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Fig. 1. ArtiFixer enhances and extends existing 3D reconstructions in a highly efficient and scalable manner. Given an initial reconstruction, set of reference
views, and an optional text prompt, it auto-regressively generates novel content that maintains a high degree of consistency with existing observations.
ArtiFixer can directly produce hundreds of novel views in a single inference pass or serve as pseudo-supervision to improve the underlying 3D reconstruction.
Project page: https://research.nvidia.com/labs/sil/projects/artifixer

Per-scene optimization methods such as 3D Gaussian Splatting provide

state-of-the-art novel view synthesis quality but extrapolate poorly to under-

observed areas. Methods that leverage generative priors to correct artifacts

in these areas hold promise but currently suffer from two shortcomings.

The first is scalability, as existing methods use image diffusion models or

bidirectional video models that are limited in the number of views they

can generate in a single pass (and thus require a costly iterative distillation

process for consistency). The second is quality itself, as generators used in

prior work tend to produce outputs that are inconsistent with existing scene

content and fail entirely in completely unobserved regions. To solve these, we

propose a two-stage pipeline that leverages two key insights. First, we train a
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powerful bidirectional generative model with a novel opacity mixing strategy

that encourages consistency with existing observations while retaining the

model’s ability to extrapolate novel content in unseen areas. Second, we

distill it into a causal auto-regressive model that generates hundreds of

frames in a single pass. This model can directly produce novel views or serve

as pseudo-supervision to improve the underlying 3D representation in a

simple and highly efficient manner. We evaluate our method extensively

and demonstrate that it can generate plausible reconstructions in scenarios

where existing approaches fail completely. When measured on commonly

benchmarked datasets, we outperform all existing baselines by awidemargin,

exceeding prior state-of-the-art methods by 1-3 dB PSNR.

CCS Concepts: • Computing methodologies→ Computer vision; Ren-

dering.

Additional Key Words and Phrases: Image & Video Generative AI, Deep

Image/Video Synthesis, Neural Rendering, Multi-View & 3D, Deep Learning,

Machine Learning, Artificial Intelligence

1 Introduction
High-quality novel view synthesis is essential for applications in vir-

tual and augmented reality and closed-loop simulation for physical

AI. These use cases require photorealistic rendering and the ability
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to navigate complex environments under unconstrained camera

motion. In recent years, two paradigms have emerged as dominant

approaches to novel view synthesis: explicit 3D neural reconstruc-

tion [Kerbl et al. 2023; Mildenhall et al. 2020], and camera-controlled

image or video generation [Ren et al. 2025; Zhou et al. 2025].

Neural reconstruction methods have matured significantly and

now enable real-time rendering and high visual fidelity when trained

from dense image collections with accurate camera poses. However,

in the most widely used per-scene optimization setting, their per-

formance remains fundamentally limited by the completeness and

quality of the input observations. Regions that are sparsely observed

or entirely missing during capture are poorly reconstructed, leading

to artifacts, holes, or implausible geometry. While such deficiencies

remain hidden near the training views, they are inevitably exposed

during free navigation of the scene.

Conversely, recent video generative models have demonstrated

the ability to synthesize photorealistic and temporally coherent con-

tent that is often indistinguishable from real-world videos [Google

DeepMind 2024; NVIDIA et al. 2025; OpenAI 2024]. Despite this

progress, precise camera control over extended sequences, long-

term temporal consistency, and the accumulation of drift and hal-

lucinations remain open challenges, limiting their applicability to

interactive view synthesis.

Instead of treating reconstruction and generation as standalone

alternatives, we aim to combine their complementary strengths:

generative models serve as powerful priors to repair and complete

imperfect reconstructions, while the explicit—albeit noisy and par-

tial—3D representation provides a strong conditioning signal that

grounds generation, mitigates long-term drift, and suppresses hallu-

cinations. Recentmethods have taken initial steps in this direction by

training generative models to map degraded novel-view renderings

to clean images and distilling the resulting improvements back into

an underlying 3D representation [Fischer et al. 2025; Gao* et al. 2024;

Wu et al. 2025d; Yu et al. 2024]. However, these approaches must

navigate two fundamental trade-offs. First, they must balance tem-

poral consistency and efficiency: some employ large bidirectional

video generative models that provide strong temporal coherence

but incur high computational cost [Fischer et al. 2025; Gao* et al.

2024; Wu et al. 2025b], while others rely on (multi-view) image-

based generative models that are more efficient but limit temporal

consistency and require progressive distillation strategies [Wu et al.

2025d, 2024]. Second, they face the trade-off between conditioning

strength and generative capacity. Approaches [Wu et al. 2025b; Yu

et al. 2024] that condition generation on corrupted renderings via

concatenation or cross-attention risk altering the observed scene

content, whereas methods [Fischer et al. 2025; Wu et al. 2025d]

trained to directly map corrupted renderings to clean images are

incapable of synthesizing missing content, due to the mode collapse

in fully unobserved regions where all input pixels are black.

In our work, we follow this line of research by adapting a pre-

trained bidirectional video diffusionmodel into a camera-controllable

generator that maps corrupted renderings to clean images. To over-

come the aforementioned limitations, we introduce two key con-

tributions: (i) an opacity-aware noise mixing strategy that injects

Gaussian noise into low-opacity regions, preventing mode collapse

and preserving generative capacity in unobserved areas; and (ii)

distillation of the bidirectional model into a few-step causal auto-

regressive generator capable of producing arbitrarily long, tempo-

rally consistent videos while approaching the efficiency of prior

image-based methods. In doing so, we demonstrate that even highly

degraded 3D reconstructions provide sufficient conditioning signals

to significantly simplify the distillation process. While recent work

has begun incorporating explicit 3D representations as conditioning

signals for auto-regressive video generation [Chen et al. 2025b; Wu

et al. 2025c; Zhai et al. 2025], these approaches treat the 3D input

as a fixed conditioning rather than an output to be improved. Our

method closes this loop: the reconstruction conditions the generator,

and the generator in turn enhances and extends the reconstruction,

enabling both higher-quality video synthesis and improved 3D scene

completeness. The resulting framework enables efficient improve-

ment of the underlying 3D reconstruction and greatly outperforms

a wide range of baselines across multiple benchmarks.

2 Related Work
Novel view synthesis from 3D representations. Neural Radiance

Fields (NeRFs) [Mildenhall et al. 2020] and, more recently, 3D Gauss-

ian Splatting (3DGS) [Kerbl et al. 2023] have revolutionized the field

of novel view synthesis by distilling sensor information (usually

overlapping photos of a scene) into a 3D representation that can

then be queried from arbitrary camera viewpoints. Because these

representations are optimized on a per-scene basis, their ability

to extrapolate beyond observed views is inherently limited, and

they fail to render plausible content in sparsely observed or missing

regions.

A large body of work seeks to mitigate these limitations through

handcrafted geometric priors [Niemeyer et al. 2022; Somraj et al.

2023; Yang et al. 2023], pretrained depth [Deng et al. 2022; Roessle

et al. 2022; Wang et al. 2023; Zhu et al. 2024] and normal [Yu et al.

2022] estimators, and adversarial networks [Roessle et al. 2023].

However, these approaches are sensitive to noise, difficult to balance

with data terms, and yield only marginal improvements in denser

captures. An alternative line of work trains feed-forward networks

on large multi-scene datasets, which are used to enhance a scene-

optimized NeRF/3DGS [Lu et al. 2025b; Zhou et al. 2023] or directly

predict novel views [Chen et al. 2021; Lu et al. 2025a; Ren et al. 2024;

Yu et al. 2021]. While these deterministic methods perform well near

reference views, they often produce blurry results in ambiguous

regions where the distribution of possible renderings is inherently

multi-modal.

Diffusion models for novel view synthesis. An alternative strat-

egy is to leverage the priors learned by generative diffusion models

trained on internet-scale data to enhance novel view synthesis. Early

works [Poole et al. 2023; Sargent et al. 2024; Wu et al. 2024] use a dif-

fusion model as a learned critic during reconstruction optimization,

but this incurs substantial computational overhead. More recent

approaches [Fischer et al. 2025; Gao* et al. 2024; Liu et al. 2024, 2022;

Wu et al. 2025d,b] directly generate multi-view–consistent images

that can be consumed by a downstream 3D reconstruction pipeline.

While this strategy improves training efficiency, it typically relies

on iterative generation and distillation, in which new views are

progressively distilled back into the 3D representation to satisfy
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Fig. 2. Method overview.We first train a bidirectional flow matching model that transports degraded RGB renderings into clean outputs. We encode the
input RGB into latent space and mix with Gaussian noise using the rendered opacity maps to avoid mode collapse in unseen regions. We inject fine-grained
opacity information and camera control along with clean reference views and an optional text prompt. In the second phase of our pipeline, we distill the
teacher into an auto-regressive causal model via Self Forcing-style DMD distillation [Huang et al. 2025], which can be directly used to render novel views or
used as pseudo-supervision to distill back into the underlying 3D representation.

computational and consistency constraints. Lyra [Bahmani et al.

2026] sidesteps this iteration by distilling video diffusion knowledge

into a feed-forward 3DGS generator, though it operates from a single

image rather than enhancing an existing reconstruction. Building

on the rapid progress of video generative models [Blattmann et al.

2023; Wan et al. 2025a], recent work reverses this paradigm. Rather

than distilling generative outputs into a 3D representation, these

methods treat the 3D representation as a conditioning signal for

a generative model that directly synthesizes novel views [Kong

et al. 2025; Ren et al. 2025]. Although this approach can improve

the perceptual realism of novel views, it inherits limitations of the

underlying generative models, including temporal inconsistencies,

hallucinations, and imperfect camera control.

Auto-regressive video generation. While bidirectional video gener-

ation models synthesize all frames jointly, auto-regressive models

generate frames sequentially using block-causal attention. Auto-

regressive generation improves scalability and generation efficiency

compared to bidirectional models, but often suffers from quality

degradation over time, as each frame is conditioned on previously

generated outputs, causing errors to accumulate [Yin et al. 2025b].

Several methods try to address the issue by better aligning the train-

ing scheme of these models with inference-time conditions, thereby

reducing exposure bias [Cui et al. 2025; Huang et al. 2025; Liu et al.

2025]. A complementary line of research focuses on improving gen-

eration speed and controllability by exploiting temporal and spatial

cues to select per-frame context [Kong et al. 2025; Li et al. 2025a;

Shin et al. 2025; Wan et al. 2025b; Yang et al. 2025], enabling in-

teractive auto-regressive world models [Hong et al. 2025]. Despite

these advances, auto-regressive video models still lag behind ex-

plicit 3D representations in terms of spatial consistency, camera

controllability, and rendering efficiency.

3 Preliminaries
3D Gaussian Splatting. 3DGS [Kerbl et al. 2023] represents a scene

as a set of anisotropic 3D Gaussian primitives, each parameterized

by a mean 𝝁 𝑗 , covariance 𝚺 𝑗 , opacity 𝜎 𝑗 , and view-dependent color

c𝑗 . Novel views are rendered by projecting the primitives onto the

target image plane and compositing in front-to-back depth order:

C(p) =∑
𝑖 𝛼𝑖c𝑖

∏
𝑘<𝑖 (1−𝛼𝑘 ), where 𝛼𝑖 is the learned opacity scaled

by the projected Gaussian evaluated at pixel p. Primitive parameters

are optimized per scene with a photometric reconstruction loss.

Video diffusion models. Diffusion models learn to transport sam-

ples between a data distribution 𝑝𝑑𝑎𝑡𝑎 (x) and a tractable prior, typi-

cally N(0, I) [Ho et al. 2020; Song et al. 2020]. Most video diffusion

models [Blattmann et al. 2023] operate in a lower-dimensional latent

space for computational efficiency. Flow matching [Lipman et al.

2023a; Liu et al. 2023], the framework used by our method, learns an

ODE flow between two arbitrary endpoint distributions 𝑝𝑠𝑟𝑐 and 𝑝𝑡𝑔𝑡
by fitting a time-dependent vector field v𝜃 (z𝑡 , 𝑡)whose induced prob-
ability path {𝑝𝑡 }𝑡 ∈[0,1] satisfies 𝑝0 = 𝑝𝑠𝑟𝑐 and 𝑝1 = 𝑝𝑡𝑔𝑡 . During train-
ing, we sample endpoint latents z0 ∼ 𝑝𝑠𝑟𝑐 and z1 ∼ 𝑝𝑡𝑔𝑡 and a time

𝑡 ∈ [0, 1], construct an intermediate latent via z𝑡 := (1 − 𝑡)z0 + 𝑡z1
with target velocity v𝑡 := 𝑑z𝑡

𝑑𝑡
= z1 − z0, and fit the vector field using

the conditional flowmatching objectivemin𝜃 E𝑡,z0,z1


v𝜃 (z𝑡 , 𝑡)−v𝑡

2

2
.

At inference, we draw z0 ∼ 𝑝𝑠𝑟𝑐 and numerically integrate the

learned ODE from 𝑡 = 0 to 𝑡 = 1 to obtain z1 as a sample from 𝑝𝑡𝑔𝑡 .
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Fig. 3. Transformer block. We start from a pretrained text-to-video
model [Wan et al. 2025a] and inject camera and opacity information into
each transformer block via linear layers after applying self-attention and
layer normalization. We patchify reference views into visual tokens, apply
relative camera conditioning via PRoPe [Li et al. 2025b], and add 𝐾𝑛 and𝑉𝑛
projections to the cross-attention operation. We zero-initialize 𝑓𝑟 , 𝑓𝑜 , and
𝑉𝑛 to ensure compatibility with the pretrained initialization.

4 Method
Given an initial 3D reconstruction of a scene created from a sparse

set of images, our goal is to generate artifact-free renderings from ar-

bitrary camera viewpoints, including regions unobserved by input

images, at interactive rates. Our solution is a controllable auto-

regressive video model that can either directly render arbitrary long

novel-view renderings or provide pseudo-supervision to improve

the underlying 3D reconstruction. We describe how to adapt a pre-

trained video diffusion model to serve as a bidirectional teacher in

Sec. 4.1. We discuss causal distillation and the capabilities of the

resulting model in Sec. 4.2. Fig. 2 illustrates our approach.

4.1 Bidirectional Training
Architecture. We start from a pretrained text-to-videomodel (Wan

2.1 T2V-14B [Wan et al. 2025a]), freeze its VAE and text encoder, and

finetune the remaining components. Degraded renderings are en-

coded by the frozen VAE and 3D-patchified with (𝑡, ℎ,𝑤) = (1, 2, 2).
We guide where to generate scene content through rendered opac-

ity maps O and enable camera control in completely unobserved

areas via Plücker raymaps R. Both bypass the VAE entirely – we

downscale their spatial dimensions to match the spatial compres-

sion factor of the VAE via the PixelUnshuffle operation [Paszke et al.

2019], encode them via per-block linear layers 𝑓𝑜 and 𝑓𝑟 (Fig. 3), and

add the embeddings to the visual tokens:

𝑇𝑟 :=𝑇𝑠 + 𝑓𝑟 (PixelUnshuffle(R)) (1)

𝑇𝑜 :=𝑇𝑟 + 𝑓𝑜 (PixelUnshuffle(O)), (2)

where 𝑇𝑠 denotes the token set after applying self-attention and

layer-normalization. We found this strategy to be more computa-

tionally efficient than alternatives such as VAE encoding R and

O while providing camera control even when the input rendering

is entirely empty. To provide additional scene context, we encode

clean reference views with the frozen VAE, patchified per-image

along the batch dimension (no temporal compression). Each trans-

former block cross-attends from target tokens (𝑄) to concatenated

reference tokens (𝐾/𝑉 ), with PRoPe [Li et al. 2025b] applied using

target intrinsics/extrinsics for 𝑄 and reference intrinsics/extrinsics

for 𝐾/𝑉 . 𝑓𝑟 , 𝑓𝑜 , and𝑉𝑛 are all zero-initialized to ensure compatibility

with the pretrained initialization.

Opacity mixing. Most generative models start from Gaussian

noise 𝝐 ∼ N(0, I) which is iteratively transformed into a latent

video representation z. Most prior work similarly starts from such

noise, conditioning the generation process on the initial degraded

rendering latent z𝑑𝑒𝑔 via channel-concatenation [Wu et al. 2025b;

Yin et al. 2025a] or classifier-free guidance [Liu et al. 2022]. Although

the resulting latent z𝑒𝑛ℎ tends to be semantically similar to its de-

graded counterpart, notable inconsistencies remain, especially in

high-artifact regions (Fig. 4). Several methods start directly from z𝑑𝑒𝑔
instead of noise [Fischer et al. 2025; Wu et al. 2025d], validating the

insight that the source distribution should reflect what can already

be rendered. While this encourages stronger consistency guarantees,

it suffers from mode collapse in completely unseen areas: the source

distribution collapses to a Dirac mass at zero in empty regions, hin-

dering the ability to extrapolate high-quality renderings (Fig. 4).

To address this, we mix Gaussian noise into low-opacity regions

by downscaling O into O𝑧 through max pooling to match z𝑑𝑒𝑔’s
spatial dimensions (we retain fine-grained information via Eq. (2))

and deriving z𝑚𝑖𝑥 = O𝑧z𝑑𝑒𝑔+ (1−O𝑧)𝝐 as the source distribution for

our model. As no source information is lost from the max-pooling,

this approach preserves the consistency benefits of starting from

z𝑑𝑒𝑔 while gracefully interpolating to the standard Gaussian prior

in entirely novel regions. This strategy is conceptually linked to

inpainting methods [Avrahami et al. 2022; Kim et al. 2025; Mayet

et al. 2025] that preserve known regions at low noise while pushing

unknown regions toward the generative prior, though we operate

with a continuous opacity signal rather than a binary mask. We

formally derive compatibility with flow matching in Sec. A.

Data curation. Our goal is to not only correct artifacts in under-

observed areas as in prior work [Fischer et al. 2025; Wu et al. 2025d]

but also generate plausible content in entirely unseen areas. To do

so, we generate paired reconstruction-ground truth samples from

DL3DV-10K [Ling et al. 2024] with a camera selection strategy that

encourages highly sparse reconstructions with large empty regions

that the model must learn to inpaint. Given a set of camera poses

with rotations R𝑖 and translations t𝑖 , we first measure the camera

pose distance function 𝑑 = | |R𝑖 − R𝑗 | |𝐹 + ||t𝑖 − t𝑗 | |2, find the camera

pair (𝑃1, 𝑃2) with the largest distance, and seed groups 𝐺1 and 𝐺2.

We assign the remaining cameras to𝐺1 or𝐺2 based on their distance

to 𝑃1 and 𝑃2, and then sample 2-12 cameras with the largest inter-

camera distance within each group to generate reconstructions

of differing sparsity. We roughly align the camera scales of each

reconstruction with a pretrained metric depth estimator [Wang et al.

2025] and prompt a vision-language model [Bai et al. 2025] for scene

descriptions. We provide more details in Sec. G of the supplement.
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Inputs Channel Concatenation Direct Input Opacity Mixing (Ours) Ground Truth

Fig. 4. Opacity mixing. Given a degraded rendering, set of reference views, and an optional text prompt (left), we predict an artifact-free rendering at a
target viewpoint. Starting from Gaussian noise and channel concatenating the degraded rendering as in prior work [Wu et al. 2025b; Yin et al. 2025a] produces
renderings that are semantically similar to the reference views, but with notable inconsistencies (such as the table in the top row). Directly starting from the
degraded rendering instead of Gaussian noise improves consistency, but degrades quality noticeably when extrapolating to areas outside those covered by the
degraded renderings (bottom row). Instead, we mix Gaussian noise into the rendering based on its opacity map. The resulting input retains the consistency
benefits of the original while enabling a strong generative capability in entirely novel regions.

Optimization. Given an initial latent-encoded rendering z𝑑𝑒𝑔 , which
we transform into z𝑚𝑖𝑥 , we train our model to predict its enhanced

counterpart z𝑒𝑛ℎ via conditional flow matching loss L𝑐 𝑓𝑚 [Lipman

et al. 2023b]. We construct batches of paired reconstruction-ground

truth data by sampling 𝑁 = 81 frames along with the corresponding

camera poses, text prompt (dropped with 10% probability), and a

uniformly varying number of reference views (0-12). To enhance

model’s generative abilities and viewpoint controllability, we drop

the last 𝐾 ≤ 𝑁 frames of the input (𝐾 is randomly chosen) by zero-

ing both the RGB rendering and opacity map while retaining the

Plücker raymaps, so that the model must rebuild the ground truth

from the prompt, reference views, and camera conditions alone.

4.2 Causal Distillation
Initialization. We initialize the causal model from the weights of

the bidirectional teacher. To stabilize training, we follow a simpler

strategy than the ODE initialization protocol of prior work [Huang

et al. 2025; Shin et al. 2025; Yin et al. 2025b], which requires gener-

ating a dataset of ODE trajectories from the teacher model. Instead,

we simply apply a block-causal mask, perturb each input frame with

differing noise levels as in Diffusion Forcing [Chen et al. 2025a], and

otherwise use the same inputs and training protocol as in Sec. 4.1.

Autoregressive rollout. After initialization, we adopt a training

strategy similar to Self Forcing [Huang et al. 2025], where we gener-

ate video chunks sequentially and condition on previously generated

chunks via KV caching, except that we continue applying dropout

as in Sec. 4.1 as camera control and generation from pure noise

otherwise degrade. We apply Distribution Matching Distillation

(DMD) [Yin et al. 2024] to convert the model into a few-step gen-

erator (𝑁 = 4 in our experiments, although, outside of entirely

novel regions, this can often be reduced to fewer steps with little

noticeable difference as discussed in Sec. C of the supplement).

Long video generation. Existing methods rely on long-horizon

training [Hong et al. 2025; Yang et al. 2025] to minimize error accu-

mulation in long video rollouts. Although these strategies can be

applied to our method, in practice we find our conditioning signals

(notably the degraded rendering and reference views) sufficient to

prevent error accumulation. We thus train with the same number

of frames as in Sec. 4.1 and use a rolling KV cache during inference.

Although simple, this approach accelerates training convergence

(due to training on a more diverse set of shorter videos for a given

computational budget) and generalizes to arbitrary length videos,

as shown in our experiments.

3D distillation. Prior work distills diffusion model outputs into

3D representations [Kerbl et al. 2023] for consistency purposes, as

they otherwise exhibit temporal instability [Wu et al. 2025d] or

are limited by number of frames bidirectional models can gener-

ate in a single pass [Fischer et al. 2025; Wu et al. 2025b]. As our

auto-regressive model can sequentially generate arbitrary-length

renderings, we are not limited by these constraints. However, 3D dis-

tillation is still sometimes desirable from an efficiency perspective,

as these representations render orders of magnitude faster. To do so,

existing methods require a progressive distillation process that al-

ternates between view generation and 3D reconstruction, incurring

significant training time overhead. In our case, as we can generate

an arbitrary number of frames in a consistent manner, we adopt

a more efficient approach by simply generating all desired novel

views in a single pass before applying standard 3D reconstruction.

5 Experiments
We evaluate three variants of our method: ArtiFixer, which directly

renders novel views from the auto-regressive generator, ArtiFixer

3D, which distills its outputs back into the underlying 3D represen-

tation, and ArtiFixer 3D+, which re-applies the auto-regressive
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model as a post-processing step on top of ArtiFixer 3D (as in [Wu

et al. 2025d]). We assess their ability to enhance in-the-wild captures

against a wide range of prior work in Sec. 5.2 and their capacity to

synthesize unobserved regions on a more challenging dataset split

against a smaller set of relevant baselines in Sec. 5.3. We validate

the contribution of individual components in Sec. 5.4.

5.1 Implementation
We implement our method in PyTorch [Paszke et al. 2019] and train

it on 128 H100 GPUs, using a batch size of one per GPU (128 total).

We use FlashAttention-3 [Shah et al. 2024] for acceleration. In our

main experiments, we finetune the bidirectional model described in

Sec. 4.1 for 15,000 iterations using AdamW [Loshchilov and Hutter

2019] with a learning rate of 1 × 10−5. We then initialize the causal

model for 5,000 iterations with the same learning rate, followed by

2,000 iterations of auto-regressive rollout and DMD training (≈15k
GPU-hours total), using learning rates of 2 × 10−6 for the generator
and 4 × 10−7 for the fake score function. For the ablations, we use a
truncated schedule of 10,000 + 2,000 + 600 iterations on 64 GPUs to

reduce computational cost (≈4k GPU-hours). We use 3DGUT [Wu

et al. 2025a] with MCMC densification [Kheradmand et al. 2024] for

the initial reconstructions used by our model. At test time, we use

𝐾 =6 uniformly sampled reference views for experiments match-

ing the Difix3D+ protocol (Table 1) and all available input views

otherwise (Tables 2 and 3). We use prompts generated by a vision-

language model (Sec. G). Baselines are evaluated following their

standard protocols.

5.2 Enhancing In-the-Wild Captures
Datasets. We run comparisons on the Nerfbusters dataset [War-

burg et al. 2023] and DL3DV [Ling et al. 2024] using the splits pro-

vided by [Wu et al. 2025d] and on the Mip-NeRF 360 dataset [Barron

et al. 2022] with the splits proposed by [Wu et al. 2024] and used in

subsequent work [Gao* et al. 2024; Wu et al. 2025b].

Baselines. We compare ArtiFixer to an extensive set of baselines,

including the original 3DGS [Kerbl et al. 2023] and 2DGS [Huang

et al. 2024], NeRF variants [Barron et al. 2023; Tancik et al. 2023],

non-generative sparse reconstructionmethods [Li et al. 2024; Somraj

et al. 2023; Yang et al. 2023; Zhu et al. 2024], and other diffusion-

based work [Fischer et al. 2025; Gao* et al. 2024; Sargent et al. 2024;

Warburg et al. 2023; Wu et al. 2025d, 2024, 2025b; Wynn and Tur-

mukhambetov 2023; Yin et al. 2025a].

Metrics. We calculate PSNR, SSIM [Wang et al. 2004], LPIPS [Zhang

et al. 2018], and FID score [Heusel et al. 2017] on Nerfbusters and

DL3DV using the exact same protocol and metric implementations

as Difix3D+ [Wu et al. 2025d]. On Mip-NeRF 360, we calculate PSNR,

SSIM, and LPIPS across the 3, 6, and 9 view splits using the same

implementations as GenFusion [Wu et al. 2025b].

Results. Wepresent quantitative results for Nerfbusters andDL3DV

in Table 1 and Mip-NeRF 360 in Table 2. We provide visual com-

parisons in Fig. 7 and Fig. 8. All ArtiFixer variants outperform all

baselines by a substantial margin. Although the different variants

produce similar renderings, ArtiFixer’s are slightly sharper, while

ArtiFixer 3D’s are even more consistent with the source images

Input ArtiFixer

ArtiFixer 3D ArtiFixer 3D+

Fig. 5. ArtiFixer variants. Most visible differences occur in highly cor-
rupted regions. ArtiFixer 3D’s explicit 3D consistency improves fidelity
with the source images and mitigates transient corruption (middle), at
the cost of some sharpness, which ArtiFixer 3D+ restores. Nonetheless, all
variants outperform prior work by a substantial margin.

at the cost of some blurriness due to its explicit 3D representation,

leading to a minor increase in PSNR and SSIM and a small degrada-

tion in LPIPS and FID in Table 1. Re-applying the generator to the

improved 3D reconstruction (ArtiFixer 3D+) restores some of this

sharpness, leading to renderings that are crisper than ArtiFixer

3D and slightly more consistent than ArtiFixer (Fig. 5).

5.3 Novel Content Generation
Dataset. We evaluate novel content generation by following the

sparse reconstruction protocol described in Sec. G on scenes from

DL3DV, resulting in numerous “holes" that must be corrected in a

manner consistent with existing observations.

Baselines. We compare to a smaller set of baselines most relevant

to our work, notably 3DGUT [Wu et al. 2025a] as the base represen-

tation we provide as initial renderings to our method, image-based

diffusion methods via Difix3D+ [Wu et al. 2025d] and Fixer [NVIDIA

2025], and approaches that build upon bidirectional video mod-

els [Ren et al. 2025; Wu et al. 2025b].

Results. We present quantitative results, using the same metrics

as Table 1, in Table 3. We provide qualitative results in Fig. 6. All Ar-

tiFixer variants outperform the next-best method (GenFusion [Wu

et al. 2025b]) by almost 3 dB in PSNR. Gen3C [Ren et al. 2025] gives

the next-best visually appealing results, but its conditioning often

does not respect the source content, and its quality is upper-bounded

by the depth estimator it uses to generate its 3D cache (in contrast

to our purely data-driven approach). Difix3D+ [Wu et al. 2025d] and

Fixer [NVIDIA 2025] generally fail to inpaint plausible context due

to their deterministic conditioning.

5.4 Diagnostics
Ablations. We ablate the effectiveness of our opacity mixing strat-

egy by comparing it to variants that instead use channel concatena-

tion or omit the opacity mixing. We also measure the impact of the
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Nerfbusters [Warburg et al. 2023] DL3DV [Ling et al. 2024]

Method PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓
Nerfacto [Tancik et al. 2023] 17.29 0.621 0.402 134.65 17.16 0.581 0.430 112.30

3DGS [Kerbl et al. 2023] 17.66 0.678 0.327 113.84 17.18 0.588 0.384 107.23

Nerfbusters [Warburg et al. 2023] 17.72 0.647 0.352 116.83 17.45 0.606 0.370 96.61

GANeRF [Roessle et al. 2023] 17.42 0.611 0.354 115.60 17.54 0.610 0.342 81.44

NeRFLiX [Zhou et al. 2023] 17.91 0.656 0.346 113.59 17.56 0.610 0.359 80.65

Difix3D (Nerfacto) [Wu et al. 2025d] 18.08 0.653 0.328 63.77 17.80 0.596 0.327 50.79

Difix3D (3DGS) [Wu et al. 2025d] 18.14 0.682 0.287 51.34 17.80 0.598 0.314 50.45

Difix3D+ (Nerfacto) [Wu et al. 2025d] 18.32 0.662 0.279 49.44 17.82 0.613 0.283 41.77

Difix3D+ (3DGS) [Wu et al. 2025d] 18.51 0.686 0.264 41.77 17.99 0.602 0.293 40.86

ArtiFixer 19.83 0.701 0.254 37.78 19.73 0.672 0.231 20.85

ArtiFixer 3D 20.24 0.729 0.267 39.67 20.14 0.705 0.256 24.27

ArtiFixer 3D+ 20.12 0.713 0.264 41.17 20.06 0.686 0.242 22.61

Table 1. Artifact removal on Nerfbusters and DL3DV. All ArtiFixer variants outperform prior methods by a considerable margin, improving PSNR by 2 dB.

PSNR ↑ SSIM ↑ LPIPS ↓
Method 3-view 6-view 9-view 3-view 6-view 9-view 3-view 6-view 9-view

Zip-NeRF [Barron et al. 2023] 12.77 13.61 14.30 0.271 0.284 0.312 0.705 0.663 0.633

3DGS [Kerbl et al. 2023] 13.06 14.96 16.79 0.251 0.355 0.447 0.576 0.505 0.446

2DGS [Huang et al. 2024] 13.07 15.02 16.67 0.243 0.338 0.423 0.580 0.506 0.449

FSGS [Zhu et al. 2024] 14.17 16.12 17.94 0.318 0.415 0.492 0.578 0.517 0.468

FreeNeRF [Yang et al. 2023] 12.87 13.35 14.59 0.260 0.283 0.319 0.715 0.717 0.695

SimpleNeRF [Somraj et al. 2023] 13.27 13.67 15.15 0.283 0.312 0.354 0.741 0.721 0.676

DiffusioNeRF [Wynn and Turmukhambetov 2023] 11.05 12.55 13.37 0.189 0.255 0.267 0.735 0.692 0.680

ZeroNVS [Sargent et al. 2024] 14.44 15.51 15.99 0.316 0.337 0.350 0.680 0.663 0.655

DNGaussian [Li et al. 2024] 14.00 15.21 16.72 0.301 0.356 0.397 0.620 0.604 0.603

FlowR [Fischer et al. 2025] 14.46 16.18 17.53 0.347 0.409 0.456 0.587 0.520 0.467

ReconFusion [Wu et al. 2024] 15.50 16.93 18.19 0.358 0.401 0.432 0.585 0.544 0.511

GenFusion [Wu et al. 2025b] 15.29 17.16 18.36 0.369 0.447 0.496 0.585 0.500 0.465

GSFixer [Yin et al. 2025a] 15.61 17.27 18.63 0.370 0.426 0.481 0.559 0.478 0.420

CAT3D [Gao* et al. 2024] 16.62 17.72 18.67 0.377 0.425 0.460 0.515 0.482 0.460

ArtiFixer 17.06 18.64 19.96 0.420 0.476 0.518 0.437 0.390 0.353

ArtiFixer 3D 17.29 18.95 20.24 0.451 0.526 0.598 0.440 0.382 0.327

ArtiFixer 3D+ 17.51 18.95 20.16 0.444 0.498 0.537 0.441 0.396 0.359

Table 2. Sparse view reconstruction methods on the Mip-NeRF360 dataset.We exceed existing work by a wide margin across every metric.

Method PSNR↑ SSIM↑ LPIPS↓ FID↓
3DGUT [Wu et al. 2025a] 16.12 0.537 0.445 92.94

Difix3D (Nerfacto) [Wu et al. 2025d] 14.16 0.453 0.545 74.59

Difix3D (3DGS) [Wu et al. 2025d] 16.60 0.599 0.405 52.70

Difix3D+ (Nerfacto) [Wu et al. 2025d] 13.74 0.434 0.483 30.07

Difix3D+ (3DGS) [Wu et al. 2025d] 16.34 0.564 0.382 21.77

Fixer (offline) [NVIDIA 2025] 13.09 0.355 0.584 135.43

Fixer (online) [NVIDIA 2025] 13.93 0.443 0.535 79.44

Gen3C [Ren et al. 2025] 15.50 0.491 0.476 68.36

GenFusion [Wu et al. 2025b] 17.03 0.624 0.392 132.91

ArtiFixer 19.75 0.643 0.303 12.22

ArtiFixer 3D 19.92 0.673 0.306 16.28

ArtiFixer 3D+ 20.15 0.662 0.307 13.91

Table 3. Novel content generation.We reconstruct DL3DV scenes follow-
ing a protocol that creates large areas unobserved by training views. We
outperform the next-best method (GenFusion) by almost 3 dB in PSNR.

causal model weight initialization described in Sec. 4.2. We report re-

sults on Mip-NeRF 360 dataset averaged over all splits in Table 4 and

show that our design choice of starting from the initial rendering

instead of conditioning on it via channel concatenation is essential

Method

Direct

Input

Opacity

Mixing

Diffusion

Forcing

PSNR↑ SSIM↑ LPIPS↓ FID↓

Channel Concatenation ✗ ✗ ✓ 14.52 0.391 0.490 87.551

w/o Opacity Mixing ✓ ✗ ✓ 17.34 0.440 0.429 87.058

w/o Initialization ✓ ✓ ✗ 17.58 0.450 0.416 74.924

Full Method ✓ ✓ ✓ 17.99 0.461 0.408 69.43

Table 4. Diagnostics. We evaluate reconstruction quality on Mip-NeRF
360. Denoising input renderings instead of conditioning via channel con-
catenation is crucial to producing outputs consistent with source images.

to rendering consistently with the source imagery. Our causal ini-

tialization method is not essential as the model still converges to a

competitive level of quality, but provides a modest boost.

Model scale. To disentangle model scale from our other contribu-

tions, we train with Wan 2.1 T2V-1.3B and report results in Sec. D.

Timing. We report inference speed in Table 5 on a single GB300

GPU. Causal distillation with KV caching and few-step sampling

yields a 70× speedup over the bidirectional Wan 2.1 14B and 1.3B

backbones. With the 14B backbone, ArtiFixer and ArtiFixer 3D+
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Method FPS ↑
Wan 2.1 T2V-14B [Wan et al. 2025a] 0.12

Wan 2.1 T2V-1.3B [Wan et al. 2025a] 0.49

ArtiFixer/ArtiFixer 3D+ (14B) 8.36

ArtiFixer/ArtiFixer 3D+ (1.3B) 34.38

ArtiFixer 3D 268

Table 5. Inference speed. Causal distillation yields a 70× speedup over
the bidirectional Wan 2.1 backbones. ArtiFixer 3D renders directly from
3DGUT. Additional configurations are reported in Table 7.

reach 8.36 FPS. Our 1.3B variant reaches 34.38 FPS. ArtiFixer 3D

renders at native 3DGUT speed (268 FPS). Fewer denoising steps

and context parallelism provide further gains (Sec. C).

6 Conclusion
Neural reconstruction and camera-controlled video generation pro-

vide complementary strengths for novel view synthesis. In this work,

we introduced ArtiFixer, an auto-regressive video diffusion model

that seeks to combine the advantages of both paradigms. ArtiFixer

transforms corrupted renderings of reconstructed scenes into clean,

temporally consistent frames, while retaining sufficient generative

capacity to inpaint unobserved regions and the efficiency required

for interactive use. The strong conditioning signal from the recon-

structed scene significantly simplifies distillation and conversion

to an auto-regressive formulation, enabling ArtiFixer to generate

long video sequences with less quality degradation.
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Fig. 6. DL3DV results. We compare ArtiFixer 3D+ to its initial 3DGUT [Wu et al. 2025a] input, two baselines that build upon bidirectional video diffusion
models (top rows), and two that leverage image models (bottom rows). GenFusion [Wu et al. 2025b]’s video model generates 16 frames at a time, requiring
an iterative distillation process that leads to blurry results, especially in empty areas. Gen3C [Ren et al. 2025]’s renderings are sharper but often do not respect
the source content (background in top row), have incorrect geometry (second row), and exhibit color shift (sixth row). Methods that directly take renderings
as input without opacity mixing [NVIDIA 2025; Wu et al. 2025d] fail to reconstruct empty regions. Our method can reconstruct plausible and consistent
geometry even when the initial rendering is highly degraded. Please refer to our project website for comparison videos.
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Fig. 7. Mip-NeRF 360 results. We present visualizations of Mip-NeRF’s most challenging split (3-view). Our results far exceed all prior work both quantitatively
and qualitatively. Our method is able to recover the correct geometry from the reference views even in scenarios where the input rendering is completely
inaccurate (table in third row).
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Fig. 8. Nerfbusters results. As with the other datasets, our method is the only one to generate plausible visuals in unseen regions while preserving the
fidelity of the original content.
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Reference Views

Prediction Ground Truth

Fig. 9. Reference views.Without the initial rendering condition, ArtiFixer
can generate predictions from the reference views. Although fidelity drops
somewhat, the high-level structure of the scene remains intact.

A Opacity Mixing and Flow Matching
Our opacity mixing strategy is fully compatible with the conditional

flow matching (CFM) framework [Lipman et al. 2023a] as the CFM

loss E𝑡,z0,z1


v𝜃 (z𝑡 , 𝑡, cond) − (z1 − z0)

2 is valid for any joint distri-

bution 𝑞(z0, z1), not only z0 ∼ N(0, I). In our setting, we define the

source sample as:

z0 := O𝑧z𝑑𝑒𝑔 + (1 − O𝑧)𝝐, 𝝐 ∼ N(0, I), (3)

where O𝑧 is the spatially varying, downscaled opacity map and z𝑑𝑒𝑔
is the VAE-encoded degraded rendering. Let z1 denote the clean
target latent. We sample a global scalar 𝑡 ∼ U[0, 1] and form the

interpolant:

z𝑡 = (1 − 𝑡) z0 + 𝑡 z1, (4)

with target velocity v𝑡 = z1 − z0. The spatial variation introduced

by O𝑧 is encoded entirely in z0 and consequently propagates to

both z𝑡 and the target velocity v𝑡 , not to the scalar time variable

𝑡 . No per-location timestep conditioning is required: the network

receives (z𝑡 , 𝑡, cond) with a single global 𝑡 , exactly as in standard

flow matching.

At inference, we draw z0 ∼ 𝑞(z0) using the same opacity mixing

procedure and integrate the learned ODE from 𝑡 = 0 to 𝑡 = 1 using

the same global time parameterization.

B Conditioning
To probe which inputs drive output quality, we progressively strip

conditioning signals. First, we drop the initial rendering, forcing

the model to rely solely on reference views and camera rays. Al-

though fidelity decreases, the model still recovers the high-level

scene structure (Fig. 9). Next, we remove all conditioning except the

text prompt, reverting to standard text-to-video generation; output

quality remains comparable to the base Wan 2.1 model (Fig. 10).

We further quantify the contribution of text conditioning by

comparing ArtiFixer 3D+ results with and without VLM-generated

prompts in Table 6. Text conditioning provides a minor benefit in

the most sparse settings (+0.14 dB PSNR on Mip-NeRF 360 with 3

views), but this effect diminishes with denser captures.

No Opacity Mixing Opacity Mixing Base Model

Prompt: A cozy autumn-themed display in a retail store, featuring a variety of fall decorations arranged on
white tables and shelves. The scene includes pumpkins, gourds, and decorative pillows in warm orange,

cream, and brown tones. A sign reading 'Hello Fall' is prominently displayed above the arrangement.

Fig. 10. Text-to-video generation. To illustrate our model’s generative
ability, we generate videos from text prompts alone. With opacity mixing, it
retains similar quality to its base model [Wan et al. 2025a].

Dataset ΔPSNR ΔSSIM ΔLPIPS

Mip-NeRF 360 (3 views) +0.14 +0.003 −0.002
Mip-NeRF 360 (6 views) +0.07 +0.002 −0.001
Mip-NeRF 360 (9 views) +0.03 +0.003 −0.001
DL3DV +0.02 0.000 −0.001
Nerfbusters −0.07 +0.001 0.000

Table 6. Text conditioning. We measure the impact of VLM-generated
prompts vs. no prompt for ArtiFixer 3D+. Text prompts provide a small
benefit in sparse settings that diminishes with denser captures.

FPS ↑
Method GPUs 1 step 2 steps 3 steps 4 steps

ArtiFixer (14B) 1 29.42 16.07 11.03 8.36

ArtiFixer (14B) 4 58.72 35.91 24.65 19.18

ArtiFixer (1.3B) 1 86.75 57.76 43.20 34.38

ArtiFixer (1.3B) 4 101.77 69.44 53.77 49.24

Table 7. Inference configurations. Fewer denoising steps and context
parallelism across multiple GPUs further improve throughput, with the 1.3B
variant reaching up to 101.77 FPS.

C Denoising Steps
As ArtiFixer starts from renderings instead of pure noise, it is

able to generate plausible visuals in fewer than four steps in most

cases. Reducing the number of denoising steps significantly im-

proves throughput, with context parallelism across multiple GPUs

providing further gains (Table 7). However, sharpness and tempo-

ral consistency suffer somewhat in empty areas (Fig. 11). This is

largely mitigated when revisiting previously explored areas in our

ArtiFixer 3D and ArtiFixer 3D+ variants, as the 3D distillation

process provides strong conditioning for subsequent generations.

D Additional Experiments
Model scale. To disentangle the contribution of our method from

backbone capacity, we train the full pipeline with Wan 2.1 T2V-1.3B

and report ArtiFixer 3D+ results in Tables 8 and 9. For reference,

GenFusion [Wu et al. 2025b] uses a 1.4B-parameter backbone, GS-

Fixer [Yin et al. 2025a] 5B, and Gen3C [Ren et al. 2025] 7B. Our 1.3B

variant matches CAT3D [Gao* et al. 2024] within 0.02 dB on the

3-view Mip-NeRF 360 split and exceeds all other baselines.
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Input Rendering

1 Step 2 Steps

3 Steps 4 Steps

Fig. 11. Denoising steps. We vary the number of denoising steps when beginning from the initial degraded rendering. ArtiFixer can render plausible content
in as few as 1 step, although sharpness and temporal consistency suffer somewhat in empty areas.

PSNR ↑ SSIM ↑ LPIPS ↓
Method 3-view 6-view 9-view 3-view 6-view 9-view 3-view 6-view 9-view

GenFusion [Wu et al. 2025b] 15.29 17.16 18.36 0.369 0.447 0.496 0.585 0.500 0.465

GSFixer [Yin et al. 2025a] 15.61 17.27 18.63 0.370 0.426 0.481 0.559 0.478 0.420

CAT3D [Gao* et al. 2024] 16.62 17.72 18.67 0.377 0.425 0.460 0.515 0.482 0.460

ArtiFixer 3D+ (1.3B) 16.60 18.04 19.44 0.414 0.466 0.513 0.486 0.435 0.394

ArtiFixer 3D+ (14B) 17.51 18.95 20.16 0.444 0.498 0.537 0.441 0.396 0.359

Table 8. Impact of model scale on Mip-NeRF 360. Our 1.3B variant matches CAT3D within 0.02 dB on the 3-view split and exceeds other video model
baselines despite using fewer parameters.



ArtiFixer : Enhancing and Extending 3D Reconstruction with Auto-Regressive Diffusion Models • 15

Method PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓
GenFusion [Wu et al. 2025b] 17.03 0.624 0.392 132.91

Gen3C [Ren et al. 2025] 15.50 0.491 0.476 68.36

ArtiFixer 3D+ (1.3B) 19.04 0.635 0.352 22.3

ArtiFixer 3D+ (14B) 20.15 0.662 0.307 13.91

Table 9. Impact of model scale on novel content generation (DL3DV).

Even with a 1.3B backbone, ArtiFixer 3D+ outperforms the other video
model baselines by a wide margin.

Method PSNR ↑ SSIM ↑ LPIPS ↓
3DGS [Kerbl et al. 2023] 9.57 0.108 0.779

SparseNeRF [Wang et al. 2023] 9.23 0.191 0.632

DNGaussian [Li et al. 2024] 10.23 0.156 0.643

ReconX [Liu et al. 2026] 14.28 0.394 0.564

ArtiFixer 3D+ 14.75 0.464 0.463

Table 10. Tanks and Temples (2-view). ArtiFixer 3D+ outperforms all
baselines.

Method MASt3R ↓ RAFT ↓
Fixer [NVIDIA 2025] 0.1288 0.1236

Difix3D+ [Wu et al. 2025d] 0.0974 0.0959

GenFusion [Wu et al. 2025b] 0.0817 0.0786

Gen3C [Ren et al. 2025] 0.0766 0.0757

ArtiFixer 0.0749 0.0749

ArtiFixer 3D+ 0.0697 0.0697

ArtiFixer 3D 0.0646 0.0647

Table 11. Multi-view consistency.Wemeasure multi-view consistency via
MEt3R [Asim et al. 2025] with MASt3R and RAFT backbones. All ArtiFixer
variants outperform baselines, with ArtiFixer 3D achieving the best results
due to its explicit multi-view-consistent 3D representation.

Tanks and Temples. To further evaluate generalization, we report

results on the Tanks and Temples dataset [Knapitsch et al. 2017]

using the 2-view setting from ReconX [Liu et al. 2026] in Table 10.

Multi-view consistency. We evaluate multi-view consistency using

MEt3R [Asim et al. 2025] with MASt3R [Leroy et al. 2024] depth-

based reprojection and RAFT [Teed and Deng 2020] optical flow-

based warping backbones in Table 11. All ArtiFixer variants outper-

form baselines, with ArtiFixer 3D achieving the best consistency

due to its explicit 3D representation.

E Limitations
While ArtiFixer reaches interactive rates, it remains significantly

slower than direct rendering from neural scene representations.

Decoding in temporal chunks also introduces latency that may be

undesirable for applications such as embodied AI. Additionally, the

ArtiFixer and ArtiFixer 3D+ variants are limited to 720p by the

backbone video model, whereas ArtiFixer 3D renders at the na-

tive resolution of the underlying 3D representation. As with other

video diffusion models, our method can occasionally blur fine details

and text, and may introduce subtle color shifts when the render-

ing condition is absent or highly degraded. Promising directions

for future work include further reducing denoising steps, enabling

single-frame decoding while maintaining temporal coherence, and

applying video super-resolution [Zhuang et al. 2026] to close the

resolution gap.

F Societal Impact
ArtiFixer synthesizes photorealistic scene content and can plau-

sibly inpaint unobserved regions, raising concerns about potential

misuse for generating deceptive visual media. Appropriate safe-

guards such as watermarking generated content [Wen et al. 2023]

should be considered for deployment. From an environmental per-

spective, training our 14B-parameter model requires approximately

15k GPU-hours on H100 hardware. Our truncated training sched-

ule achieves near-full quality at roughly 25% of this cost, and our

1.3B-parameter variant further reduces training compute while re-

maining competitive with prior work.

G Sparse Reconstruction
Camera Sampling. We describe our camera sampling strategy in

Algorithm 1. Given a set of camera poses P, we define the pairwise
distance between two poses as 𝑑 = | |R𝑖 − R𝑗 | |𝐹 + ||t𝑖 − t𝑗 | |2. We

initialize the clustering process by identifying the pair (𝑃1, 𝑃2) that
maximizes this distance and using them as seeds for groups 𝐺1

and 𝐺2. The remaining cameras are assigned to the group of their

nearest seed. Finally, to evaluate varying levels of sparsity, we apply

farthest point sampling within each group to select subsets of size

𝐾 = {2, · · · , 12}.

ALGORITHM 1: CameraSampling

Input: Camera poses P, Selection count 𝐾 , Distance function 𝑑

Output: Selected subsets S1 ⊂ 𝐺1 and S2 ⊂ 𝐺2

/* 1. Find global farthest camera pair */

(𝑃1, 𝑃2 ) ← argmax𝑃𝑖 ,𝑃 𝑗 ∈P 𝑑 (𝑃𝑖 , 𝑃 𝑗 ) ;
/* 2. Cluster: Assign cameras to nearest seed camera */

𝐺1 ← {𝑃 ∈ P | 𝐷 (𝑃, 𝑃1 ) ≤ 𝐷 (𝑃, 𝑃2 ) };
𝐺2 ← P \𝐺1;

/* 3. Select Top-K points in EACH group */

foreach 𝑖 ∈ {1, 2} do
S𝑖 ← {𝑃𝑖 } ; // Start with the seed camera

while |S𝑖 | < 𝐾 and |S𝑖 | < |𝐺𝑖 | do
/* Find pose maximizing distance to current

selection */

𝑃𝑛𝑒𝑥𝑡 ← argmax𝑃 ∈𝐺𝑖 \S𝑖
(
min𝑠∈S𝑖 𝐷 (𝑃, 𝑠 )

)
;

S𝑖 ← S𝑖 ∪ {𝑃𝑛𝑒𝑥𝑡 };
end

end

return S1, S2

Reconstruction. We generate the initial reconstructions we pass to

the ArtiFixer model using the official 3DGUT implementation [Wu

et al. 2025a] with MCMC [Kheradmand et al. 2024] sampling (re-

constructions used during training are prepared offline). We run

each reconstruction for 10,000 iterations, taking slightly less than

10 minutes per reconstruction.
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Captioning. We generate captions for each DL3DV scene from

Qwen3-VL-30B-A3B-Instruct [Bai et al. 2025] on different frame

subsets to encourage prompt diversity. Similar to [Hong et al. 2025],

we suppress descriptions of ego-camera movement to avoid entan-

glement with camera ray conditioning. We use the prompt below:

You are a video captioning specialist whose goal is to generate high-

quality English prompts by referring to the details of the user’s input videos.

Your task is to carefully analyze the content, context, and actions within the

video, and produce a complete, expressive, and natural-sounding caption

that accurately conveys the scene. The caption should preserve the original

intent and meaning of the video while enhancing its clarity and descriptive

richness. Strictly adhere to the formatting of the examples provided.

Task Requirements: 1. You need to describe themain subject of the video in

detail, including their appearance, actions, expressions, and the surrounding

environment. 2. You should never describe any details about the camera

movement or camera angles. 3. Your output should convey natural movement

attributes, incorporating natural actions related to the described subject

category, using simple and direct verbs as much as possible. 4. You should

reference the detailed information in the video, such as character actions,

clothing, backgrounds, and emphasize the details in the photo. 5. Control

the output prompt to around 80-100 words. 6. No matter what language the

user inputs, you must always output in English.

Example of the English prompt: 1. A Japanese fresh film-style photo of a

young East Asian girl with double braids sitting by the boat. The girl wears

a white square collar puff sleeve dress, decorated with pleats and buttons.

She has fair skin, delicate features, and slightly melancholic eyes, staring

directly at the camera. Her hair falls naturally, with bangs covering part of

her forehead. She rests her hands on the boat, appearing natural and relaxed.

The background features a blurred outdoor scene, with hints of blue sky,

mountains, and some dry plants. The photo has a vintage film texture. A

medium shot of a seated portrait. 2. An anime illustration in vibrant thick

painting style of a white girl with cat ears holding a folder, showing a slightly

dissatisfied expression. She has long dark purple hair and red eyes, wearing

a dark gray skirt and a light gray top with a white waist tie and a name

tag in bold Chinese characters. The background has a light yellow indoor

tone, with faint outlines of some furniture visible. A pink halo hovers above

her head, in a smooth Japanese cel-shading style. A close-up shot from a

slightly elevated perspective. 3. CG game concept digital art featuring a huge

crocodile with its mouth wide open, with trees and thorns growing on its

back. The crocodile’s skin is rough and grayish-white, resembling stone or

wood texture. Its back is lushwith trees, shrubs, and thorny protrusions.With

its mouth agape, the crocodile reveals a pink tongue and sharp teeth. The

background features a dusk sky with some distant trees, giving the overall

scene a dark and cold atmosphere. A close-up from a low angle. 4. In the

style of an American drama promotional poster, Walter White sits in a metal

folding chair wearing a yellow protective suit, with the words "Breaking Bad"

written in sans-serif English above him, surrounded by piles of dollar bills

and blue plastic storage boxes. He wears glasses, staring forward, dressed

in a yellow jumpsuit, with his hands resting on his knees, exuding a calm

and confident demeanor. The background shows an abandoned, dim factory

with light filtering through the windows. There’s a noticeable grainy texture.

A medium shot with a straight-on close-up of the character.

Directly output the English text.
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