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Abstract

We present 360Explorer, a novel approach for generat-
ing 4D controllable panoramic videos conditioned on user-
provided 3D instructions for exploring and manipulating dy-
namic worlds. Compared to existing perspective-based meth-
ods struggle to address spatial consistency during camera ro-
tation in place, we introduce the panoramic view in control-
lable video generation models to inherently maintain the view
recall consistency. By introducing dynamic point clouds as
the 4D scene representations, 360Explorer unifies the model-
ing of camera transformations and object movements as in-
complete renders to describe precise control instructions in
3D worlds. To tackle the data limitation in acquiring multi-
viewpoint panoramic videos, we further propose a reverse
warping strategy to construct the training dataset on easily ac-
cessible monocular panoramic videos. Extensive experiments
demonstrate that 360Explorer achieves superior performance
in creating 4D controllable panoramic videos with camera
transformation and object movements aligned with diverse
provided instructions.

1 Introduction

World Models are causal generative systems (Ha and
Schmidhuber 2018; Authors 2024; Parker-Holder et al.
2024; Hu et al. 2023; Micheli, Alonso, and Fleuret 2022)
to predict the changes of world states in response to ac-
tions, enabling interactive modeling and simulation of dy-
namic and realistic environments. Considered as an impor-
tant component of world models, scalable video diffusion
models (Brooks et al. 2024; Yang et al. 2024; Lin et al.
2024; Kong et al. 2024; Wan et al. 2025) with conditions
have emerged as promising approaches for supporting the
exploration and manipulation of dynamic worlds. By accept-
ing spatial 3D instructions including camera trajectories (He
et al. 2025a; Hou et al. 2024; Bai et al. 2025a) or motion
tracking signals (Wang et al. 2024b; Gu et al. 2025) into
temporal input video content, 4D controllable video gener-
ation models accomplish remarkable achievements for cre-
ating spatial and temporal coherent videos, empowering im-
mersive experiences in dynamic 3D scenarios.

However, we observe that current 4D controllable video
generation models encounter two challenges. (1) Maintain-
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Figure 1: Conception. We render the perspective view @
from the panoramic view as the input for the perspective-
based method Diffusion-As-Shader (DaS). We observe that
DaS fails to maintain view recall consistency (@#@) with
the camera trajectory of rotating in place (D—@—@—®@)
while the tracking conditions (colored point maps in black
background) are same. However, the panoramic view pre-
serves the omnidirectional scene structure and achieves con-
sistent perspective views by rendering.

ing view recall consistency: Since perspective-based meth-
ods struggle with preserving scene structures in viewpoints
at the edge field of view (FoV) when the camera rotates
large in place, their generation process leads to uncontrolled
new scenes and is unable to maintain spatial consistency
during view recalling due to the narrow FoV, as shown in
Fig. 1. Thus, introducing a generation target with a wider
FoV is beneficial for long-term spatial consistency in large-
scale scenes. (2) Unified modeling precise camera and ob-
ject transformations: While many camera-conditioned at-
tempts (He et al. 2025a; Hou et al. 2024; Bai et al. 2025a)
inject camera parameters for controlling the relative cap-
ture viewpoints, camera conditions fail to describe abso-
lute object movements in the coordination. Other tracking-



conditioned attempts (Gu et al. 2025; Li et al. 2024c¢) lever-
age motion tracking as the condition for creating aligned
controlled results, while tracking drags are approximate di-
rectional signals instead of accurate 3D instructions. Hence,
adopting properly 4D explicit scene representations to si-
multaneously describe camera and object transformation as
conditions for precisely driving controllable video genera-
tion models is desirable for downstream applications.

We present 360Explorer to address the two mentioned
challenges: (1) We introduce panoramic views with spheri-
cal FoV as the generation targets of the controllable video
generation. Compared to perspective views, panoramic
views record omnidirectional scene structure, inherently
achieving view recall consistency when the camera ro-
tates in place. (2) We introduce dynamic point clouds as
the 4D scene representation. By manipulating the explicit
points, we obtain incomplete renders as the precise and
composed 3D instructions for controlling the video gen-
eration model to produce aligned results. Combined with
the panoramic views, omnidirectional point clouds capture
large-scale scene structures for supporting substantial spa-
tial movements. To overcome the lack of multi-viewpoint
panoramic videos capturing the same scenario for train-
ing the controllable video generation models, we further
design a reverse warping strategy for producing simulated
renders describing the inverse camera trajectory and re-
aligned with source monocular videos. To overcome the lack
of panoramic video pairs with the same content but cap-
tured in different camera positions for training. We conduct
experiments for comparing 360Explorer with panoramic-
based 3D controllable video generation models including
OmniDrag (Li et al. 2024c) and Genex (Lu et al. 2024),
and state-of-the-art perspective-based 4D controllable video
generation models including TrajectoryCrafter (YU et al.
2025), Diffusion-As-Shader (Gu et al. 2025), demonstrat-
ing that 360Explorer producing convincing 4D controlled
panoramic video content aligned with diverse provided 3D
instructions. Therefore, the main contributions of our work
are summarized as:

* We present 360Explorer, a novel framework for gener-
ating 4D controllable panoramic videos to overcome the
view recall inconsistency of perspective methods.

e We introduce dynamic point clouds to represent the
panoramic videos for unified modeling camera transfor-
mations and object movements, and describe instructions
into aligned incomplete renders for video controlling.

* To address the difficulty of acquiring multi-viewpoint
panoramic videos capturing the same scenario, we pro-
pose the reverse warping strategy for simulating camera
trajectory on arbitrary monocular panoramic videos.

* 360Explorer achieves superior performance than state-
of-the-art methods in generating 4D controllable
panoramic videos aligned with provided 3D instructions.

2 Related Works

4D Controllable Video Generation. 4D controllable video
generation models are considered important for simulat-
ing worlds. Camera-controlled video generation models are

3301

widely explored by researchers to incorporate camera pa-
rameters, including extrinsics (Wang et al. 2024b; Bai et al.
2025a) and Pliicker embeddings (He et al. 2025a,b; Xu et al.
2024; Bahmani et al. 2025), into the video generation pro-
cess for controlling the capture viewpoints. Despite camera-
controlled video generation methods achieving success in
producing high-quality video with specific camera trajecto-
ries, camera parameters cannot describe the absolute object
movements in dynamic scenes, limiting their wide applica-
tion in 3D worlds. Compared to directly injecting camera
parameters into the generation process, many attempts intro-
duce 3D-aware representations, including point clouds (Hou
et al. 2024; Yu et al. 2024; YU et al. 2025; Wu et al. 2025)
and tracking points (Feng et al. 2024; Gu et al. 2025), for si-
multaneously supporting camera transformations and object
movements. Although their methods have proven effective
for creating desired video results aligned with diverse 3D
conditions, these perspective-based methods are restricted
by their limited FoV, resulting in spatial inconsistency with
recalled camera trajectories.

Panoramic Video Generation. Panoramic video recently
attracts more interest due to its potential applications in im-
mersive experience (Li et al. 2024b; Sun et al. 2023), embod-
ied intelligence, and world simulation (Zhou et al. 2024a).
360DVD (Wang et al. 2024a) firstly explores generating
panoramic videos based on given prompts and motion condi-
tions with video generation models. VideoPanda (Xie et al.
2025) further enhances the video generation quality by di-
viding panoramic views into multiple perspective patches.
Imagine360 (Tan et al. 2024) lifts standard perspective video
into 360° video, enabling a dynamic scene experience in
panoramic views from video anchors. HoloTime (Zhou et al.
2025) animates a static panorama with the image-to-video
generation model to obtain camera-fixed 360° videos for
Gaussian Splatting reconstruction. Based on the achieve-
ment of prompt-conditioned 360° video generation mod-
els, OmniDrag (Li et al. 2024c¢) introduces user-provided
drag signals into panoramic video generation for creating
videos aligned with both scene and object motion con-
trol. Genex (Lu et al. 2024) creates interactive and diverse
panoramic videos from the input image to acquire imagined
observations for augmenting embodied decision-making.
However, both OmniDrag and Genex are panorama-to-video
models that struggled to handle dynamic inputs, and their
methods only receive approximate directions as conditions
instead of precise provided instructions.

3 Methods

In this section, we present the details of 360Explorer
pipeline for producing accurate and high-quality 4D world
exploration and manipulation in panoramic views. We firstly
introduce how we represent the dynamic world in point
clouds and describe provided 3D instructions in panoramic
worlds, including camera transformation and object move-
ments in Sec. 3.1. We then present how we overcome the
lack of multi-viewpoint panoramic videos from accessible
monocular panoramic videos in Sec. 3.2. We finally give
the details of the model architecture of 360Explorer, and the
overview is shown in Fig. 3 in Sec. 3.3.
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Figure 2: 360Explorer reconstructs dynamic point clouds from input video and corresponding estimated depth. To construct
the training pairs under the lack of multi-viewpoint panoramic videos, we propose the reverse warping strategy to estimate the
corresponding incomplete renders with the input video at the same viewpoint. In inference stage, we adjust the camera positions
or manipulate the object clouds to convert 3D instructions into forward warping renders for producing exploration results.

3.1 Describing 3D Instructions in Renders

Given a panoramic video I, = {I, € RIXWx3}E i
equirectangular projection with H = W/2, we omnidirec-
tional reconstruct corresponding dynamic point clouds as
the explicit representation for world exploration and manip-
ulation, where F, H, W denotes the frame number, height
and width of the video respectively. We first estimate the
panoramic depth maps Dy = {D’ € RT>*W1I | from the
source video. We then reconstruct the source video into the
dynamic point clouds P, = {P" € REXW>31F  accord-
ing to Dy in the panoramic camera coordinate system:

p=u/Hxm, 0=(1—v/W)x2m, )
d = [sin(¢) * cos(8), sin(@) x sin(0), cos(¢)], (2)
P[u,v] = D{[u,v] *d, 3)

where d € R? is the ray direction of the specific pixel posi-
tion [u, v], withw € {1,..., H},v € {1,...,W}.
Describing 3D Instructions in Incomplete Renders. Since
we obtain the dynamic point clouds P, we introduce the
forward warping process for the inference stage to produce
desirable exploration and manipulation panoramic videos, as
shown in Fig. 2. We precisely describe the 3D instructions
as the aligned displacements of the dynamic point clouds
P, and render transformed point clouds P for achieving
forward warped video Iy, depth D:

d = Pjlu, v]/||P}[u, v]ll2, Q)

a = |arccos(d[2]/7) * H |, Q)

b= |(1 — arctan(d[0], d[1])/27) * W |, (6)
I;[avb]:Ii[uva D;[avb}zHPl}[uaU]HQ- @)

We denote that mask My = {M? € {0,1}>*W1E | rep-
resents the incomplete regions in renders caused by the point
occlusions are also produced by M [a,b] = 1, where 1 de-
notes there has corresponding content at specific pixel posi-
tion [a, b] and 0 denotes voids.
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Compared to a camera transformation composed of trans-
lation T € R¥*3 and rotation R € R¥*3%3 in perspective
view, the panoramic camera transformation is simplified to
translation due to the panoramic view inherently support-
ing perspective sampling at omnidirectional directions. For
describing camera translation T, as incomplete renders, we
fix the camera position at the origin of the coordinate system
and convert the camera translation into a inverse translation
Tc_1 —T'. of the dynamic point clouds for convenience:

P, -P,-T., (®)

For describing object movements T',, we firstly leverage
video segmentation models SAM2 (Ravi et al. 2024) to de-
termine points belonging to the object, and then apply T,
on belonging points and produce corresponding incomplete
renders for world manipulation:

S = SAM2(I,, [z, y]),
Pj = [P,[S]+T,,P,[1 - S]],

9
(10)

where segmentation mask S = {S; € {0, 1}#>*W}E | and
[x, y] is the query pixel position at the first frame.

Panoramic Spatial-Temporal Depth Estimation. Existing
panoramic depth estimation approaches (Rey-Area, Yuan,
and Richardt 2022; Wang and Liu 2024) are developed for
panoramic images, thus failing to maintain temporal coher-
ence across video frames. While perspective video depth es-
timation methods (Hu et al. 2025; Chen et al. 2025) achieve
superior performance in temporal consistency, they strug-
gle to address the geometric properties of equirectangu-
lar panoramic videos, as shown in Fig. 4. The geomet-
ric properties of panoramas with equirectangular projection
(360° x 180°) can be summarized as: (1) Horizontal field
of view is cyclic, i.e., the left and right borders should co-
incide seamlessly; (2) Distortion increases monotonically
with latitude away from the equator, becoming extreme near
the zenith and nadir. To acquire temporally consistent video
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Figure 3: Architecture of 360Explorer. 360Explorer is a transformer-based video diffusion model with distributed blocks as
the trainable control branch to receive conditions. We encode reverse warped frames and colored depth maps with the frozen
VAE and process masks with the reshape operation. Conditions are concatenated in channel dimension for injecting conditions

from instruction-aligned renders into the generation model.

depth with panoramic geometry, we propose a panoramic
spatial-temporal depth estimation strategy, which refines the
depth estimation results predicted by the perspective video
method with the panoramic frame depth estimation. For
overcoming the horizontal continuous, we expand panora-
mas I in the right border with duplicated regions at the op-
posite side for panoramic depth prediction. We then linearly
blend the depth estimation in repeated parts to guarantee the
horizontal continuity and crop the extension regions to ob-
tain the depth D,,,.;. For overcoming the latitude distortion,
we select the first panoramic frame I 2 as the reference and

achieve the corresponding panoramic metric depth Dgano
predicted by a panoramic depth estimation model as the ge-
ometrical reference. To refine the perspective depth, we op-

timize a patched scaling factor {a; € R}sz/lK to represent
the distortion degree in different latitudes, with a panoramic

patch composed of adjacent K rows sharing the same factor:

0 . .
Dpers :Dpers[KJ : K(]J’_l)L (11)
- 0 . .
Do = Dpanol Kj - K (5 + 1)), (12)
H/K o 0
‘Cdepth = Z ||aijers - Dpano||2 + )“CTV(aj)7 (13)
j=1

where L1y denotes the total variation regularization (Zhou
et al. 2024b; Li et al. 2024a) to impose «; smoother
and A is the balanced weight. After optimizing the scale
factor {a;}L,, we rescale the Dy, per rows along
frames to gain D, with temporal consistency and reason-
able panoramic geometry.

3.2 Simulated Renders on Monocular Videos

For training 4D controllable panoramic video generation
models, multi-viewpoint panoramic videos capturing the
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Figure 4: Perspective video estimator fails to tackle panora-
mas, leading to significant distortion increasing with lati-
tude. By introducing the optimized scaling factor, rescaled
estimated depth demonstrates more reasonable geometry.

same dynamic scene are expected for constructing video
training pairs that include both the content before and af-
ter camera translation. However, existing multi-viewpoint
datasets (Grauman et al. 2022; Greff et al. 2022; Zheng
et al. 2023; Bai et al. 2025a) are collected from perspec-
tive views, restricting their usage in panoramic scenarios.
Thus we propose a reverse warping strategy for creating
aligned warped renders on arbitrary monocular panoramic
videos with a simulated camera translation trajectory, pro-
ducing reverse warped video I, depth D, and mask M,
for model training, as shown in Fig. 2.

Concretely, we introduce a forward-reverse process for
a camera translation trajectory 1., resulting in the reverse
warping simulating the inverse translation —7". and produc-
ing incomplete renders realigned with the viewpoints of the
source video I,. Since we obtain the forward warped video
I;, depth Dy and mask M ¢, the dynamic point clouds P,
can be reconstructed from D by Eq. 3 with the modifica-

tion that [u, v] € {(J, k)\M}[ j, k] = 1}. We then translate



point clouds with P, = Py — (—T.) and achieve reverse
renders by Eq. 7 for training. Therefore, we construct the re-
verse warped video I, realigned with the source video I
describing the inverse trajectory —7..

Training and Inference. In the training stage, we construct
training pairs including reverse warped video I,., depth D,.,
and mask M, as the condition, and take the source video I 4
as the supervision. In the inference stage, we generate for-
ward warped video I ¢, depth Dy, and mask M ¢ by mov-
ing reconstructed dynamic point clouds as model input, and
produce high-quality panoramic world exploration and ma-
nipulation aligned with provided 3D instructions.

3.3 Renders Conditional Video Generation

By describing provided 3D instructions into aligned in-
complete renders, we expect a conditional video genera-
tion model that receives warped renders and generates tar-
get exploration videos. Thus, our 360Explorer is finetuned
from the video editing model VACE (Jiang et al. 2025),
which accepts source videos and corresponding masks for
outputting inpainted videos. VACE follows a similar design
to the ControlNet that modifies the Wan2.1 (Wan et al. 2025)
model by duplicating multiple distributed blocks as the con-
ditional branch and introducing zero-initialized linear lay-
ers for adding the output feature to corresponding denois-
ing DiT blocks. Before encoding input videos into latents by
VAE encoder, VACE employs mask multiplication to decou-
ple videos into reactive frames I,.,. = I - (1 — M) contain-
ing pixels to be changed and inactive pixels I;, = I - M.
Entire embeddings is finally obtained by concatenating in-
activate embedding e;,, = VAE(I,..), reactivate embedding
e.. = VAE(I;,) and mask embedding e); = Reshape(M )
in channel dimension and fed into conditional branch for
generating controllable videos.

However, the decoupling process in VACE is not entirely
suitable for 360Explorer since warped frames I.[u,v] = 0
when M, [u,v] = 0, resulting in reactivate pixels I, - (1 —
M) are unable to provide information. Contrary, intro-
ducing depth cues for controlling the generation process is
crucial for creating geometrically reasonable videos. Thus,
we incorporate depth as the condition by normalization and
color conversion, leading to colored depth maps C,.. There-
fore, conditional embedding of 360Explorer is acquired by
concatenating frame embedding e; = VAE(I,. - M), depth
embedding ep = VAE(C, - M) and mask embedding
ey = Reshape(M) in channel dimension. We finetune
the condition branch, including distributed blocks and zero-
initialized linear layers, while freezing the encoders and
main branch blocks.

Panoramic Circular Padding. We note that horizontal left-
right end continuity is an important property for panoramic
view, which is crucial for immersive exploration. Thus, we
propose a panoramic circular padding strategy that dupli-
cates the border on both sides of the panoramic view to
maintain the horizontal continuity. Specifically, we first re-
size the conditions and supervisions from H x W to de-
fined panoramic size H, x W), and we then repeat the
left and right (W — W,,)/2 regions and pad them on the
opposite sides, leading to results with H, x W size and
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the aspect ratio larger than 2 : 1 due to H, = W,/2 <
W in panoramic view. While existing video generation
models support mixed-resolution inference, their pre-trained
weights perform best on the recommended aspect ratio, e.g.,
4 : 3or 16 : 9, thus we scale the resize the frames along
the height to satisfy the original aspect ratio of pre-trained
video models. In the inference stage, we execute the inverse
operation, including rescaling the frames and cropping the
padding pixels, which creates continuous panoramic videos.

4 Experiments
4.1 Implementation Details

Dataset. We adopt the high-quality Filtered-24k subset of
the 360-1M (Wallingford et al. 2024) panoramic dataset. By
employing the data curation pipeline proposed in Open-Sora
Plan (Lin et al. 2024), including jump cutting, motion calcu-
lation, OCR cropping, aesthetic and Image quality filtration,
we filter and construct 80K paired source video clips and
corresponding incomplete renders for training. We further
leverage Qwen2.5-VL-7B (Bai et al. 2025b) as the video
captioner to generate detailed text prompts.

Training. We finetune 360Explorer based on the pretrained
Wan2.1-VACE-14B (Jiang et al. 2025) weights. During
training, we set the training video shape as F' x H x W =
49 x 480 x 832, and the panoramic size in panoramic cir-
cular padding H, x W, = 400 x 800. In our panoramic
spatial-temporal depth estimation, we adopt Video-Dpeth-
Anything (Chen et al. 2025) and DreamScene360 (Zhou
et al. 2024b) as the perspective and panoramic depth pre-
dictor, respectively. The learning rate of optimizing scaling
factor {o; }fz/lK is 1 x 1072 for 1500 iterations, with patch
size K = 8, balanced weight A = 0.1, and the optimization
process takes about 3 seconds. The training stage of 360Ex-
plorer is conducted on 16 A100 GPUs with the batch size of
1 for each GPU and the learning rate of 5 x 10~° for 10000
iterations, which takes about 3 days for training.

4.2 Comparison with Panoramic Methods

To verify the effectiveness of 360Explorer for immersive
world exploration, we compare 360Explorer with exist-
ing controllable panoramic videos generating methods, in-
cluding Genex (Lu et al. 2024) and OmniDrag (Li et al.
2024c). Since both Genex and Omnidrag only support driv-
ing static images as input, we collect 50 realistically cap-
tured panoramic images for testing by duplicating the im-
ages to obtain still videos as our input for fair compari-
son. We present the qualitative comparisons in Fig. 5 and
quantitative comparisons in Tab. 1, respectively. For evalu-
ation metrics, we use the VBench (Huang et al. 2024) pro-
tocol, which includes Subject Consistency and Background
Consistency, Motion Smoothness, and Imaging Quality. As
shown in Tab. 1, 360Explorer significantly outperforms the
compared methods across all video quality metrics, demon-
strating state-of-the-art performance in novel panoramic
view generation. Moreover, we underline that both Genex
and Omnidrag are unable to receive the precise camera
movement instructions: Genex can only generate videos
in moving forward with unpredictable distances, resulting



Perspective
View of
Horizontal

Genex

Input Image

OmnibDrag

Ours

End

Perspective
View of

Horizontal End
= u

| reniin

Genex

Input Image

OmﬁiDrag

Ours

Figure 5: Qualitative comparisons with controllable panoramic video generation methods. The direction of camera translation
is forward. We underline that both Genex and OmniDrag can only accept static images and generate inaccurate results with
approximate directions of camera movement and discontinuous horizontal ends. However, our 360Explorer achieves high-
quality exploration videos aligned with precise camera instructions.

VBench 1 Human Evaluation 1
Method Subject Background Motion Imaging | Frame Temporal  Horizontal =~ Camera
Consistency Consistency Smoothness Quality | Quality Consistency Continuity Alignment
Genex 0.8508 0.9038 0.9749 0.6838 2.67 2.71 2.58 2.25
OmniDrag 0.9585 0.9670 0.9897 0.7105 3.03 3.62 2.35 2.74
Ours 0.9664 0.9681 0.9927 0.7407 | 3.82 4.07 3.78 4.12

Table 1: Quantitative comparison and user study with controllable panoramic video generation methods.

in severe interpenetration issues. OmniDrag accepts drag
signals to control camera movement, while the movement
directions of generated videos conflict with the provided
drags. Furthermore, we specifically sample the perspective
view of the horizontal ends from the videos generated by
different methods, and the results demonstrate that Genex
and OmniDrag suffer from severe horizontal left-right end
inconsistency, while our 360Explorer produces panoramic
videos with continuous horizontal ends for immersive ex-
plorations. To further comprehensively evaluate the quality
of controlled panoramic videos, we conducted a user study
and collected 20 feedback from humans to investigate the
performance of different methods. The human evaluation in-
cludes 4 criteria, including panoramic frame quality, cross-
frame temporal consistency, horizontal left-right end conti-
nuity, and alignment with camera instructions. For each met-
ric, participants are required to select a score from 1 to 5 (5 is
the best), and we calculate the average score as the criterion,
as shown in Tab. 1. The evaluation results reveal that 360Ex-
plorer achieves superior performance, especially on the left-
right end continuity and the camera instructions alignment,
which is essential for panoramic world exploration.

4.3 Comparison with 4D Controllable Methods

Due to the absence of available 4D controllable panoramic
video generation methods currently, we construct compared
baselines based on state-of-the-art perspective methods, in-
cluding TrajectoryCrafter (Traj.Crafter) (YU et al. 2025),
Diffusion-As-Shader (DaS) (Gu et al. 2025), and video in-
paint model VACE. We firstly obtained incomplete renders

3305

Subject  Background  Motion  Imaging

Method Consistency Consistency Smoothness Quality
VACET 0.9326 0.9451 0.9881 0.6971
Traj.Crafter’ | 0.9393 0.9438 0.9899  0.7406
DaSf 0.9410 0.9441 0.9917 0.7055
Ours 0.9440 0.9479 0.9905  0.7447

Table 2: Quantitative comparison with 4D controllable video
generation methods. 1 denotes that compared methods are
modified for tackling panoramic views by receiving depths
or renders produced by our proposed panoramic depth esti-
mation and point clouds reconstruction.

for source panoramic videos under different 3D instruc-
tions by our proposed panoramic spatial-temporal depth
estimation, dynamic point clouds reconstruction, and for-
ward warping process. We then input our panoramic incom-
plete renders (Videos and masks for Traj.Crafter and VACE,
first frame and depths for DaS) into mentioned methods to
construct corresponding panoramic variants for overcom-
ing the difficulty that compared methods are not proposed
for panoramic views. We collect 50 real-world panoramic
videos, and we generate 4 different camera trajectories for
each video. We present the qualitative comparisons in Fig. 6
and quantitative comparisons in Tab. 2, which demonstrate
that compared variants struggle to tackle novel panoramic
views with camera translation and object movements, while
360Explorer produces high-quality panoramic exploration
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Figure 7: Qualitative ablation study of panoramic circular
padding (PCP) strategy. We duplicate the generated frame
and concatenate the left and right ends to check continuity.

results aligned with provided 3D instructions. Although DaS
outperforms slightly higher at the Motion Smoothness score,
we observe from qualitative comparisons that their higher
performance is achieved at the expense of alignment with
3D instructions.

4.4 Ablation Study

Architecture. To demonstrate the effectiveness of our de-
sign for the 360Explorer Architecture, we conduct quanti-
tative and qualitative ablation studies in Tab. 3 We create
two variants to verify that the structure information inherited
from both modalities successfully contributes to the condi-
tioned generation results. For “w/o Mask™ variant, we set the
warped mask M = 1, and we reuse reactivate embedding
e = VAE(I-(1—M)) instead of e = VAE(C'- M) for “w/o
Depth” variant. Qualitative results show that both depth and
mask signals promote the creation ability of 360Explorer.

Panoramic Circular Padding. We present the qualitative
comparison in Fig. 7 to verify that the proposed panoramic
continuous strategy benefits horizontal left-right end conti-
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Subject  Background  Motion  Imaging

Method | Consistency Consistency Smoothness Quality
w/o Mask | 0.9412 0.9456 0.9896  0.7398
w/o Depth | 0.9435 0.9470 0.9903  0.7429
Full 0.9440 0.9492 0.9905  0.7447

Table 3: Quantitative ablation study of utilizing depth branch
and mask branch in architecture settings.

nuity for panoramic views. Although our incomplete ren-
ders naturally maintain the spatial consistency through the
3D-aware warping conditioned by the reconstructed dy-
namic point clouds, directly generating exploration videos
still leads to significant end inconsistency. For introduc-
ing copied padding at the left and right ends during both
training and inference stages, 360Explorer performs supe-
rior horizontal continuity, which is essential for immersive
panoramic explorations.

5 Conclusions

In this work, we propose a novel approach named 360Ex-
plorer for creating 4D panorama exploration and manipu-
lation results aligned with provided videos and 3D instruc-
tions. By introducing the dynamic point clouds as the scene
representation and panoramic views as the generation tar-
gets, 360Explorer unified modeling the camera transforma-
tions and object movements and inherently maintains the
consistency during camera rotation in place. We further de-
sign the reverse warping strategy for constructing training
pairs to tackle the limitation in acquiring multi-viewpoint
panoramic videos. Conducted experiments demonstrate that
360Explorer accomplishes superior performance in generat-
ing controlled panoramic videos.
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