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Figure 1. Spatia maintains a scene point cloud as its spatial memory and conditions on it throughout the iterative video generation process.
It enables: (a) dynamic–static disentanglement by treating the static scene as spatial memory while generating videos that include dynamic
entities; (b) spatially consistent generation across multiple views; (c) explicit camera control via 3D-aware trajectory rendering; and (d)
3D-aware interactive editing, allowing users to modify or remove scene elements prior to video generation.
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Abstract

Existing video generation models struggle to maintain long-
term spatial and temporal consistency due to the dense,
high-dimensional nature of video signals. To overcome
this limitation, we propose Spatia, a spatial memory–aware
video generation framework that explicitly preserves a 3D
scene point cloud as persistent spatial memory. Spatia it-
eratively generates video clips conditioned on this spatial
memory and continuously updates it through visual SLAM.
This dynamic–static disentanglement design enhances spa-
tial consistency throughout the generation process while
preserving the model’s ability to produce realistic dynamic
entities. Furthermore, Spatia enables applications such as
explicit camera control and 3D-aware interactive editing,
providing a geometrically grounded framework for scal-
able, memory-driven video generation.

1. Introduction
Video generation has emerged as a foundational technique
powering a wide spectrum of tasks. On one hand, re-
cent advances in video generation foundation models [30,
31, 35, 46, 47, 65, 66, 76, 84, 87, 106] have signifi-
cantly improved the quality and controllability of short-
duration video synthesis. On the other hand, there is a
growing need to extend these models toward long-horizon
video generation, enabling applications that require tempo-
ral consistency and persistent memory, such as world mod-
els [2, 17, 24, 68, 86, 96, 108, 109, 116], AI-driven game
generation [10, 12, 18, 27, 81, 103, 111, 117], and embod-
ied AI [8, 36, 45, 50, 52, 78, 85, 94, 119].

Unlike LLMs [1, 5, 57, 64, 67, 83, 100], video gen-
eration models encounter intrinsic difficulties in encod-
ing long-term historical information, primarily due to the
dense and high-dimensional nature of video signals. For
instance, a short 5-second 480P (640 × 480) video at 24
FPS—consisting of 120 frames—already corresponds to
40 × 30 × 30 = 36, 000 spatio-temporal tokens when us-
ing a video encoder [46, 87] with a spatial downsampling
factor of 16 and a temporal downsampling factor of 4. In-
cluding even one additional 5-second video clip as context
would dramatically increase the computational and memory
demands, rendering it impractical to directly model minute-
or hour-scale temporal contexts, which could easily span
millions of tokens.

By comparison, 36, 000 tokens can represent around
27, 000 words1. In other words, with the same number of
tokens, a video generation model can capture only about 5
seconds of visual history, whereas an LLM can encompass
a context equivalent to 27, 000 words. Therefore, unlike
LLMs that can directly attend to all historical text tokens,

1A word is represented by an average of 1.3 tokens using GPT-3’s text
tokenizer.

video generation models must rely on alternative mecha-
nisms to preserve memory and encode contextual depen-
dencies without simply modeling the entire sequence of his-
torical spatio-temporal tokens.

In this work, we introduce an explicit memory mecha-
nism designed to achieve consistent and long-horizon video
generation, particularly in scenarios where the same loca-
tion reappears multiple times during the generation process.
As illustrated in Figure 1, we take the image-to-video task
as an illustrative example. The process begins by estimat-
ing an initial 3D scene point cloud from the conditional in-
put image, which serves as the spatial memory of the scene.
We then iteratively perform two key steps:
1. Generate a new video clip conditioned on both the cur-

rent 3D scene point cloud and the previously generated
video clip, ensuring temporal and spatial consistency
across iterations.

2. Update the scene point cloud using visual SLAM algo-
rithms based on both newly generated and previously
generated frames, thereby incorporating new content
while preserving existing scene information.

This iterative update enables the system to maintain scene
consistency and geometric coherence over long sequences,
allowing the model to effectively “remember” previously
visited locations. As a result, it can generate videos with
realistic long-term structural continuity, yielding a persis-
tent spatial memory of the scene. We name our approach as
Spatia, short for spatial memory–aware video generation.
Spatia enjoys the following key characteristics, which arise
from the integration of the spatial memory mechanism:
• Dynamic–Static Disentanglement (Figure 1(a)). Spatia

preserves a scene point cloud as spatial memory while
simultaneously generating dynamic entities that interact
coherently with the scene. This contrasts with previous
methods [40, 51, 112, 113] addressing the video genera-
tion memory problem, which are typically limited to pro-
ducing videos with static scenes only.

• Spatially Consistent Generation (Figure 1(b)). By retriev-
ing spatial memory, Spatia can generate diverse video se-
quences depicting the same location from different view-
points while preserving a consistent spatial structure.

• Explicit Camera Control (Figure 1(c)). Unlike previous
approaches [6, 28, 34, 37, 38, 51, 104] that encode camera
trajectories into latent features and inject them into video
generation models—an indirect strategy that may result
in inaccurate or unstable control—Spatia achieves cam-
era control in a more explicit and geometrically grounded
manner. Mirroring the rendering process of 3DGS [43],
it directly applies the desired camera path to the 3D scene
point cloud and renders a corresponding 2D point cloud
sequence, which serves as a conditioning signal to guide
video generation along the specified camera trajectory.

• 3D-Aware Interactive Editing (Figure 1(d)). Since Spa-
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tia conditions video generation on the 3D scene point
cloud, users can interactively edit the scene before gen-
eration—for example, by removing or modifying specific
objects. Such edits are directly reflected in the generated
videos, enabling intuitive and fine-grained control over
scene composition and content.
We experimentally demonstrate that Spatia, equipped

with the proposed spatial memory mechanism, significantly
enhances spatial consistency throughout the generation pro-
cess, without compromising its ability to produce dynamic
entities or the visual quality of generated videos. Additional
benefits include enabling long-horizon generation and sup-
porting applications such as spatial editing.

2. Related Works
Video Generation Models. The field of video genera-
tion has evolved rapidly, progressing from early UNet-
based latent diffusion models [7, 15, 16, 114] to large-
scale Diffusion Transformers [25, 69]. This architectural
transition has given rise to a new generation of power-
ful foundation models, including open-source systems [46,
63, 84, 87, 106] and high-performance proprietary coun-
terparts [31, 47, 66]. While bidirectional models employ-
ing global spatio-temporal attention achieve impressive fi-
delity [46, 55, 63, 65, 70, 76, 87, 120], their quadratic com-
putational complexity fundamentally limits them to short-
clip generation. To generate arbitrarily long sequences, au-
toregressive frameworks [2, 29, 39, 41, 44, 86, 95] have
been proposed, which iteratively synthesize new content
conditioned on previously generated frames. Subsequent
studies [13, 14, 32, 59, 77, 80, 97, 107] further address
the issue of error accumulation in long-horizon generation.
While these methods achieve strong temporal coherence,
they still lack an explicit spatial memory mechanism.
Camera Control in Video Generation. Precise camera
control has become a key goal in video synthesis. One line
of work conditions generation on explicit camera parame-
ters—for example, AnimateDiff [34] employs motion Lo-
RAs to learn specific camera trajectories. Other methods
incorporate various camera representations, such as point
trajectories or Plücker embeddings [79], directly into the
generator [28, 37, 38, 51, 104, 121]. For finer-grained con-
trol, geometry-aware approaches use 3D information—such
as rendered point clouds—to provide dense spatial guidance
for camera path generation [33, 75, 105, 112, 113]. Mean-
while, video editing–based methods achieve controllability
by re-targeting existing footage to new viewpoints [6] or by
transferring camera motion from reference videos [61].
Long-term Memory Modeling. A central strategy for im-
proving the long-term memory capacity of LLMs lies in
expanding their native context window, which has grown
dramatically—from the limited spans of early models [9,
20, 71–73] to the million- or even ten-million-token ranges

achieved by modern architectures [1, 3, 4, 19, 64, 67,
82]—enabled by techniques like KV-cache compression
[21, 48, 53, 58, 98, 118]. In video generation, the bidirec-
tional spatiotemporal attention used in most diffusion mod-
els prevents standard KV caching, thereby severely limiting
the context window and restricting access to previously gen-
erated content. To preserve long-term spatial consistency,
recent works have introduced memory-based architectures.
For maintaining spatial coherence in explorable 3D scenes,
methods such as [17, 40, 60, 62, 113] leverage progressive
expansion or warping pipelines to refine global scene geom-
etry. Context-as-Memory [110] retrieves previous frames
based on camera FOV overlap, while VMem [51] intro-
duces a surfel-indexed view memory for efficient geometric
indexing and retrieval of past views.
Scene Point Cloud Estimation. Recent progress in vi-
sual geometry estimation is led by Dust3R [92], which uni-
fies pairwise pose and geometry estimation but encounters
a costly O(N2) global alignment bottleneck when recon-
structing an N -view input sequence. This limitation mo-
tivates follow-up works [11, 49, 91, 102] to develop more
scalable solutions by introducing efficient sequential or par-
allel architectures. In parallel, universal end-to-end mod-
els [42, 88, 89, 93] eliminate the pairwise dependency, em-
ploying large Transformers to infer globally consistent 3D
geometry and camera parameters for all views in a single
forward pass.

3. Method
Problem Formulation. The objective of Spatia is to endow
a video generation model with persistent spatial memory,
enabling it to produce videos that are both spatially and
temporally consistent. To achieve this, Spatia maintains
and iteratively updates a static scene point cloud through-
out the generation process. This point cloud serves as an
explicit geometric memory that anchors all generated con-
tent within a coherent spatial layout. Spatia formulates
the entire framework as a multi-modal conditional gener-
ation problem, where generation is conditioned on textual
instructions, spatial memory, and temporal context. Specif-
ically, the framework operates in two stages:
1. Generating a video clip conditioned on multi-modal in-

puts—including text instructions (for instruction follow-
ing), geographically retrieved information from the spa-
tial memory (for spatial consistency), and either an ini-
tial image or previously generated clips (for temporal
continuity).

2. Updating the spatial memory to incorporate newly gen-
erated content, ensuring that subsequent generations re-
main geometrically consistent with the evolving scene.

Note that the above stages can be performed iteratively to
enable long-horizon generation. Sections 3.1 and 3.2 detail
the training and inference of Spatia, respectively.
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Figure 2. Overview of the training stage of Spatia. Each training video is divided into a target clip, a preceding clip, and a candidate-frame
set. Text tokens are omitted for simplicity. (a) A frame is randomly selected from the candidate-frame set to estimate a 3D scene point
cloud S. Using the estimated camera poses together with S, we then generate view-specific scene point cloud sequences for both the target
and preceding clips. (b) The most spatially relevant frames are then retrieved from the candidate-frame set as reference frames. (c) The
spatial conditions obtained from (a) and (b) guide the video generation process. The detailed network architecture is provided in Figure 3.

3.1. Training
Training Data. We address the text-and-image-to-video
generation problem, where each training sample consists of
a video V paired with a textual description T that narrates
its content. For a given training video V , we decompose it
into three parts, V = {T }N∪{P }M∪{C}O, where {T }N ,

{P }M , and {C}O denote the target-frame set, preceding-
frame set, and candidate-frame set, containing N , M and O
frames, respectively. Specifically, we randomly select one
clip from V as the target clip {T }N , in which each T rep-
resents a target frame to be generated by the model. The
clip immediately preceding {T }N is defined as the preced-
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ing clip {P }M , with P referring to a single frame provid-
ing temporal context. The remaining frames within V , ex-
cluding those in {T }N and {P }M , are treated as candidate
frames {C}O, which serve as potential references for spa-
tial and geometric consistency.
Overview. Figure 2 illustrates the overall training pipeline,
which can be divided into two main parts: data pre-
processing—including View-Specific Scene Point Cloud
Estimation (Section 3.1.1) and Reference Frame Selec-
tion (Section 3.1.2)—and the model Architecture (Sec-
tion 3.1.3), formulated as a multi-modal conditional gen-
eration framework.

3.1.1. View-Specific Scene Point Cloud Estimation

Scene Point Cloud Estimation. As shown in Figure 2(a),
we first randomly sample a frame from the candidate-frame
set {C}O and employ MapAnything [42] to estimate a
scene point cloud S. Note that if the training video V
contains dynamic entities, we perform a segmentation pro-
cess to remove these entities before point cloud estimation.
Specifically, we first utilize Keye-VL-1.5 [101] to identify
dynamic entities and generate corresponding text prompts
for each detected entity. Then, we apply ReferDINO [54]
to segment out these dynamic entities, ensuring that the re-
sulting point cloud S represents only the static components
of the scene.
Per-Frame Camera Pose Estimation. Next, we estimate
the camera pose for each frame in {T }N ∪ {P }M ∪ {C}O
using MapAnything [42]. The corresponding per-frame
camera poses are denoted as {θT }N , {θP }M and {θC}O.
View-Specific Scene Point Clouds. Given the estimated
scene point cloud S and the per-frame camera poses
{θT }N , {θP }M and {θC}O, we apply each camera pose to
S to render the scene from the corresponding viewpoint, as
illustrated in Figure 2(a). The resulting view-specific scene
point clouds are denoted as {ST }N , {SP }M and {SC}O,
respectively.

3.1.2. Reference Frame Retrieval

The objective of this stage is to select up to K of the
most spatially relevant frames from the candidate-frame set
{C}O as reference frames for the target clip {T }N . Refer-
ence frames are defined as those that exhibit spatial overlap
with {T }N , depicting similar regions or viewpoints within
the scene. These frames provide additional spatial cues that
enhance geometric consistency during video generation.

To identify these reference frames, we compute spatial
correspondence between {T }N and {C}O using their as-
sociated scene point clouds (i.e., {ST }N and {SC}O). The
detailed retrieval process is illustrated in Figure 2(b) and
presented in Algorithm 1 in the appendix. The retrieved
reference-frame set is denoted as {R}K ⊂ {C}O, where
K represents the maximum number of reference frames.
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Figure 3. Illustration of a single network block composed of
one ControlNet [115] block operating in parallel with four main
blocks. Detailed definitions of all token types are provided in Fig-
ure 2.

3.1.3. Architecture
Figure 2(c) illustrates the architecture of Spatia, which
adopts a multi-modal conditional generation framework.
The objective is to generate the target video clip {T }N
conditioned on the preceding video clip {P }M , their cor-
responding scene point clouds {ST }N and {SP }M , the re-
trieved reference frames {R}K and the text instruction T .
Token Extraction. For the video-modality inputs, {T }N
and {P }M , we employ the Wan2.2 [87] video encoder to
convert them into spatio-temporal tokens, denoted as XT

and XP , respectively. Since this video encoder can also
process single-frame images, we use it to encode the image-
modality inputs, i.e., the reference frames {R}K . The re-
sulting token sequence, denoted as XR, is obtained by in-
dependently encoding each reference frame and concatenat-
ing the resulting tokens along the sequence dimension.

As described in Section 3.1.1, {ST }N and {SP }M rep-
resent the 3D scene point cloud sequences associated with
the target video clip {T }N and the preceding video clip
{P }M , respectively. To encode {ST }N and {SP }M , each
sequence is projected onto the 2D image plane, resulting in
a pair of scene projection videos. Missing pixel values in
these projection videos are filled with zeros. Both are then
processed by the same video encoder, yielding latent repre-
sentations denoted as XST

and XSP
, respectively.

At last, to encode the text instruction T , we follow
Wan2.2 [87] and employ its text encoder to obtain the cor-
responding text tokens, denoted as XT .
Network Structure. Figure 3 presents the detailed archi-
tecture of our network, serving as a complementary illustra-
tion to Figure 2(c). We adopt Flow Matching [56] for model

5



training under multiple conditioning signals—including
text tokens XT , reference tokens XR, preceding video to-
kens XP , preceding scene video tokens XSP

, and target
scene video tokens XST

—to guide the generation process
from pure noise toward the target video tokens XT .

Concretely, given target video tokens XT , we first sam-
ple t ∈ [0, 1] from a logit-normal distribution and initial-
ize the noise x0 ∼ N (0, I) following a Gaussian distribu-
tion. The intermediate sample xt = (1 − t)x0 + tXT is
then obtained via linear interpolation. The model is trained
to predict the velocity ut = dxt/dt by minimizing the
mean squared error between the predicted velocity vt and
the ground-truth velocity ut:

L = Et,x0,XT
∥vt − ut∥2 . (1)

Spatia includes 8 network blocks, each containing one
ControlNet [115] block operating in parallel with four main
blocks, as illustrated in Figure 3. Each main block follows
the design of Wan2.2 [87], consisting of a self-attention
layer, a cross-attention layer, and an FFN. Each ControlNet
block adopts the same architecture but appends a projec-
tor—implemented as a simple MLP layer—after the FFN.

The first ControlNet block processes the concatenation
of XSP

and XST
. The resulting outputs are passed to the

subsequent ControlNet block and, after projection through a
simple MLP layer, the projected features, denoted as X ′

SP

and X ′
ST

, are also fed into the corresponding main block.
Meanwhile, the text tokens XT are incorporated via the
cross-attention layer.

The first main block takes the concatenation of XR,
XP , and xt as input. The concatenated tokens are sequen-
tially processed through a stack of layers, including self-
attention, cross-attention, and FFN. In the cross-attention
layer, the text tokens serve as keys and values, allowing se-
mantic conditioning on textual instructions. This process
yields updated features denoted as X ′

R, X ′
P , and x′

t. To
integrate scene-level spatial context, the outputs from the
associated ControlNet block, X ′

SP
and X ′

ST
, are fused into

the corresponding features via simple addition, resulting in
X ′

P +X ′
SP

and x′
t+X ′

ST
. Together with X ′

R, these form
the outputs of the block.

3.2. Inference
Spatia enables iterative user interaction. At each iteration,
the user specifies a text instruction and a camera trajectory
based on the current 3D scene point cloud to generate a new
video clip. The newly generated content, together with pre-
viously produced clips, is then used to update the spatial
memory (scene point cloud). This iterative process contin-
ues, as illustrated in Figure 4.

4. Experiment
Implementation Details. Our network backbone is ini-
tialized from Wan2.2 [87], containing 5B parameters.
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Projection 
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Generated Clip-1

Update

Reference 
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Iteration-2

User

Generated Clip-2
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Figure 4. Illustration of the Spatia inference process. At the first
iteration, the user provides an initial image, from which Spatia
estimates the initial 3D scene point cloud. The user then speci-
fies a text instruction and a camera path based on the estimated
scene, producing a projection video along the desired trajectory
that conditions the generation of clip-1. In subsequent iterations,
two steps are performed: (1) Spatia updates the spatial memory
(3D scene point cloud) using all previously generated frames via
MapAnything [42]; and (2) the user specifies a new text instruc-
tion and camera path based on the updated scene. Spatia then takes
the reference frames (generated as described in Section 3.1.2), the
previously generated clip, and the new projection video as input to
produce the next video clip. Text instructions are omitted.

Each ControlNet block is initialized from its correspond-
ing main block. The training set consists of two sources:
RealEstate [122] (40K training videos) and SpatialVID [90]
(HD subset, 10K videos), both at 720P resolution. We
first train the ControlNet blocks for 8,000 iterations while
freezing the main network. Next, we freeze the ControlNet
blocks and fine-tune the main blocks using LoRA (rank =
64) for 5,000 iterations. Both stages adopt the AdamW op-
timizer, with learning rates of 1e-5 and 1e-4, respectively,
and a batch size of 64 on 64× AMD MI250 GPUs. By
default, the model generates 81 frames for the first (image-
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Table 1. Visual quality comparison on the WorldScore benchmark. The final Static and Dynamic world scores are computed by aggregating
all relevant metrics. The Average score represents the mean of the static and dynamic world scores. Static scene generation models cannot
handle dynamic entities, while foundation video generation models typically lack persistent memory mechanisms.

Method
Average

Score
Static
Score

Dynamic
Score

Camera
Ctrl

Object
Ctrl

Content
Align

3D
Const

Photo
Const

Style
Const

Subject
Quality

Motion
Acc

Motion
Mag

Motion
Smooth

Static scene generation models
WonderJourney [109] 54.19 63.75 44.63 84.60 37.10 35.54 80.60 79.03 62.82 66.56 - - -
InvisibleStitch [24] 51.95 61.12 42.78 93.20 36.51 29.53 88.51 89.19 32.37 58.50 - - -
WonderWorld [108] 61.79 72.69 50.88 92.98 51.76 71.25 86.87 85.56 70.57 49.81 - - -
Voyager [40] 66.08 77.62 54.53 85.95 66.92 68.92 81.56 85.99 84.89 71.09 - - -

Foundation video generation models
VideoCrafter2 [16] 50.03 52.57 47.49 28.92 39.07 72.46 65.14 61.85 43.79 56.74 47.12 30.40 29.39
EasyAnimate [99] 52.25 52.85 51.65 26.72 54.50 50.76 67.29 47.35 73.05 50.31 75.00 31.16 40.32
Allegro [123] 53.64 55.31 51.97 24.84 57.47 51.48 70.50 69.89 65.60 47.41 54.39 40.28 37.81
CogVideoX-I2V [106] 60.64 62.15 59.12 38.27 40.07 36.73 86.21 88.12 83.22 62.44 69.56 26.42 60.15
Vchitect-2.0 [26] 40.38 42.28 38.47 26.55 49.54 65.75 41.53 42.30 25.69 44.58 33.59 33.81 21.31
LTX-Video [35] 55.99 55.44 56.54 25.06 53.41 39.73 78.41 88.92 53.50 49.08 76.22 29.95 71.09
Wan2.1 [87] 55.21 57.56 52.85 23.53 40.32 45.44 78.74 78.36 77.18 59.38 54.27 33.26 38.05

Spatia (Ours) 69.73 72.63 66.82 75.66 52.32 69.95 86.40 89.10 80.09 54.86 54.83 24.75 80.26

conditioned) iteration and 72 frames for each subsequent
(clip-conditioned) iteration, conditioned on 9 previously
generated frames.
Evaluation. We evaluate our model from two aspects: (1)
visual quality and (2) memory mechanism effectiveness.
For (1), we adopt two benchmarks—WorldScore [22] and
the RealEstate [122] test set. The WorldScore benchmark
provides 3,000 test samples for text/image-to-video genera-
tion and includes a comprehensive suite of metrics to assess
both static and dynamic visual quality. For the RealEstate
test set, we randomly sample 100 videos, use the first frame
of each as the conditioning image, generate corresponding
videos, and report PSNR, SSIM, and LPIPS scores against
the original videos. For (2), we randomly select 100 sam-
ples from the WorldScore benchmark and use each sample’s
initial image to generate a closed-loop video—where the
camera trajectory brings the final frame back to the initial
viewpoint. We then compare the final frame with the initial
image using PSNR, SSIM, and LPIPS.

4.1. Main Results
Visual Quality. Using the WorldScore [22] benchmark,
we evaluate visual quality across three categories of mod-
els: (1) static scene generation models, which inherently
preserve spatial consistency by producing explorable static
worlds yet cannot capture motion dynamics; (2) founda-
tion video generation models, which generally lack explicit
memory mechanisms but effectively generate dynamic con-
tent; and (3) our approach—a video generation model en-
dowed with spatial memory that integrates dynamic mo-
tion generation with long-term spatial coherence. Table 1
presents the comparison results of Spatia against the other
two categories of models.

Meanwhile, for methods that cannot accept control sig-

Table 2. Evaluation on RealEstate. We reproduce the results of all
baseline methods using their default configurations and evaluate
them on the same test samples to ensure a fair comparison.

Method PSNR ↑ SSIM ↑ LPIPS ↓

SEVA [121] 13.07 0.515 0.445
VMem [51] 14.62 0.522 0.426

ViewCrafter [113] 15.78 0.580 0.396
FlexWorld [17] 16.25 0.593 0.370
Voyager [40] 17.79 0.636 0.297

Spatia (Ours) 18.58 0.646 0.254

nals from the WorldScore benchmark or have not re-
ported results on it, we evaluate them on the constructed
RealEstate [122] test set. The results are presented in Ta-
ble 2. Since RealEstate provides ground-truth videos, we
report PSNR, SSIM, and LPIPS by comparing the gener-
ated videos against the corresponding ground-truths.
Memory Mechanism Evaluation. Since few existing
methods address video generation with spatial memory, we
evaluate our model against scene generation approaches that
explicitly maintain spatial memory. The evaluation is con-
ducted on a subset of the WorldScore benchmark contain-
ing 100 randomly selected samples. Specifically, we de-
sign a closed-loop setting where each sample’s initial im-
age is used to generate a video in which the camera trajec-
tory brings the final frame back to the initial viewpoint. We
then report PSNRC , SSIMC , and LPIPSC , denoting PSNR,
SSIM, and LPIPS between the final frame and the initial im-
age. In addition, we introduce an evaluation metric called
Match Accuracy, which measures dense correspondences
between the final frame and the initial image—where higher
values indicate better spatial alignment. Details are pro-
vided in the appendix, and the results are shown in Table 3.

7



Table 3. Memory Mechanism Evaluation on the WorldScore Sub-
set. Each test sample includes a ground-truth initial image. Using
this image, we require the model to generate a closed-loop video,
where the camera in the final frame returns to the initial viewpoint.
We then compute PSNR, SSIM, LPIPS, and Match Accuracy be-
tween the final frame and the initial image to evaluate spatial mem-
ory consistency.

Method PSNRC ↑ SSIMC ↑ LPIPSC ↓ Match Acc ↑

ViewCrafter [113] 14.79 0.481 0.365 0.447
FlexWorld [17] 12.20 0.428 0.598 0.377
Voyager [40] 17.66 0.540 0.380 0.507

Spatia (Ours) 19.38 0.579 0.213 0.698

Table 4. Impact of incorporating scene projection videos and refer-
ence frames on spatial memory modeling. The “Camera Control”
metric is adopted from the WorldScore benchmark.

Scene
Video

Reference
Frames

Camera
Control

PSNRC SSIMC LPIPSC

58.81 15.55 0.444 0.379
✓ 80.13 17.18 0.500 0.295

✓ 61.38 15.64 0.444 0.393
✓ ✓ 84.47 19.38 0.579 0.213

Table 5. Effects of using different numbers of reference frames.

#Reference
Frames

PSNRC SSIMC LPIPSC Match Acc

1 17.50 0.537 0.284 0.592
3 17.85 0.540 0.275 0.606
5 18.48 0.556 0.248 0.640
7 19.38 0.579 0.213 0.698

4.2. Ablation Studies
Ablation studies related to spatial memory are conducted
on the WorldScore subset, with closed-loop videos gener-
ated to evaluate spatial memory, as described in Section 4.1.
Other studies focusing on visual quality are performed on
the RealEstate test set.
Spatial Memory. Given a camera trajectory, the previously
generated frames, and the current spatial memory (i.e., the
scene point cloud), we: (1) render a scene projection video
along the specified camera path, and (2) retrieve up to K
reference frames from prior generations that are spatially
correlated with the current trajectory. The rendered scene
video and the retrieved reference frames are then provided
to our network to facilitate the next-step, memory-aware
video generation. The impact of incorporating scene pro-
jection videos and reference frames is analyzed in Table 4.
Reference Frame Number. Table 5 analyzes the effect of
varying the number of reference frames K. Increasing K
provides more spatial memory cues; however, we observe
no significant performance improvement when K > 7.
Long-Horizon Generation. Memory is essential for long-

Table 6. Memory mechanisms ensure spatial consistency and pre-
serve visual quality in long-horizon generation.

Method #Clips
Camera
Control

PSNRC SSIMC LPIPSC

Wan2.2 [87]
2 56.87 13.00 0.377 0.521
4 46.43 11.32 0.328 0.611
6 49.97 10.74 0.310 0.644

Spatia (Ours)
2 84.47 19.38 0.579 0.213
4 83.97 18.23 0.546 0.253
6 83.41 18.04 0.541 0.259

Table 7. Impact of point cloud density on visual quality. Metrics
are computed between the generated videos and the ground-truth
videos on the RealEstate test set.

Cube Side Length (m) PSNR SSIM LPIPS

0.01 18.58 0.646 0.254
0.03 17.10 0.614 0.313
0.05 16.35 0.596 0.349
0.07 15.97 0.585 0.370

horizon generation, ensuring spatial consistency when the
camera revisits the same location without visual degrada-
tion. To evaluate this, we generate videos of increasing
length—2, 4, and 6 clips—under an auto-regressive set-
ting. Each pair of clips moves the camera from left to right
and then back to the original viewpoint. We compare our
method with Wan2.2 (5B) [87], where the last frame of each
generated clip is used as the starting frame for the next. Ta-
ble 6 summarizes the results, and corresponding visualiza-
tions are provided in the appendix.
Scene Point Cloud Density. We maintain a global scene
point cloud as spatial memory. Since the raw point cloud is
typically dense, we investigate how its density affects gener-
ation quality. Let d denote the side length of each cube used
for voxelization. For every cube, we aggregate all points
within it to obtain a downsampled point cloud. As shown
in Table 7, increasing d substantially reduces memory stor-
age but leads to visual quality degradation due to the loss of
fine-grained spatial guidance.

5. Conclusion
We introduce Spatia, a spatial memory–aware video gener-
ation framework that enables consistent, long-horizon syn-
thesis. By maintaining an explicit 3D scene point cloud as
persistent memory and iteratively updating it during gen-
eration, Spatia captures long-term geometric structure that
conventional video models cannot preserve. This memory
mechanism ensures spatial consistency across revisited lo-
cations, supports coherent dynamic content, and enables ex-
plicit camera control through 3D-aware conditioning. Ex-
tensive experiments demonstrate that Spatia significantly
enhances long-horizon consistency while maintaining high
visual quality in the generated videos.
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Spatia: Video Generation with Updatable Spatial Memory
Supplementary Material

6. More Implementation Details

Reference Frame Retrieval. In Section 3.1.2 of the main
paper, we describe how to select up to K spatially relevant
frames (with K = 7 by default) from the candidate-frame
set. The complete procedure is provided in Algorithm 1.
Augmentation of Preceding-Frame Latents. Spatia con-
ditions on preceding frames to generate future frames, en-
abling long-horizon video generation. However, while
training uses ground-truth preceding frames as conditions,
inference relies on model-generated frames, creating a dis-
tribution gap between training and inference. To alleviate
this mismatch, we introduce a simple augmentation strategy
for preceding-frame latents during training. Specifically, we
sample a timestep taug ∈ [0, 50] from a low-noise interval
using the same noise scheduler as in Flow Matching train-
ing, and add the corresponding noise to the clean preceding-
frame latents. The resulting augmented latents are then used
as the conditioning inputs in place of the clean latents.
Match Accuracy. In Tables 3 and 5 of the main paper,
we include Match Accuracy as an additional metric to as-
sess the effectiveness of the memory mechanism in closed-
loop video generation, where the last frame is expected
to reproduce spatially similar content to the initial frame.
Match Accuracy quantifies the structural and spatial corre-
spondence between two frames. In our implementation, we
use RoMa [23], a robust dense feature-matching algorithm,
to estimate correspondences between the first frame Ifirst
and the last frame I last. After obtaining the correspondence
map, we discard low-confidence matches and count the re-
maining high-confidence correspondences as the number of
valid matches. To ensure comparability across scenes, the
final match accuracy is normalized by the number of high-
confidence self-matches obtained by matching Ifirst with it-
self.
Dynamic-Static Disentanglement in the Inference Stage.
Our model supports generating videos that contain dynamic
entities while maintaining a spatial memory representing
the static scene. During inference, to strictly enforce dy-
namic–static disentanglement, we first apply SAM2 [74] to
track and segment dynamic entities in the initial condition-
ing image or previously generated video clips, and record
their segmentation masks. These masks are then used to ex-
clude dynamic regions when updating the spatial memory
(i.e., the scene point cloud) with MapAnything [42].

7. Visualization

Qualitative Study on Spatial Memory in Long-Horizon
Generation. In Table 4 of the main paper, we quanti-

Algorithm 1 Reference Frame Retrieval

Input: Target frames {T }N , candidate frames {C}O,
view-specific scene point clouds {ST }N and {SC}O,
threshold ϵ, maximum number of reference frames K

Output: Retrieved reference-frame set {R}
1: Initialize {R} ← ∅
2: for each target frame T i ∈ {T }N do
3: if i mod K ̸= 0 then
4: break ▷ Operate every K frames.
5: end if
6: Initialize s← 0 ▷ Maximal spatial overlap score.
7: Initialize R̂← ∅ ▷ Empty reference frame.
8: Identify the scene map ST i

∈ {ST }N
9: for each candidate frame Cj ∈ {C}O do

10: Identify the scene map SCj ∈ {SC}O
11: s(T i,Cj)← SPATIALOVERLAP(ST i ,SCj )
12: if s(T i,Cj) > s then
13: s← s(T i,Cj)

14: R̂← Cj

15: end if
16: end for
17: if s > ϵ then
18: {R} ← {R} ∪ R̂
19: end if
20: end for
21: return {R}
22: function SPATIALOVERLAP(x, y)
23: y′ ← Register(y, x) ▷ Register y to x space.
24: s← 3DIoU(x, y′)
25: return s
26: end function

tatively study two key factors for enabling spatial mem-
ory and achieving spatially consistent long-horizon gener-
ation: (1) the use of reference frames and (2) the use of
scene videos. Figure 5 presents a qualitative comparison
among three variants: (1) our default model incorporating
both components, (2) a model that uses only scene videos
without reference frames, and (3) a model that uses refer-
ence frames but excludes scene videos. As shown, our full
model substantially outperforms both ablated variants, suc-
cessfully preserving global scene consistency and structural
integrity over long temporal sequences, while the baselines
exhibit pronounced geometric drift.
Closed-Loop Generation Figure 6 shows visualizations of
closed-loop video generation. In these examples, the cam-
era follows a trajectory that returns to the initial viewpoint
at the end of the sequence. This setup enables direct evalua-

9



tion of both visual and geometric consistency by examining
whether the final frame spatially aligns with the first frame,
thereby validating the effectiveness of our spatial memory
in preserving global scene structure.
Generation of Dynamic Entities while Maintaining
Static Scenes. Our model supports dynamic–static disen-
tanglement by representing only the static scene in the spa-
tial memory. This is accomplished by removing dynamic
entities from the estimated scene point cloud, which is used
as the spatial memory, while the original videos contain-
ing dynamic entities are used as training targets. Figure 7
illustrates several examples showing the static-only spa-
tial memory alongside the corresponding generated videos,
where dynamic entities perform actions within the same
scenes.
3D-Aware Interactive Editing Maintaining a scene point
cloud as spatial memory and conditioning on it during video
generation also enables 3D-aware interactive editing. As
shown in Figure 8, manipulating the estimated scene point
cloud—such as removing objects, adding new ones, or
modifying object colors—leads to corresponding and accu-
rate changes in the generated videos.

10



w
/o R

ef.w
/o Scene

Spatia

200 240 280 320 360

w
/o Scene

0 40 80 120 160
w

/o R
ef.

Spatia
w

/o Scene
Spatia

250 300 350 400 450

w
/o R

ef.
w

/o Scene

0 50 100 150 200

Spatia
w

/o R
ef.

Frame ID

Frame ID

Spatial Memory

Spatial Memory

Figure 5. Qualitative comparison of three variants for long-horizon video generation: (1) our default model Spatia, (2) a variant using only
scene videos without reference frames, and (3) a variant using reference frames but no scene videos. The spatial memories shown in the
figure are generated by Spatia.
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Figure 6. Visualization of closed-loop video generation. The camera follows a trajectory that returns to its initial viewpoint, enabling direct
comparison between the first and final frames to evaluate the effectiveness of the spatial memory mechanism.
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Figure 7. Visualizations of dynamic–static disentanglement. Our model maintains a spatial memory containing only the static scene point
cloud while generating videos that include dynamic entities acting within the same scenes.

Original Scene

Remove Sofa

Add Chair

Modify Color

Spatial Memory Generated Video

Figure 8. Demonstration of 3D-aware interactive editing. By directly modifying the spatial memory (i.e., the scene point cloud), users
can achieve geometrically precise edits in the generated videos, such as removing an object (2nd row), adding a new object (3rd row), or
altering object attributes (4th row).
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