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Fig. 1: Given an input image and user instructions (e.g., world descriptions and camera
paths), DYNWORLD generates multiple spatially interconnected 3D dynamic scenes
including diverse object motions (e.g., wizards casting magic, moving cars, and sailing
boats) and texture dynamics (e.g., beating flames and floating clouds) in 15-30 minutes.

Abstract. Generating large dynamic 3D worlds is important for appli-
cations such as virtual reality, simulation, and robotics. However, the lack
of large-scale 3D dynamic training data prevents training world-scale 3D
generative models directly. Recent progress in video generation provides
powerful priors for generating 3D dynamic visual content. As a result,
current approaches typically generate videos from multiple camera views
using image or video diffusion models and fuse them into a 3D represen-
tation. However, these models generate each view independently, making
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it difficult to maintain motion consistency across viewpoints. Existing so-
lutions address this problem by sequentially generating each view while
updating an explicit 3D representation, which introduces a significant
computational bottleneck. In this work we propose DYNWORLD, a frame-
work that enables parallel generation of motion-consistent videos across
multiple views. Our key insight is that the latent tokens of transformer-
based video generators implicitly encode spatial and dynamic informa-
tion that can be geometrically related across cameras. We thus intro-
duce a Spatial Token Memory that stores latent video tokens along with
their estimated 3D positions. During generation, tokens from one view
are back-projected into 3D and re-projected into other views, allowing
multiple video generators to share consistent motion context through at-
tention. This mechanism enforces cross-view motion consistency while
allowing all views to be generated simultaneously. Experiments show
that our method produces large, diverse, view-consistent dynamic worlds
while reducing generation time by an order of magnitude compared to
sequential pipelines.

1 Introduction

Generating large dynamic 3D worlds is a long-standing goal in computer vision
and graphics with applications in virtual and augmented reality, simulation, and
robotics. Such worlds must contain not only complex geometry and appearance,
but also consistent dynamics across viewpoints, allowing users to freely navigate
the environment while observing coherent object motion and scene evolution.
However, training generative models that directly produce dynamic 3D worlds
remains challenging due to the scarcity of large-scale 3D dynamic datasets.

As a consequence, the latest approaches to dynamic 3D world generation
[4.7,/181501/60L/6 416 71/68] leverage recent advances in video generation |3,/19}55./66]
to synthesize multiple videos from different viewpoints and subsequently fuse
them into a 3D representation. However, this paradigm introduces the fun-
damental challenge of multi-view motion consistency: modern video generators
typically synthesize each video independently, without enforcing geometric cor-
respondence between viewpoints. As a result, the same object may exhibit incon-
sistent motion or appearance when observed from different cameras. To mitigate
this problem, existing world-generation pipelines [4}7,501|67,/68] enforce consis-
tency through sequential generation. They generate a video from one viewpoint,
update an explicit 3D representation of the scene (e.g., Gaussian Splattings [26|
or point clouds), and then use this representation to guide generation in the
next view (e.g., through video outpainting [23,|50L|56]). While effective, this se-
quential dependency creates a severe computational bottleneck when generating
large dynamic environments. For instance, recent methods [50] require several
hours to synthesize only a small number of views.

In this work we introduce DYNWORLD, a dynamic world generation frame-
work for parallel generation of multiple consistent views. Our key observation is
that latent tokens in transformer-based video generation models implicitly en-
code spatial and motion information. Thus, by augmenting each token with its
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estimated 3D location and establishing geometric correspondences across views,
we can generate multiple views in parallel while maintaining cross-view motion
consistency. More specifically, given a single image, DYNWORLD first constructs
an initial 3D scene from that image and expands the scene to a static 3D world by
outpainting unseen regions of the scene. It then samples multiple camera view-
points and generates videos for all views in parallel. To enhance view-consistent
motion generation, we propose a Spatial Token Memory that stores video tokens
with their estimated 3D positions. The memory is updated by back-projecting
video tokens from one view with their estimated token depths during video gen-
eration. and is further injected into the attention layers of video generator in
other views to share view-consistent context. Finally, the generated videos are
fused into a unified dynamic 3D representation. Our experiments (see examples
in Figure [1)) demonstrate that DYNWORLD produces view-consistent dynamic
worlds with diverse moving objects (e.g., moving cars, pedestrians, and boats)
and detailed dynamic textures (e.g., drifting clouds, butterflies, and crashing
waves), while reducing generation time by more than an order of magnitude
compared with sequential generation pipelines. In short, the main contributions
of this work are:

— We propose a new framework for parallel generation of view-consistent videos
across multiple viewpoints, addressing the efficiency bottleneck of existing
world generation pipelines that rely on sequential view synthesis.

— We introduce a Spatial Token Memory that stores video generation tokens
with estimated 3D positions. This allows multiple views to exchange view-
consistent motion context during generation by injecting re-projected tokens
into the attention layers of transformer-based video generators.

— We show that DYNWORLD enables efficient creation of large dynamic worlds
from a single image, achieving an order-of-magnitude speedup compared to
sequential generation methods while maintaining strong motion consistency.

2 Related Work

Creating high-fidelity 3D worlds is a core problem in computer vision and graph-
ics. Early approaches in the 2000s tackled this problem by either employing pro-
cedural graphics engines [43|, or reconstructing large-scale environments from
Internet images [1},24]. Recently, researchers have begun building 3D worlds by
leveraging powerful 2D and video generative models [31/28[32//48//59]. Such meth-
ods can be categorized into two broad families: (1) outpainting-based approaches
that incrementally extrapolate novel views from existing ones, and (2) stitching-
based techniques that create a large world by aligning overlapping regions across
multiple views. Next, we discuss these approaches and their 3D representations.

World generation via outpainting. Recent research in 3D generation has
shifted significantly from object-level generation |5}|14}[31}[39)140} 144} 45,49, 54
62,69] toward scene-level and even world-scale generation [11H13}/50,/60L/611/63].
Compared to earlier attempts [35/37] that only built perpetual textures, recent
work such as WonderJourney [68] and WonderWorld [67] successfully constructs
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Fig.2: Visual comparisons of our method against state-of-the-art denoising score
stitching method SyncSDE on the task of sky dynamics generation. By employing
Spatial Token Memory, DYNWORLD achieves smooth motion consistency across two
views, whereas SyncSDE is prone to producing visible seams near the view boundaries.

large static 3D worlds with diverse content. Building upon this progress, the
community has begun exploring dynamic world generation by leveraging
powerful video generation models [3}[53,/66]. A common paradigm is to use out-
painting techniques to generate each view of the world autoregressively:
before generating the next view, the system waits for the complete outpainting
result of the current view. While such a sequential pipeline is reasonable for
static world generation, it introduces a substantial efficiency bottleneck when
synthesizing large dynamic worlds. For example, DynamicVoyager [50] requires
3-6 hours to sequentially generate a dynamic world with multiple views, which
is impractical for downstream applications in AR/VR and game development.
Moreover, outpainting-based models typically rely only on the visual context
observed in the current view to enforce multi-view consistency, which often fails
to maintain coherent generation across non-overlapping but spatially connected
views (Figure . In contrast, DYNWORLD efliciently generates dynamic worlds
by injecting geometric information into video tokens, enabling parallel generation
across multiple views while maintaining cross-view motion consistency.

World generation via stitching. Recent works enforces multi-
view consistency by synchronizing diffusion processes across views, typically by
coupling denoising scores in overlapping regions. Compared with these meth-
ods, DYNWORLD achieves multi-view consistency by employing spatial video
tokens, which offers two main advantages. First, noise blending can perturb the
denoising trajectory , which may degrade synthesis quality and cross-view
consistency (see Figure . In contrast, DYNWORLD blends the video tokens
of the current generation process with the spatial tokens from historical views.
By leveraging an attention mechanism, this approach ensures consistent genera-
tion without quality degradation. Second, noise blending can enforce consistency
only in overlapping regions. DYNWORLD instead propagates spatial information
through token-level interactions, allowing consistent generation even between
views that do not share overlapping image regions (see Figure .

3D representations in world generation. Recent world generation meth-
ods rely on explicit 3D representations (e.g., Gaussian Splatting ,
point clouds, or Neural Radiance Fields ) to store scene geometry. The
motivation behind explicit representations is that they directly encode spatial
relationships in the underlying 3D geometry. Meanwhile, recent video genera-
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(a) Generation on two overlap- (b) Generation results across two spatially connected but non-
ping views. The orange car in the overlapping views, where a black car is moving from the world into
the world enters input view. input view.

Fig. 3: Comparison with the state-of-the-art outpainting model VACE on motion
consistency. DYNWORLD maintains consistent object motions across views (overlapping
in Figure and non-overlapping in Figure by propagating context through the
proposed Spatial Token Memory, while VACE often produces inconsistent motion or
visible artifacts, especially when the target view lacks direct overlap.

tion models have demonstrated a strong ability to capture spatial relationships
among tokens 7 suggesting that similar mechanisms could be used to
represent 3D structure. Building on this observation, we investigate how geo-
metric structure can be encoded within implicit token-based representations.
Specifically, we augment video tokens with estimated 3D positions and use them
to propagate geometric information across views, enabling consistent dynamic
generation.

3 DYNWORLD

In this section, we present DYNWORLD, our approach for efficient dynamic
world generation. As discussed in {I} our key insight is that the latent tokens
of transformer-based video generators implicitly encode spatial and dynamic in-
formation that can be geometrically related across cameras. Building on this
insight, DYNWORLD generates a large dynamic world through three stages:

— Static World Construction (§3.1): Given a single image, a world description,
and a camera path, we build an initial 3D world with Gaussian Splatting and
iteratively outpaint the scene along the camera path to construct a complete
static 3D world.

— Video Generation with Spatial Token Memory (§3.2): Given multiple views
sampled from the static world, we generate view-consistent videos from each
view in parallel using a transformer-based flow-matching model. We maintain
a Spatial Token Memory to store key-value video tokens together with their
estimated 3D positions. During generation, tokens from one view are projected
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Fig.4: DYNWORLD overview. We first build a static world from an input image, a
world description, and a camera path ( Then given multiple views sampled from
the static world, we generate videos from these views simultaneously. To maintain
multi-view motion consistency in these videos, we propose a Spatial Token Memory that
stores back-projected video tokens with their 3D positions and injects them into the
video generation process ( We finally build a dynamic world from the generated
videos with 3D Gaussian representations (

into other views via their 3D positions and injected into the attention layers,
enabling different views to share spatial and dynamic context.

— Dynamic World Construction (: We segment the generated videos into
static backgrounds and dynamic foregrounds, reconstruct 3D Gaussians for
each separately, and aggregate them into a unified dynamic 3D representation.

3.1 Static World Construction

Given an input image, a world description, and a camera path {TT()} ;N:_Ol, where

the superscript (i) denotes variables associated with the i camera pose oo,
fori =0,...,N —1, we begin by describing how we initialize the static 3D world.

Given an initial input RGB image IO(O) € REXWX3 where H,W are the
height and width of the image, respectively, we estimate a depth map and a
normal map using 2D depth and surface normal estimation models . We
then construct a 3D Gaussian representation at pose IT) from the input
image and its estimated depth and normal map by instantiating one Gaussian
kernel for each pixel on the image. Specifically, each Gaussian kernel is initialized
with a set of parameters G = {x, R, s,0,c}. Here, z € R3 is the 3D position
initialized by back-projecting the 2D pixel coordinates using the estimated depth;
R € R?*3 represents the orientation, whose third column is initialized as the
estimated surface normal, with the first two columns chosen to be orthogonal to
it and to each other [67]; s = [s,, sy, €] " is the scale vector and e < min(s, sy)
is a minimal value that enforces a slight thickness along the z-axis; ¢ € [0, 255]3
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Fig. 5: Ablation study on the proposed Spatial Token Memory. The visualization shows
that the proposed memory and token position transformations help maintain the view
consistency in DYNWORLD.

is the color directly sampled from the image pixel, and o € [0,1] denotes the
opacity. The collection of all Gaussian kernels yields an initial 3D representation
of the static world. This initial representation is then optimized with the input
image I using the typical losses of £; and SSIM .

To expand the scene, we move to the next camera pose II(!) and rasterize the
current 3D Gaussians to render an image. Since the novel view exposes unseen
regions, this rendering is partially incomplete. We outpaint the missing regions
with an image outpainting model and the world description to obtain a

complete image Iél). We then estimate the depth and normal maps for I(gl) and
subsequently initialize new Gaussian kernels in the outpainted regions following a
procedure similar to that for the initial view II(?). We merge the newly initialized
Gaussian kernels into the initial Gaussian representation and optimize them in
the novel view with the outpainted image by using the £; and SSIM losses. We
repeat this scene outpainting process to create a static 3D world that is complete
along the camera path. During the static world generation, we also obtain multi-
view images of the world {IOZ) f\; 61 that will be leveraged to animate the world,
as described next.

3.2 Video Generation with Spatial Context

Our objective is to animate the constructed static world by generating multi-view
consistent videos from the sampled multi-view images {Iél) fV: _01. Given these
images with motion prompts, where each prompt is prepended with the phrase
‘‘Camera is strictly fixed’’ to ensure the generated videos are constrained
to each fixed viewpoint, we leverage transformer-based flow matching models
to simultaneously generate fixed-viewpoint videos at all views.

If these multi-view videos are generated independently, motion inconsistency
arises across views, as illustrated in the bottom left of Figure 5] The question
is how to coordinate these view-specific video generation processes so that the
generated videos are consistent with the same 3D dynamics. As motivated in
our key observation is that the key-value (KV) tokens in the attention layers of
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transformer-based video generators implicitly encode spatial and dynamic infor-
mation [20}/71L|72]. If these tokens can be geometrically related across cameras,
they can serve as a shared representation of the underlying 3D dynamics. A
naive approach is to directly cache KV tokens from one view and inject them
into another. However, this produces videos whose dynamics are identical yet
geometrically inconsistent with those of the source view, as shown in the top
right of Figure [f] The reason is that the 2D spatial positions of the cached KV
tokens no longer correspond to the correct locations in the novel view due to
the change of perspective. To resolve this, we propose a Spatial Token Memory
that stores KV tokens together with their estimated 3D positions, enabling us to
compute the correct 2D token positions in any novel view via camera projection
and inject the tokens at their geometrically transformed locations.

Spatial token memory. We formally define the Spatial Token Memory as M =
{(k("T),v("T),pgf)T)) Iy, where 7 € {0,1,..., '} indexes the denoising step of
the flow-matching model and I is the total number of denoising steps. Here, k(™)
and v(+7) € RM*d denote the key and value token matrices, respectively, each
with d channels per token and a variable length M that grows as more KV tokens
are merged into the memory, while pg]’;) € RM*3 represents their corresponding
3D positions. Since these KV tokens and positions are shared across all views, we
use a placeholder (-) for the view index. During the generation process of each
view, we apply the following strategy to each attention layer: we first use the
memory M to compute the attention output (cross-view token sharing), then
merge the KV tokens derived from the current layer into the memory (memory
update). Next, we describe each of these two operations. We omit the attention
layer index in the notation k(-7 and v(~7) for clarity.

Cross-view token sharing. We inject the constructed Spatial Token Memory
M into the video generation process for all views. Consider view IT() as an
example, when we calculate a certain attention layer at the denoising step 7,
we retrieve the KV tokens and their 3D positions (k(7), v("T),pg]’;)) from the
memory M. Again, we omit the layer index in the notation. We project the 3D

token positions into the current view using the camera matrix IT(%),
phy ) = e(pyy) T0), M

where ¢ is the camera projection function and p(;]’;’*) € RM*2 are the 2D
positions of these tokens in view II(Y). Here, the superscript * indicates tokens
retrieved from the Spatial Token Memory, and we distinguish them from the orig-
inal tokens within the attention block. We apply the Rotary Position Embedding
(RoPE) [47] to embed the projected 2D positions into the key tokens, while value
tokens do not involve positional encoding in standard attention mechanism and
are reused directly:

KO = RoPE (KO, pli™) ), o7 = 7). 2)

We concatenate these transformed key and value tokens with the original KV
tokens k(4™ v(:7) in the attention layer to compute the output. Because the in-
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jected tokens originate from the same underlying world and are reprojected with
geometrically correct positions, they guide the video generator toward producing
motions that are consistent with those already generated in other views.

Memory update. After computing the attention output, we update the mem-
ory M with all the KV tokens from the current attention layer. In standard
transformer-based video generators, key tokens from the linear projection layers
are passed through RoPE to encode 2D spatial positions. Since we aim to reuse
these tokens in other views via 3D projection, we need to associate them with
3D positions instead. To this end, we store the key tokens k(~™) before applying
RoPE, along with the value tokens v("7). We use the placeholder notation (-)
for the view index to emphasize that these tokens will be stored in the shared
memory M. Concretely, we merge all KV tokens produced by the current atten-
tion layer into M. Since the camera matrix IT”) and the 2D spatial coordinates
pg]’;) of the KV tokens are known, we only need to estimate their scalar depths
D7) to compute the 3D positions,

Py = o (pky’, DO 1Y), (3)

where ¢ is the camera-to-world transformation function and pg]’;) € R? denotes
the absolute 3D positions of these tokens. In the following, we detail how to
estimate token depths D7) at the current denoising step 7.

Token depth estimation. Since the KV tokens encode meaningful dynamic
contents of the generated video, their depths should correspond to the depth
maps estimated from the fully denoised video frames. However, relying on fully
denoised results would break the parallel generation across views. Instead, we
estimate the denoised video frames directly from the noisy video latent at the
current denoising step 7 using the posterior mean property of flow-matching
models [36]. Specifically, let z(»7) € R**Pxwxe denote the noisy video latent
tensor at the denoising step 7. For a flow matching model with linear interpola-
tion path, data schedule ., noise schedule o,, and velocity field ug, the clean
latent 2(%%) can be estimated via the posterior mean using the relation (further
details can be found in §2 of the supplementary material):

1

0r0r — 070

200 — B[z(:0) | 5G] = (de(i’T) — ayaug (207, 7)) Y
Throughout this section, a hat on a variable (e.g., 2) denotes an estimated quan-
tity. After obtaining 2(49), we decode it into video frames and employ a video
depth estimation model [6] to extract their depth maps D ¢ RFxH W where
DO = {ﬁ}z) Jf:_ol and b}l) is the depth map of the f* frame. Two remarks
are in order. First, prior work [38,|41}48] has observed that video latent ten-
sors evolve smoothly and exhibit minimal variations across adjacent denoising
steps. Likewise, we find that our estimated depth maps exhibit strong coher-
ence between adjacent steps. We take advantage of this and explicitly estimate
depth maps at only three anchor timesteps corresponding to the early, interme-
diate, and late stages of the denoising trajectory, and we cache them for reuse at
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neighboring denoising steps. Second, since these depth maps are estimated inde-
pendently per viewpoint, they inherently lack global 3D consistency. We address
this by aligning them with the globally consistent geometry of the generated
static world.

Token depth alignment. The primary source of inconsistency in these esti-
mated depth maps is scale-and-shift ambiguity. While the relative depth values
within each view are accurate, they lack a common global calibration across
views. We address this problem by anchoring the depth maps to the 3D ge-
ometry of the generated static world. Concretely, when rasterizing multi-view
images from the static 3D Gaussian representation, we simultaneously extract
the corresponding rasterized depth maps {D(’:’St) € ]RHXW}I-ALBI of the static
scene. Since these rendered depth maps {D#*)}¥ 1 are inherently multi-view
consistent, they serve as robust geometric anchors. We align the video depth
maps with the static depth D% by computing a single optimal scale A(!) and
shift () parameters,

F-1
i) 0 ; )i i,st)||2
A1 = argmin E H)\-D})—&-N-I—D( ’St)HP (5)
A —
f=0
where || - | denotes the Frobenius norm and 1 € R¥*W denotes an all-ones

matrix. We then apply the optimal calibration parameters to each estimated
video depth map using the formula,

DY) =\D. DY 4 u® .1, (6)

Through this global calibration, we obtain multi-view consistent video depth
maps { DD }N 71 We downsample these depth maps from the original F' x H x W
resolustion to t X h X w to match the resolution of video tokens, where t, h, w
denote temporal, height, and width dimensions of the video tokens, respectively.
The scalar depth for each token is then directly extracted by indexing with its
corresponding timestamp and 2D spatial coordinate. These token-level depth
values allow us to employ to compute the 3D positions of KV tokens via .

By employing the Spatial Token Memory, we generate multi-view consistent
videos {I (i)}f\fol. We finetune the video generative model to incorporate the
proposed memory, with full finetuning details provided in the supplementary
material. In the following, we introduce how to construct the dynamic world
from these consistent videos.

3.3 Dynamic World Construction

We employ 3D Gaussian Splatting (GS) to construct the final dynamic world.
Since the foreground objects and the background scene exhibit fundamentally
different dynamic behaviors, we decouple the world and reconstruct the fore-
ground Gaussians G and background Gaussians GP& separately. We extract
binary video foreground masks with the foreground segmentation method [22].
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Input Image #1: Butterflies flit through the meadow. #2: Waves crash against the shore.

e

View #1 View #2 View #3  View #4 #3: A man observes beautiful scenery. #4: A ship glides across the water.

Input Image View #2

#1: Seagull floats above flowers. #2: Clouds drifis across the sky.

B 4

View #1 View #3 View #4 #3: Birds glide over flowers. #4: A boat cruises down the river.

Fig. 6: Dynamic world generation results from the input image and world descriptions.
The camera icons sample regions with generated dynamics and motion events.

Table 1: Quantitative world generation results on the WorldScore @ benchmark.

Overall Score Dynamics Controllability Quality

Methods Dynamics Motion Motion Motion Camera Object Content 3D  Photo Style Subjective

Only Acc  Mag Smooth Ctrl  Ctrl Align Consist Consist Consist ~ Qual

LucidDreamer g 0.00 49.28  0.00  0.00 0.00 8893 41.18 75.00 90.37 90.20 48.10 58.99

WonderJourney @ 0.00 44.63  0.00  0.00 0.00 84.60 37.10 35.54 80.60 79.03 62.82 66.56

InvisibleStitch 0.00 42.78 0.00  0.00 0.00 93.20 36.51 29.53 88.51 89.19 32.37 58.50

‘WonderWorld 0.00 50.88  0.00  0.00 0.00 9298 51.76 71.25 86.87 85.56 70.57 49.81
2

Average

Voyager 0.00 5453 0.00 0.00 0.00 85.95 66.92 6892 81.56 85.99 84.89 71.09
T2V-Turbo 27.48 40.20 34.87 40.09 748 27.80 30.68 69.14 38.72 34.84 49.65 68.74
4D-fy 41.72 3210 22.22 22.88 80.06 69.92 5509 0.85 3547 1.59 32.04 0.89

DYNWORLD 48.90 66.11 45.41 24.65 76.64 93.27 59.82 70.24 85.36 83.29 70.23 52.22

This decomposes the videos into foreground videos {I (i’fg)}i]i_ol and background
videos {I(1Pe)} N1,

Background Gaussian Construction. As foreground objects may occlude
the background, we introduce a foreground removal model to obtain com-
plete background videos. We then estimate background depth maps with our
depth estimation pipeline @ and calibrate them via Equations and @ for
multi-view consistency. We also extract frame-wise background normals with a
surface normal model . While the background geometry remains static, its
appearance may vary over time (e.g., flowing water, moving clouds, or dynamic
lighting). We thus model the background with constant depths and normals but
time-varying colors. For each view IT(V), we average the depth and normal maps
along the temporal dimension. We parameterize a background Gaussian kernel
as GP® = {zP8 R"% sP2 0P8 P2}, The static geometric properties (x € R3,
RPs € R3*3 P8 € R3, and 0P8 € [0, 1]) are initialized following while time-
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Table 2: Quantitative results on the vi- Table 3: Ablation study on our proposed
sual quality (VQ), temporal consistency Spatial Token Memory, 3D token geom-
(TC), T2I alignment (TA), and factual etry, token depth alignment, background
consistency (FC) metrics show that completion, and foreground Gaussians.
DYNWORLD achieves better consistency.

Methods |CLIP (1) VQ (1) TC (1) TA (1) FC (1)

Methods \CLIP (1 VQ (1) TC (1) TA (1) FC (1) w/0 memory 23.12 2331 2112 2658 2.012
. w/0 3D geo 19.98 2322 1.884 2.672 1.915

MOTIA 21.84  1.922 1553 1.956 1929 /4 depth align | 2204 2128 1.667 2.542 2.145
VACE 23.80  2.287 1.852 2.654 1858 /o bg completion| 22.22 2.134 1.855 2.340 2.029
DynVoyager [50]| 23.78 2381 1.952 2656 2.003 /o g GS 2107 2021 1.636 2.242 1.627
DYNWORLD | 24.55 2.781 2.447 2.997 2.235 DYNWORLD | 24.55 2.783 2.442 2.997 2.233

InputTmags  DynamicVoyager Time Start
Fig. 7: World generation results compared with DynamicVoyager . While Dynam-
icVoyager yields limited world coverage, our DYNWORLD generates a larger world with
consistent object motions.

varying colors ¢’ € [0,255]7*3 are initialized from corresponding pixel colors

across F' video frames. These parameters of Gaussians are optimized using typ-
ical losses of £ and SSIM.

Foreground Gaussian Construction. Unlike the background, foreground ob-
jects in the video exhibit time-varying geometry and appearance. For each view
I, we first estimate frame-wise normal maps, and apply the binary fore-
ground masks to the calibrated depth maps D) and normals to obtain fore-
ground depth and normal maps. We parameterize a dynamic foreground Gaus-
sian as G = {z'8 R s o2 ¢}, where every parameter is time-varying:
x's ¢ RIS Rfe ¢ RFX3X3 gfe ¢ RFX3 oft ¢ [0, 1]F, and cf® € [0,255]7%3.
These parameters are initialized frame-by-frame following §3.1] We jointly opti-
mize both the foreground and background Gaussians by minimizing the losses
L1 and SSIM. Through this decoupled global optimization, we effectively lift the
multi-view consistent 2D videos into a large-scale, cohesive 3D dynamic world.

4 Experiments

This section first details our experimental setup, followed by a qualitative and
quantitative evaluation of our dynamic world generation results against state-of-
the-art methods. Finally, we present our efficiency analysis and ablation studies.
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(a) Interactive results of DYNWORLD. (b) DYNWORLD vs. WonderWorld [67].

Fig. 8: DYNWORLD enables users to create a dynamic world interactively. Compared
to WonderWorld , our method generates novel views with dynamic motions.
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Fig. 9: Time consumption for world generation with different numbers of video frames
and injected attention layers. Details are in §3 of the supplementary material.

4.1 Experiment Setups

Implementation details. We adopt Hunyuanl.5_480p_i2v_distilled
as our video generative model, with finetuning details provided in §3 of the
supplementary material. All experiments are conducted on 8 NVIDIA A40 GPUs
with 48GB memory. The spatial resolution of each view is set to 512 x 512
(i.e., H =W = 512), and the number of video frames is set to F' = 37. For
auxiliary models, we employ Marigold Depth as our image depth estimator,
Video-Depth-Anything [6] as our video depth estimator, Marigold Normal
as our image normal estimator, and Minimax-Remover as our foreground
removal model.

Evaluation metrics. We adopt the WorldScore [9] and VideoScore bench-
marks to evaluate world generation from both static and dynamic perspectives.
WorldScore assesses world generation across three dimensions with ten metrics
in total. Since our work focuses on dynamic world generation, we additionally
report the average score on the Dynamics dimension to specifically evaluate the
temporal dynamics of the generated worlds. VideoScore is a widely used bench-
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mark for video quality assessment, which we employ to evaluate the quality of
videos rendered from different viewpoints of the generated world.

4.2 Dynamic 3D World Generation

Qualitative and quantitative results. We present two 3D dynamic world
generation results in Figure [6} Each world contains seven views where the input
view is in the middle of the world. We also list the motion prompts used to
generate the scene dynamics in the figure. It can be seen that our model sup-
ports large 3D dynamic world generation with diverse dynamic objects (walk-
ing people, floating boats, flying birds, and butterflies) and textures (waving
water, moving clouds). We also compare our method with state-of-the-art 3D
dynamic world generation method DynamicVoyager [50] in Figure [7} It can be
seen that our model generates a larger dynamic world with more consistent mo-
tions, whereas DynamicVoyager fuses only a 3D world between two sequential
perpetual views with inconsistent motions between two views.

Interactive results. Our method also supports interactive world generation,
as shown in Figure 8| Compared with the interactive method WonderWorld [67]
that only generates a static world, our model can generate a large 3D dynamic
world with diverse dynamic objects and textures.

Comparison with outpainting and stitching methods. Figure [3] compares
DYNWORLD with the outpainting baseline VACE [23]. In the overlapping setting
(Figure, VACE already shows motion inconsistency and local artifacts around
the moving car, while DYNWORLD preserves consistent object motions. For
non-overlapping (Figure , VACE fails to outpaint content consistent with
the world context, while DYNWORLD successfully maintains consistent object
motions across views. Figure [2| further compares DYNWORLD with state-of-
the-art denoising score stitching method SyncSDE [29]. DYNWORLD maintains
coherent sky motion between views, while SyncSDE introduces visible seams near
the view boundary in the red dashed boxes. Table 2] quantitatively demonstrates
the superior performance of our method on CLIP and VideoScore metrics.

4.3 Efficiency Study

Figure ] reports the end-to-end wall-clock time for world generation as the num-
ber of views increases. We first study the efficiency with 16, 53, and 121 video
frames for each view. Compared to DynamicVoyager [50| that scales close to
linearly with the number of views and requires 2 hours and 56 minutes for eight
views (16 frames), DYNWORLD reduces the runtime to 18-22 minutes (about
10 x acceleration) with parallel generation. We also study the consistency per-
formance of using memory in different numbers of attention layers in the right
figure. It shows that DYNWORLD achieves only a minor FID |16 increase (from
173.2 to 182.2) while reducing generation time by 10 minutes (a 50% decrease)
when injecting memory into only the last #40-53 attention layers, making this
a practical configuration for memory construction.
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4.4 Ablation Study

We conduct an ablation study of the proposed memory in Figure [ and Table [3]
The results show that the proposed geometric transformation of tokens preserves
their spatial relationships, while the Spatial Token Memory effectively maintains
motion consistency across views. We further report quantitative ablation results
in Table 3| for the proposed depth alignment, background (bg) completion, and
foreground Gaussian components. The improvements observed in both CLIP
score and VideoScore [15] demonstrate the effectiveness of these design choices.

5 Conclusion

In this paper, we presented DYNWORLD, an efficient framework for generating
large dynamic 3D worlds. Our approach leverages the proposed Spatial Token
Memory to maintain motion consistency across different viewpoints, enabling
multiple views of the dynamic world to be generated in parallel. Experimental
results demonstrate that our method can synthesize large 3D worlds containing
diverse dynamic objects and motions. Compared with sequential world gener-
ation pipelines, our approach reduces generation time from 3 hours to 15-30
minutes, achieving approximately a 10x speedup.

Limitations. Since DYNWORLD relies on KV tokens from historical views to
maintain the 3D consistency of the generated world, we leave the optimization of
KV token lifecycle management for future work. Additionally, our token geome-
try estimation depends on external depth models, making the system vulnerable
to inaccurate depth predictions. We expect this limitation to be naturally miti-
gated by ongoing advancements in depth estimation.
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