade”
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Anchoring view

(a) Ablation Study on canonical front view anchoring (b) Limitations

Target views

Fig. 9: Ablation study on canonical front view anchoring and Limitations.

follows the input text definition. Such test-time robust control of the global
canonical frame is something existing models cannot provide.

Canonical Front View Anchoring We ablate the effect of including the
canonical front view among the generated targets. As shown in Figure 9(a),
this design is particularly beneficial for geometrically challenging objects such
as swords, where the narrow, elongated shape makes it difficult to resolve the
canonical orientation from arbitrary viewpoints alone. Without front anchoring,
the model confuses the front–back orientation, producing views with incorrect
pose (e.g ., the blade appears flattened or reversed). By generating both the front
view and the target view, the model establishes a consistent spatial reference that
guides the remaining target views toward correct orientations.
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5 Conclusion

We presented a novel approach for novel view synthesis with precise global view-
point control in Normalized Object Coordinate Space (NOCS). By formulat-
ing NVS as an image editing problem, our method inherits the superior image
quality of state-of-the-art editing models, while our in-context camera condi-
tioning with regional attention ensures correct camera-view binding. Text-based
canonical orientation descriptions disambiguate the NOCS definition and enable
generalization to unseen categories without retraining. To support training, we
curated a high-quality dataset of 22K canonically aligned objects with front-
face text definitions, complementing existing resources. Extensive experiments
demonstrate that our method achieves high image quality and accurate global
viewpoint control from arbitrary unposed images, significantly outperforming
both image-to-3D and generative NVS baselines.
Limitations and Future Work. Despite its strong performance, our method
has several limitations. First, our current approach assumes fixed camera in-
trinsics across all views, limiting its flexibility for applications requiring varying
focal lengths. Second, as shown in Figure 9 (left), although text descriptions
help disambiguate the canonical NOCS frame, objects with complex geometric
compositions remain challenging. Third, our method is primarily designed for
single-object scenarios. When the input contains multiple objects with distinct
orientations, performance degrades. Finally, integrating our globally controlled
novel views as a drop-in module for downstream tasks such as robotic manipu-
lation and content creation presents a promising direction for future work.
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