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Prompt: a humanoid robot with a sleek, silver body and black joints performs a series of dance-like movements 

Figure 1. We present PlenopticDreamer, a generative framework that re-renders input video under novel camera trajectories while preserv-
ing long-term spatio-temporal memory in hallucinated regions across overlapping views, thereby producing coherent plenoptic functions
(see robot’s right side, highlighted in red dashed boxes across three trajectories). Please refer to our website for more results.

Abstract

Camera-controlled generative video re-rendering meth-
ods, such as ReCamMaster, have achieved remarkable
progress. However, despite their success in single-view
setting, these works often struggle to maintain consistency
across multi-view scenarios. Ensuring spatio-temporal co-
herence in hallucinated regions remains challenging due
to the inherent stochasticity of generative models. To ad-
dress it, we introduce PlenopticDreamer, a framework that
synchronizes generative hallucinations to maintain spatio-
temporal memory. The core idea is to train a multi-in-
single-out video-conditioned model in an autoregressive
manner, aided by a camera-guided video retrieval strategy
that adaptively selects salient videos from previous gen-
erations as conditional inputs. In addition, Our training
incorporates progressive context-scaling to improve con-
vergence, self-conditioning to enhance robustness against
long-range visual degradation caused by error accumula-
tion, and a long-video conditioning mechanism to support
extended video generation. Extensive experiments on the

Basic and Agibot benchmarks demonstrate that Plenop-
ticDreamer achieves state-of-the-art video re-rendering,
delivering superior view synchronization, high-fidelity vi-
suals, accurate camera control, and diverse view trans-
formations (e.g., third-person → third-person, and head-
view → gripper-view in robotic manipulation). Project
page: https://research.nvidia.com/labs/
dir/plenopticdreamer/.

1. Introduction

Video generation [3, 9, 20, 21, 23, 26, 34, 45, 50, 51, 53]
has become increasingly prevalent in content creation and
social media. As video frames result from camera projec-
tions of scene radiance, they can be interpreted as discrete
samples of the underlying plenoptic function [8, 39]. Con-
sequently, effective control of camera motion [4, 24, 46, 57]
is essential for shaping the captured light field, emphasizing
visual focus, and guiding the viewer’s attention.

Recently, camera-controlled generative video re-
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rendering, which aims to synthesize novel videos along
arbitrary camera trajectories while preserving the original
content, has attracted significant attention, supporting ap-
plications such as immersive content creation and embodied
AI. Representative methods, including ReCamMaster [6]
and TrajectoryCrafter [65], achieve promising results on
their curated real-world or synthetic datasets. However,
these methods primarily succeed in the single-view setting
and struggle in multi-view scenarios, which are essential
for reconstructing a holistic representation of the scene.
Specifically, they fail to maintain consistent spatio-temporal
hallucinations in regions unseen from the source view. The
inherent stochasticity of diffusion models, combined with
their limited long-range spatial memory, leads to geometric
misalignment and view desynchronization across different
camera-conditioned generations.

To address it, we present PlenopticDreamer, a camera-
controlled generative video re-rendering framework that
explicitly enforces spatio-temporal memory for consis-
tent scene generation. Unlike prior single-shot methods
that generate each view independently, PlenopticDreamer
adopts an autoregressive, multi-in–single-out formulation.
At each step, it retrieves a set of previously generated
video–camera pairs from a memory bank and conditions
the next generation on these retrieved contexts. This design
enables synchronized hallucinations across time and view-
points while preserving scene geometry and motion dynam-
ics. Video context retrieval is guided by a 3D field-of-view
(FOV) mechanism that evaluates spatial co-visibility to se-
lect the most relevant past video segments.

In addition, PlenopticDreamer introduces two training
strategies that substantially improve robustness and con-
vergence. First, progressive context-scaling stabilizes op-
timization by gradually increasing the number of condi-
tioning videos during training, enabling the model to learn
context-aware reasoning across short to long temporal hori-
zons. Second, self-conditioned training mitigates error ac-
cumulation in autoregressive generation by fine-tuning the
model on its own synthesized outputs. Together, these
strategies facilitate stable video synthesis while preserving
spatial alignment and temporal consistency. We further pro-
pose a long-video conditioning mechanism to extend the
model’s capability to render longer video sequences.

We evaluate our method on two benchmarks: (1) a Ba-
sic benchmark covering diverse in-the-wild scenes, and (2)
an Agibot benchmark [10] focusing on robotic manipu-
lation. Experimental results show that PlenopticDreamer
achieves state-of-the-art performance in view synchroniza-
tion while maintaining accurate camera control and high-
fidelity visual quality. In summary, our contributions are:
1. We present PlenopticDreamer, the first camera-

controlled generative video re-rendering framework
with long-term spatio-temporal memory.

2. We propose an autoregressive architecture with a 3D
FOV–based video retrieval mechanism for scalable, co-
herent multi-camera generation. We incorporate pro-
gressive context-scaling and self-conditioned training
strategies to enhance stability and long-term consistency.

3. Extensive experiments show that our method achieves
state-of-the-art performance in video re-rendering, in-
cluding view synchronization, camera accuracy, and vi-
sual fidelity. It supports diverse camera transforma-
tions (e.g., third-person → third-person, head-view →
gripper-view) and enables long video generation.

2. Related Work
Camera-Controlled Video Generation. Effective con-
trol of camera motion has received significant attention
in video generation. Existing approaches can be broadly
categorized into three directions: (1) single-view genera-
tion: works rely on explicit 6DoF camera poses [46, 57]
or pixel-wise Plücker raymaps [4, 5, 24, 62, 67] to guide
text- or image-to-video synthesis, achieving view control.
Methods [27, 28, 40, 63] explore training-free strategies
for camera manipulation, and a few [19, 56] extend these
mechanisms to control object motion via camera trajec-
tories. (2) multi-view video generation: methods aim to
maintain cross-view consistency, ranging from object-level
synthesis [36, 61] to scene-level reconstruction [7, 35].
(3) video-to-video re-rendering: some approaches [6, 52]
perform implicit re-rendering with minimal 3D supervision,
whereas others [22, 46, 60, 61, 65] project video context
into 3D representations to synthesize novel views. De-
spite these advances, none integrate memory mechanisms to
maintain long-term spatio-temporal coherence across mul-
tiple views. In contrast, our PlenopticDreamer introduces
the first memory-based framework for generative video-to-
video re-rendering, achieving coherent multiview synthesis.
Memory Mechanism for Video Generation. Building
long-term memory is essential for coherent video gener-
ation [33, 49]. Existing approaches can be broadly cate-
gorized into four types: (1) frame-level memory: methods
such as [13, 14, 47, 59, 64] store key historical frames and
retrieve the top-k relevant ones via camera-pose similar-
ity for conditioning; (2) latent-level memory: approaches
including [11, 37, 43, 44, 66] maintain hierarchical mem-
ory capturing long-term coarse tokens and short-term fine-
grained tokens, adaptively retrieving salient features during
inference; (3) 3D-level memory: works like VMem [38] and
SPMem [58] reconstruct 3D structures (e.g., surfels or point
clouds) to store video context and render geometry-aware
representations for novel-view synthesis; (4) network-level
memory: TTT-Video [16] leverages Test-Time Training
(TTT) layers to record input tokens and update model
weights. In contrast, our PlenopticDreamer introduces aN
explicit video-based retrieval mechanism conditioning gen-
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Figure 2. PlenopticDreamer Framework. Its core is an autoregressive multi-camera video generator that retrieves k video–camera pairs
{(Pn,Vn)}kn=1 from the memory bank using a 3D FOV–based retrieval strategy. Conditioned on these retrieved pairs and the target
camera Pk+1, the model performs noisy scheduling and learnable reconstruction to generate the target video Vk+1. To enable long video
generation, a portion of the preceding frames in Vk+1 is preserved as clean inputs at a certain ratio during training. Within each DiT block,
temporal concatenation is applied to form video tokens x as in-context condition.

eration on camera-guided selection of past video segments.

3. Method
Our goal is to enable generative video-to-video re-rendering
with spatio-temporal memory, interpretable as generating
the space-time dependent plenoptic function of a scene.
We first introduce the preliminaries and task formula-
tion in Sec. 3.1, followed by our autoregressive model-
ing paradigm and video retrieval mechanism in Sec. 3.2.
Finally, we describe the enhanced training strategies
in Sec. 3.3. The overall framework is illustrated in Fig. 2.

3.1. Preliminary and Problem Definition
Flow-based Video Diffusion Transformer (DiT). We con-
duct experiments using a video diffusion transformer model
under the flow-matching paradigm [18, 41]. Given a data
sample x0 ∼ p(x), a noise sampler ϵ ∼ N (0, I), and a
continuous time variable t ∈ [0, 1], the forward process lin-
early interpolates between data and noise distribution, i.e.,

xt = (1− t)x0 + tϵ,vt = ϵ− x0 (1)

where vt is the GT velocity field. The denoising process is
solved by an ordinary differential equation (ODE):

dxt = vΘ (xt, t, c) dt (2)

where vΘ(·) represents the predicted velocity function pa-
rameterized by a transformer-based network [45], and c is
the conditional signal (e.g., video context). The model is
optimized using the following flow-matching objective:

L(Θ) = Ex,ϵ,c,t ∥vΘ (xt, t, c)− vt∥2 (3)

During training, the timestep t can be biased toward higher
noise levels to encourage robust reconstruction under de-
graded spatio-temporal correlations.
Task Formulation and Notations. Given a source video
Vs ∈ RF×C×H×W and a set of N target camera trajec-
tories {Pn

t }Nn=1, each Pt specified by extrinsic parameters
Ct = [Rt;Tt] ∈ RF×3×4 and intrinsics Kt ∈ R3×3, our
objective is to synthesize N target videos {Vn

t }Nn=1, with
each Vn

t ∈ RF×C×H×W sharing the same context as the
input video while corresponding to a distinct virtual camera
trajectory. The generated videos are required to maintain
the source content fidelity and exhibit synchronized spatial-
temporal consistency across viewpoints, particularly in hal-
lucinated regions. We employ a standard pinhole camera
model (zero horizontal and vertical skew) for generation.
The overall generative process f(·) is formulated as

f(·) : c,Vs,Ps, {Pn
t }Nn=1 → {Vn

t }Nn=1 (4)

where c denotes the video caption and Ps is the camera tra-
jectory of the source video. Additionally, a variational au-
toencoder with encoder E(·) and decoder D(·) is employed
to map the videos between pixel-space and latent-space
(Vs ↔ zs, {Vn

t }Nn=1 ↔ {znt }Nn=1, where z ∈ Rf×h×w×c).

3.2. Injecting Conditions into Video DiT

To effectively guide the video model with target conditions,
including the source video and target camera trajectories,
we adopt an in-context conditioning strategy. [6, 25, 32, 64].
Native Solution. A straightforward approach is to en-
large the context window by extending the number of input
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videos from 1 to N , following ReCamMaster [6]:{
xs = patchify (zs) ,x

n
t = patchify (znt ) , n = 1, ..., N

x = [xs,x1, ...,xN ]frame-dim ∈ R[(N+1)×f ]×(h×w)×c,
(5)

where x denotes the input video tokens fed into the DiT
block. While this strategy can be effective for small N (e.g.,
2 or 3) under low-resolution settings (≤480p), it rapidly
becomes computationally prohibitive and prone to out-of-
memory (OOM) failures as N or video resolution increases.
Autoregressive Generation Paradigm. Inspired by the ef-
fectiveness of the autoregressive paradigm for long-context
modeling [1, 12, 30, 55, 64], we reformulate video gener-
ation as a sequential process instead of performing single-
shot inference. Specifically, we generate one video at a time
and produce all videos in a sequential manner. Accordingly,
we rewrite Eq. 4 as:

f(·) : c, {(Pn,Vn)}kn=1,P
k+1 → Vk+1, k = 1, ..., N − 1

(6)
where {(Pn,Vn)}kn=1 denotes previously generated videos
and their cameras and (Ps,Vs) is regarded as (P1,V1),
and k is the model context size. We adopt temporal con-
catenation strategy to form conditional video tokens:

x = [x1, ...,xk+1]frame-dim ∈ R[(k+1)×f ]×(h×w)×c (7)

Camera Conditioning. To encode camera information, we
represent it using Plücker raymaps [48], mapping pixels
to 6D ray representations: Pn = (Cn ∈ Rf×3×4,K ∈
R3×3) → P̈n ∈ Rf×H×W×6, n = 1, ..., k + 1. These
raymaps are then temporally concatenated and patchified.
A camera projection layer Ecam(·) is introduced to align
the raymap dimensionality with that of the video latents.
The resulting raymap tokens are channel-wise added to the
video tokens before self-attention layer, enabling DiT to in-
tegrate camera pose information.
3D FOV–based Video Retrieval. A key challenge in this
autoregressive framework lies in selecting the most salient k
videos from the previous video pool as conditioning inputs
for the next generation step. Given that each video corre-
sponds to a distinct camera trajectory, we adopt a 3D Field-
of-View (FOV) retrieval mechanism to identify the most
relevant candidates. Specifically, we compute video-level
similarity via spatial co-visibility across all frames, and se-
lect the top-k context videos. When the number of con-
text videos is less than k, we replicate input video-camera
pair (P1,V1) to match the required context length. Fur-
thermore, when the number of retrieved videos l exceeds
the model’s context capacity k, a divide-and-conquer infer-
ence strategy is employed to cover as diverse viewpoints
as possible and minimize viewpoint overlap, as described
in Algorithm 2. Here the trajectory fusion process results in
a merged trajectory roughly spanning the FOV of all inputs.

Algorithm 1 Video Retrieval Algorithm

Input:
• Memory bank of K videos {(Vn,Pn)}Kn=1

• Target camera trajectory PK+1

• Maximum retrieved video number k
• Near/Far plane distances Dn, Df

• Monte Carlo sampling points P
Output: Top-k retrieved videos
1: Initialize similarity set S ← ∅
2: for n = 1 to K do
3: Initialize similarity Sn ← 0
4: for f = 1 to F do
5: Construct f -th camera frustum of Pn and PK+1

6: Perform Monte Carlo sampling within near/far
planes of each frustum

7: Count visible points Pn, PK+1 in other’s frustum
8: Update similarity: Sn ← Sn + Pn+PK+1

2P×F
9: end for

10: Append Sn to S
11: end for
12: Select indices of the top-k values in S
13: return retrieved k videos

Algorithm 2 Divide-and-Conquer Inference Algorithm

Input:
• Top-l retrieved videos {(Vn,Pn)}ln=1 (sorted by as-

cending camera similarity)
• Model context video size k
• Target camera trajectory PL+1

Output: Target video VL+1.
1: while l > k do
2: Select the first m = min(l − k, k) videos to form

context set V
3: while m < k do
4: Append (Ps,Vs) to V
5: m← m+ 1
6: end while
7: Merge trajectories in V to form Pmerge
8: Infer merged video Vmerge using (V,Pmerge)
9: Replace the first m elements with (Vmerge,Pmerge)

10: l← l −m+ 1
11: end while
12: Perform final inference to obtain VL+1

13: return target video VL+1

Autoregressive Long Video Generation. For input video
exceeding the model’s temporal window, we partition them
into overlapping sub-chunks {Vm

s }Mm=1, where consecutive
chunks share a set of frames from the latter portion of the
previous chunk to preserve temporal continuity. Unlike the
formulation in Eq. 6, where Vk+1 is generated from pure
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noise, we incorporate the overlapping frames as additional
conditioning:

f(·) : c, {(Pm,n,Vm,n)}kn=1,P
m,k+1, Ṽm,k+1 → Vm,k+1

(8)
where m = 1, ...,M, k = 1, ..., N − 1. Here Ṽm,k+1 ∈
RF̃×C×H×W contains the F̃ overlapping frames, and m in-
dexes the m-th sub-chunk Vm

s from the source video. Dur-
ing inference, we sequentially generate chunked video seg-
ments, as illustrated in Fig. 3, and concatenate them to form
the final output.

TimestampViewpoint

Source

Novel 1

......

............

Novel 2

Novel N

Input Video
chunksize

Novel 3

Retrieve videos from Retrieve videos from Retrieve videos from Retrieve videos from 

Figure 3. Flowchart of Long Video Re-rendering.

3.3. Training Strategy
Progressive Training. The training objective correspond-
ing to Eq. 6 is defined as:

L(Θ) = Eϵ,c,P,V,t

∥∥vΘ

(
{(Pn,Vn)}k+1

n=1, t, c
)
− vt

∥∥2
(9)

We also incorporate the extended prediction Ṽk+1

from Eq. 8 into the loss at a certain ratio. In our empiri-
cal experiments, we observe that directly training the model
with a large context size often leads to unstable conver-
gence. To address this, we adopt a progressive training
strategy: the model is first trained with a small context size
(e.g., 1) and gradually scaled up as training stabilizes, until
reaching the target context size k. This progressive scheme
significantly improves convergence stability and accelerates
training in later stages with larger contexts.
Self-conditioned Training. When the total generation
length N becomes large, multiple inference steps are re-
quired, where previously generated videos are repeatedly
used as conditioning inputs. This recursive dependency can
lead to error accumulation due to propagation of imper-
fect generations. To alleviate this issue, we adopt a self-
conditioned training strategy. Specifically, in the first train-
ing stage of Eq. 9, all conditioning videos are ground-truth
samples. After convergence, the model is used to gener-
ate synthetic outputs from training-set input, which then
replace the ground-truth conditions in the second training
round. This iterative refinement improves model robustness
to imperfect inputs during long-range inference.

4. Experiment
4.1. Experiment Setting
Implementation Details. We adopt Cosmos-Predict2.5-
2B [3] as the backbone. The generated videos have a reso-
lution of 432×768 with 93 frames. We employ context par-
allelism [2, 3] to alleviate memory overhead and set the par-
allelism size to 8. Finetuning is conducted on 32 NVIDIA
H100 GPUs with batch size 1 and a learning rate 2e-5. Dur-
ing finetuning, only the self-attention layers and camera en-
coder are updated, while all other parameters remain frozen.
We post-train two model variants in Sec. 4.2 and Sec. 4.3.
Evaluation Metrics. We evaluate models from three as-
pects: 1) Visual Quality: PSNR and FVD measure pixel-
and frame-level fidelity, respectively. 2) Camera Accuracy:
TransErr and RotErr [24] quantify translation and rotation
errors. Dynamic poses are evaluated with ViPE [29], while
static novel views (e.g., azimuth/elevation shifts) assessed
with VGGT [54] for relative pose estimation. 3) Video Syn-
chronization: RoMa [17] computes the number of matched
pixels above a confidence threshold, denoted as Mat. Pix.
Baselines. We compare the proposed PlenopticDreamer
with state-of-the-art camera-controlled generative video
re-rendering methods: ReCamMaster [6], Trajecto-
ryCrafter [65], and Trajectory-Attention [60]. All baselines
are used with their best-performing settings from the offi-
cial open-sourced models. For a fairer comparison, we also
retrain ReCamMaster on Cosmos-Predict2.5 with Plücker
raymaps on the same datasets, denoted as ReCamMaster*.

4.2. Experiment on Basic Benchmark
Experiment Details.
• Functionality: The model performs third-view to third-

view transformations, such as left/right rotations, azimuth
and elevation shifts, distance variations, and dynamic fo-
cal length changes.

• Training Dataset: We use MultiCamVideo [6] and Syn-
CamVideo [7], large-scale synthetic datasets comprising
approximately 136K and 34K episodes, respectively, de-
picting human motion captured under dynamic and static
camera trajectories across 40 synthetic 3D environments.

• Training Details: The model context size k is set to 4.
In the first stage, it is progressively trained for 10K, 4K,
1K, and 1K steps with context sizes 1–4, respectively. In
the second stage, the model generates synthetic data from
1,000 scenes and is further trained for 2K steps.

• Benchmark: We construct a Basic benchmark of 100 in-
the-wild videos and 12 sequential camera trajectories.

Qualitative and Quantitative Comparison. As shown
in Fig. 4 and Tab. 1, PlenopticDreamer achieves superior
view synchronization with high-fidelity visuals compared
to all baselines (see the painting and electrical outlet on
the wall in the first example, the traffic light in the sec-
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Table 1. Quantitative Comparison on the Basic Benchmark. Ours consistently outperforms all baselines in view synchronization across
all shots while maintaining high-fidelity visual quality and accurate camera accuracy. ReCamMaster* denotes a retrained version on
Cosmos-Predict2.5 with Plücker raymaps, using the same combined datasets (MultiCamVideo + SyncCamVideo) for a fair comparison.

Visual Quality Camera Accuracy View Synchronization (Mat. Pix.(K) ↑)
Model FVD ↓ TransErr ↓ RotErr (rad) ↓ 3 Shots 6 Shots 9 Shots 12 Shots

Trajectory-Attention [60] 734.1 0.77 0.26 22.7 26.9 28.8 29.1
TrajectoryCrafter [65] 665.9 0.65 0.27 31.2 29.3 35.3 36.2

ReCamMaster [6] 731.6 0.72 0.23 32.1 29.0 30.9 27.6
ReCamMaster* [6] 675.4 0.52 0.22 24.6 20.2 29.7 31.2

PlenopticDreamer (Ours) 425.8 0.54 0.21 41.4 40.8 45.4 41.2
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Figure 4. Qualitative Comparison on the Basic Benchmark. PlenopticDreamer generates high-fidelity visuals with consistent halluci-
nations from different camera trajectories. In contrast, ReCamMaster and TrajectoryCrafter fail to preserve spatio-temporal consistency
while maintaining visual quality, especially under large-angle viewpoint changes, such as leftward azimuth shifts.

ond, and the eave above the robot in the third). Trajecto-
ryCrafter and Trajectory-Attention leverage 3D point track-
ing to extract dynamic cues from the source video and feed
them as conditional inputs to the generator. However, with-
out updating the 3D memory using newly rendered con-
tent, they fail to maintain consistent cross-view synthesis.
Moreover, the off-the-shelf checkpoints of these baselines
exhibit low camera accuracy, especially in translation, due
to poor performance on static novel-view synthesis under
large-angle viewpoint changes (e.g., azimuth and elevation
shifts). When retrained on the same datasets, ReCamMas-
ter* achieves comparable camera accuracy. Notably, the
original ReCamMaster does not employ Plücker raymaps;
we integrate them to ensure a fair comparison.

4.3. Experiment on Agibot Benchmark
Experiment Details.

• Functionality: The model supports head-view to gripper-
view transformations in robotic manipulation.

• Training Dataset: We use Agibot [10], a large-scale
robotic dataset with about 1M episodes. We sample
145,820 episodes, each containing three synchronized
video views (one head-view and two gripper-views) with
precise camera pose annotations.

• Training Details: The model context size k is set to 2,
and it is trained for 15K steps with merely the first stage,
requiring ∼5 days.

• Benchmark: We build an Agibot benchmark using 200
test videos, covering head-to-hand and hand-to-hand
camera transformations.

Qualitative and Quantitative Comparison. As illustrated
in Fig. 5 and Tab. 2, PlenopticDreamer can perform head-
view→gripper-view and gripper-view→gripper-view trans-
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Figure 5. Qualitative Results on the Agibot Benchmark. Given
a head-view manipulation video in Agibot, PlenopticDreamer-
agibot (Ours) can generate temporally consistent videos from the
left and right gripper viewpoints.

formation in an autoregressive manner. Specifically, given a
head-view manipulation video, it generates temporally con-
sistent videos from both left and right gripper viewpoints
across diverse manipulation tasks. In contrast, ReCamMas-
ter* (also retrained on the Agibot dataset) fails to maintain
view synchronization and high visual quality (see the black-
board eraser marked in the red dashed box).

Table 2. Quantitative Comparison on the Agibot Benchmark.
Visual quality and view synchronization are assessed on 2 shots
(left and right gripper viewpoints).

PSNR ↑ View Sync. (Mat. Pix.(K) ↑)
ReCamMaster* 13.84 13.2

Ours 14.54 15.3

4.4. Ablation Study
Training Strategy. As shown in Fig. 6 and Tab. 3, re-
moving the progressive training strategy (w/o Progressive
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Figure 6. Ablation Study. Qualitative visualization of effects
from different training strategies and context retrieval method.

Training) leads to a notable degradation in camera ac-
curacy (0.54→0.63 in TransErr), and an occluded man
becomes erroneously visible under the “Rotation Right”
case. This indicates that progressively enlarging the context
size effectively stabilizes model convergence and enhances
camera performance. When the self-conditioned train-
ing is removed, the generated videos exhibit pronounced
artifacts and over-exposure, particularly in long-shot se-
quences. Correspondingly, both FVD and IQ (Image Qual-
ity in VBench [31]) metrics worsen, verifying that training
with imperfect inputs enhances model robustness and miti-
gates error accumulation over time.
Video Retrieval Strategy. Replacing the proposed retrieval
mechanism with random selection leads to a significant de-
cline in view synchronization across all shots, with incon-
sistent hallucinations (highlighted with red dashed boxes
in Fig. 6). We further examine the impact of context size
in Tab. 4: increasing the number of retrieved contexts from
4 to 6 enhances multi-view consistency by offering richer
spatial cues. However, further enlarging the context brings
diminishing gains due to compounded trajectory fusion er-
rors and accumulated generative noise.

4.5. Application

Long Video Generation. With the proposed long-video
conditioning strategy, PlenopticDreamer supports coherent
long-context video re-rendering, as shown in Fig. 7. Given
a leftward rotation trajectory, our method produces tempo-
rally consistent long video segments while preserving spa-
tial coherence across adjacent chunks. In contrast, remov-
ing this conditioning results in visible inconsistencies, as
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Table 3. Ablation Study on the Basic Benchmark. Evaluation is conducted on the full set, comprising a total of 1,200 generated videos.

Visual Quality Camera Accuracy View Synchronization (Mat. Pix.(K) ↑)
Model FVD ↓ IQ↑ TransErr ↓ RotErr (rad) ↓ 3 Shots 6 Shots 9 Shots 12 Shots

w/o Self-Cond. Training 464.3 56.7 0.54 0.23 40.9 40.2 45.1 40.7
w/ Random Context Retrieval 520.5 58.3 0.56 0.20 33.6 33.4 36.5 32.4

w/o Progressive Training 453.8 57.2 0.63 0.23 39.6 40.6 43.6 39.4

Full Model 425.8 58.5 0.54 0.21 41.4 40.8 45.4 41.2
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Figure 7. Long Video Generation. Given a leftward rotation camera trajectory, ours (w/ LVG Cond.) preserves spatial consistency across
adjacent video chunks, yielding seamless transitions at their boundaries (highlighted by red dotted lines).

Table 4. Ablation on Retrieved Context Video Number.

View Synchronization (Mat. Pix.(K) ↑)
Video Num. 3 Shots 6 Shots 9 Shots 12 Shots

4 58.1 51.2 52.1 42.7
6 52.1 53.1 43.6
8 50.2 41.0
10 40.8

illustrated in the second row.
Focal Length Effect. Varying the input focal length leads
to corresponding depth-of-field changes, as shown in Fig. 8
under a “zoom-in” camera trajectory. This enables finer
control over camera behavior and visual emphasis, offering
users greater flexibility in camera-aware video generation.

5. Conclusion
We introduce PlenopticDreamer, a camera-controlled video
re-rendering framework enforcing spatio-temporal consis-
tency. It employs a multi-in-single-out, autoregressive
diffusion model conditioned on spatio-temporal memory
via a 3D FOV strategy for coherent hallucinations along
trajectories. By incorporating context-scaling and self-
conditioning, the method improves stability and reduces er-
ror accumulation in long-range generation. Evaluation on
Basic and Agibot benchmarks shows state-of-the-art view
synchronization, high fidelity, and precise camera control.
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Figure 8. Focal Length Effect. Our method simulates vary-
ing depth-of-field effects corresponding to different focal lengths
(18mm→100mm) under a “zoom-in” camera trajectory.

Limitations. Despite self-conditioned training, ours ex-
hibits occasional failures, including over-exposure and dis-
tortion in long-shot videos. Future work could explore a
Self-Forcing–style [15, 30, 42] paradigm. Besides, compu-
tational cost scales with memory views. We also observed
degraded performance in complex human motions, such as
dancing, likely from pretraining data biases in Cosmos.
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