Seoul World Model:
Grounding World Simulation Models in a Real-World Metropolis
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Abstract

What if a world simulation model could render
not an imagined environment but a city that ac-
tually exists? Prior generative world models syn-
thesize visually plausible yet artificial environ-
ments by imagining all content. We present Seoul
World Model (SWM), a city-scale world model
grounded in the real city of Seoul. SWM anchors
autoregressive video generation through retrieval-
augmented conditioning on nearby street-view
images. However, this design introduces chal-
lenges including temporal misalignment between
retrieved references and the dynamic target scene,
limited trajectory diversity and data sparsity from
vehicle-mounted captures, and long-horizon er-
ror accumulation. We address these challenges
through cross-temporal pairing, a synthetic urban
dataset and view interpolation pipeline, and a Vir-
tual Lookahead Sink that continuously re-grounds
each chunk to a retrieved future reference. SWM
outperforms recent video world models across
Seoul, Busan, and Ann Arbor while supporting
diverse camera movements and text-prompted sce-
nario variations.

1. Introduction

World models aim to learn internal representations of envi-
ronments and predict their future states (Ha & Schmidhuber,
2018). With recent advances in video generation, such mod-
els have rapidly evolved toward video world simulation,
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where sequences of frames are generated conditioned on
images, text prompts, and user actions (Agarwal et al., 2025;
Team et al., 2026; Zhu et al., 2025b; He et al., 2025; Hun-
yuanWorld, 2025; Mao et al., 2025; Chen et al., 2025; Dai
et al., 2025; Zhu et al., 2025a; Li et al., 2025). Yet they
operate entirely within imagined worlds: given a starting
image, everything beyond it, e.g. , the geometry of unseen
streets, distant buildings, is imagined by the model.

What if a world model could operate on a world that
physically exists? Users could navigate familiar city streets
and experience hypothetical scenarios, such as a massive
wave engulfing one’s own city, or exploring familiar streets
under a golden sunset. Such a real-world grounded sim-
ulation would enable urban planning visualization, au-
tonomous driving scenario generation, and location-based
exploration (Deng et al., 2024; Hu et al., 2023; Shang et al.,
2024). Yet this direction remains unexplored: while large-
scale 3D reconstruction systems model real cities (Liu et al.,
2024; Tancik et al., 2022), they are fundamentally static and
lack generative simulation capabilities.

As illustrated in Figure 1, we formalize this goal as real-
world grounded video world simulation and instantiate
it in Seoul, introducing Seoul World Model (SWM). Our
key observation is that widely available street-view pho-
tographs provide a scalable source of location-specific visual
references. During generation, SWM performs retrieval-
augmented generation: given geographic coordinates, cam-
era actions, and text prompts, it retrieves nearby street-view
images and conditions generation on complementary geo-
metric and appearance references.

While retrieval-augmented grounding naturally anchors gen-
eration to real-world locations, it introduces three key chal-
lenges: temporal misalignment between street-view refer-
ences and the dynamic simulated world, limited trajectory
coverage and temporal sparsity from vehicle-mounted cap-
tures, and long-horizon error accumulation. We address
these with cross-temporal pairing, synthetic urban data with
an intermittent freeze-frame interpolation strategy, and a
virtual lookahead sink that retrieves a nearby street-view
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Figure 1. Seoul World Model (SWM) generates videos over a kilometer grounded in a real city. A camera trajectory placed on a map
produces continuous dynamic video depicting actual surroundings along the route. Users can further reshape the scene through text

prompts, enabling imaginative scenarios.

Figure 2. Reference-target video pair. A real training example pairs street-view references with a target video captured at the same

location but at a different timestamp.

image at each generation chunk as a virtual future destina-
tion.

SWM demonstrates that world simulation can be faithfully
grounded in real, physically existing environments at city
scale. We evaluate SWM across Seoul, Busan, and Ann Ar-
bor, where the latter two cities are absent from training, and
show improved visual quality, camera adherence, temporal
coherence, and structural fidelity to real locations.

2. Data Construction

For SWM training, we build aligned pairs between street-
view references and target video sequences. Each reference
carries camera pose and depth, providing geometric con-
ditions that ground generation to real-world structure. We
construct these pairs from Seoul street-view images, syn-
thetic urban data, and a public driving video dataset (Sun
et al., 2020). A real example of the reference-target video
pair is shown in Figure 2.

Street-view dataset. We collect 1.2M panoramic images
covering major urban areas of Seoul, with GPS coordinates
and capture timestamps; license plates and pedestrians are
blurred for de-identification. After processing, 440K images
are used for training. We use Depth Anything V3 (Lin et al.,
2025) to estimate per-keyframe depth maps and camera

poses, aligned to real-world scale using GPS metadata. We
caption all videos with Qwen2.5-VL-72B (Bai et al., 2025),
augmented with predefined camera actions (straight, stop,
left turn, right turn).

Cross-temporal pairing. A key design choice is that ref-
erences must be captured at a different timestamp from the
target sequence. This mirrors inference, where retrieved
street-view images share the same location as the target but
often differ in transient content such as vehicles or pedestri-
ans. Without this constraint, co-captured references share
identical transient content with the target, giving the model
no incentive to separate persistent structure from transient
objects, so it learns to reproduce both. Cross-temporal pair-
ing removes this ambiguity during training: because tran-
sient content differs between reference and target, the model
must learn to rely on persistent spatial structure that remains
consistent across timestamps. Figure 6 visualizes the result-
ing attention pattern.

View interpolation. City-scale street-view databases pro-
vide panoramas at sparse spatial intervals (5—20 m) rather
than continuous video; abrupt jumps between distant view-
points break the temporal continuity that pretrained video
diffusion models expect. We synthesize T -frame videos
from N sparse keyframes (T N). A straightforward
option concatenates keyframe latents along the channel di-



