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Fig. 1: LiveWorld enables persistent out-of-sight dynamics. Instead of freezing
unobserved regions, our framework explicitly decouples world evolution from observa-
tion rendering. We register stationary Monitors to autonomously fast-forward the tem-
poral progression of active entities (e.g., the dog and the person) in the background. As
the observer explores the scene along the target trajectory (green cameras), our state-
aware renderer projects the continuously evolved world states to synthesize the final
observation. This ensures that dynamic events progress naturally, accurately reflecting
the elapsed time even when entities are completely out of the observer’s view.

Abstract. Recent generative video world models aim to simulate visual
environment evolution, allowing an observer to interactively explore the
scene via camera control. However, they implicitly assume that the world
only evolves within the observer’s field of view. Once an object leaves the
observer’s view, its state is “frozen” in memory, and revisiting the same
region later often fails to reflect events that should have occurred in
the meantime. In this work, we identify and formalize this overlooked
limitation as the “out-of-sight dynamics” problem, which impedes video
world models from representing a continuously evolving world. To ad-
dress this issue, we propose LiveWorld, a novel framework that extends
video world models to support persistent world evolution. Instead of
treating the world as static observational memory, LiveWorld models a
persistent global state composed of a static 3D background and dynamic
entities that continue evolving even when unobserved. To maintain these
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unseen dynamics, LiveWorld introduces a monitor-based mechanism that
autonomously simulates the temporal progression of active entities and
synchronizes their evolved states upon revisiting, ensuring spatially co-
herent rendering. For evaluation, we further introduce LiveBench, a ded-
icated benchmark for the task of maintaining out-of-sight dynamics. Ex-
tensive experiments show that LiveWorld enables persistent event evolu-
tion and long-term scene consistency, bridging the gap between existing
2D observation-based memory and true 4D dynamic world simulation.
The baseline and benchmark will be publicly available.

1 Introduction

Recently, there is an increasing demand to build world models that can anticipate
future world states based on the current context and control inputs. By model-
ing the underlying dynamics of the environment, such systems can simulate the
progression of a virtual world, offering a powerful platform for applications in-
cluding agent training [3,4,43], decision-making [13,24], and large-scale synthetic
environment generation [7, 11].

Among them, generative video models have emerged as a dominant paradigm
for world modeling, leveraging their powerful prior to simulate realistic visual dy-
namics and enabling users to explore virtual environments through camera con-
trol. To maintain temporal consistency during exploration, existing approaches
typically condition the generation on historical contexts stored as 2D snapshots
in a KV cache [20,44] or explicitly reconstructed 3D spatial memory [34,52].

Despite these advancements, current video world models suffer from a fun-
damental limitation: they conflate the autonomous evolution of the world with
camera-dependent rendering. By implicitly collapsing these two distinct pro-
cesses into a single black-box generator, they are inherently trapped in a static-
world assumption. Consequently, once an active entity leaves the observer’s field
of view, its temporal progression is entirely ignored, effectively freezing the en-
tity at its last observed timestamp. We refer to this overlooked phenomenon as
the missing of out-of-sight dynamics. For instance, if an observer looks away
from a dog eating its food, revisiting the same location later will simply retrieve
the outdated snapshot of the dog mid-bite, rather than reflecting the elapsed
dynamics of it having finished the meal.

To overcome this limitation, we propose LiveWorld, a novel video world
model framework that explicitly decouples world evolution (E) from observation
rendering (R). Recognizing that maintaining a fully dense 4D state of the en-
tire unobserved world is computationally intractable, we introduce a structured
world-state approximation. We factorize the global world state into two compo-
nents based on their physical nature: a temporally invariant static background
(Mstatic), which is accumulated into a 3D spatial point cloud; and sparsely
distributed dynamic entities (Mdyn), which explicitly retain their temporal di-
mensions to continue evolving out of sight.

To seamlessly maintain and evolve this decoupled 4D world, we design a
monitor-driven pipeline. When a dynamic entity is detected, the system retroac-
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tively registers a virtual “Monitor” at its location. Even when the entity is no
longer in the observer’s field of view, the monitor autonomously fast-forwards
its temporal progression, yielding an evolving 4D dynamic point cloud. To ren-
der the observer’s continuous view, we project both the static environment and
the up-to-date dynamic entities onto the target camera trajectory to serve as
precise geometric conditioning. Importantly, recognizing that both unobserved
temporal evolution and world rendering share the same generative paradigm, we
implement both the monitor and the renderer using a unified state-conditioned
video diffusion backbone that takes the projected states and auxiliary references
as input to produce the rendering results and the evolution video. In summary,
our main contributions are as follows:

– We rigorously identify and formalize the missing out-of-sight dynamics prob-
lem in current video world models, highlighting the critical flaw of conflating
world evolution with observation rendering.

– We propose LiveWorld, a decoupled video world model framework featur-
ing a monitor-centric evolution system and a unified video backbone, which
enables the autonomous temporal progression of unobserved entities.

– We develop the first dedicated benchmark, LiveBench, specifically designed
to quantitatively evaluate long-horizon out-of-sight dynamics and event per-
manence for video world models.

– Extensive experiments on LiveBench demonstrate that LiveWorld success-
fully bridges the gap between 2D static memorization and 4D dynamic sim-
ulation, significantly outperforming existing baselines.

2 Related Works

2.1 Video World Models

World modeling aims to construct an evolving environment to simulate the real
world. Existing works approach this problem from different perspectives. [41]
builds explicit geometric-consistent 3D representations, while JEPA [1,5] learns
abstract state transitions in latent space. With the rapid progress of video gener-
ation models [6,14,27,35], Generative Video World Models [7,11,24] have become
a dominant paradigm as they achieve more scalable and realistic world modeling.
Typically, a video world model predicts future frames conditioned on historical
context and control signals. First, to leverage historical content, early methods
[6, 14, 27, 33, 35] concatenate anchor frames at the sequence start. CausVID [47]
pioneeringly distills fixed-size self-attention into causal attention, enabling au-
toregressive next-frame prediction with KV cache [7,10,11,20,21,32,44,46,48,51]
to store arbitrary history tokens. Next, to support controllable exploration, re-
cent works [15–18, 29, 43, 45] incorporate camera trajectory embeddings. Com-
bined with cached history, these methods allow revisiting previously observed
regions. However, the cached frame tokens merely capture 2D visual snapshots
of past regions at the exact time they were observed. This inherently relies on a
static-world assumption, completely failing to maintain out-of-sight dynamics.
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Fig. 2: World State Formulation. We approximate the intractable 4D world state
Wt by decoupling it into two trackable representations: a temporally-invariant static
3D environment Mstatic via T -axis projection, and 2D video sequences of dynamic
entities Mdyn,t via Z-axis projection.

2.2 Explicit Spatial Memory

To achieve precise camera control and maintain long-term geometry during ex-
ploration, recent methods [22, 23, 30, 34, 39, 40, 52, 53] have been developed con-
ditioned on explicit 3D spatial memory. These approaches maintain an explic-
itly reconstructed spatial representation as a form of global memory—such as a
point cloud combined with camera parameters predicted by feed-forward estima-
tors [26, 28,31,36–38]. By injecting this structural representation into the video
generation model, they ensure rigorous geometric consistency. Despite these ad-
vancements in spatial tracking, the temporal dimension of historical locations
remains neglected. The registered 3D representations store merely the static 3D
spatial structure of the scene at the moment of observation. Consequently, they
still cannot capture the out-of-sight dynamics within previously visited areas.

2.3 Out-of-sight Dynamics

An ideal world model should capture the continuous evolution of the entire ex-
plored space, forming a unified 4D spatio-temporal field where scene states evolve
consistently over time. This poses a fundamental challenge to existing video
world models. Current approaches [7,10,11,20–23,30,32,34,39,40,44,46,48,51–53]
only update states within the camera’s visible region, while content outside
the current view is merely stored as historical observations in memory (e.g.,
KV cache or spatial memory), remaining frozen at their last observed times-
tamps. In this work, we formalize this overlooked problem within the video
world model paradigm. Building upon explicit spatial memory, we propose a
decoupled framework to continuously maintain and evolve this out-of-view rep-
resentation, thereby bridging the gap between static scene memorization and
true 4D dynamic world simulation.

3 Methods

We propose LiveWorld, a video world model framework designed to main-
tain and continuously evolve the out-of-sight dynamics of the currently unob-
served world. Unlike previous video world models that follow an observer-centric
paradigm—conflating world evolution with rendering and freezing out-of-view
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regions into static snapshots—our system explicitly decouples temporal evolu-
tion from spatial rendering. By implementing a monitor-centric pipeline, we
autonomously model the temporal progression of active entities, narrowing the
gap between the 2D video world modeling and the 4D dynamic world.

3.1 Problem Formulation

Decoupling World Evolution from Observation Rendering. The world
continues to evolve even when it is not observed. That is to say, an ideal world
model should maintain a latent global world state Wt at each time step t, which
specifies the underlying 4D scene at that moment. Since this state is view-
independent, while an observed frame is only a camera-dependent projection,
world modeling naturally decomposes into two processes: (1) state evolution,
which updates the world over time, and (2) rendering, which maps the current
state to an observation under a condition Ct = {Ccam

t , Ctext
t } (where Ccam

t is
the camera pose and Ctext

t is the semantic prompt). Formally,

Wt = E(W<t), Ft = R(Wt, Ct). (1)

where E denotes the evolution engine and R denotes the conditioned renderer.
However, existing video world models do not maintain such an explicit world

state. Instead, they compress the evolving 4D world into a history of 2D ob-
servations and directly predict the next frame from previously observed frames
F<t = {Ft−1, Ft−2, . . . , F0} and control signals Ct:

Ft = Vθ(F<t, Ct). (2)

Under this formulation, world evolution and rendering are implicitly col-
lapsed into a single black-box generator Vθ. The key limitation is that F<t con-
tains only camera-dependent visual snapshots rather than the full underlying
state W<t. In other words, the continuous 4D world is flattened into a sequence
of 2D observations, and once a region leaves the field of view, the model has no
explicit state to update, so its temporal progression is ignored and the region
remain frozen at its last observed timestamp. We refer to this missing temporal
progression as out-of-sight dynamics.

Structured World-State Approximation To address this, LiveWorld re-
stores an explicit separation between world evolution and camera-conditioned
rendering. Directly maintaining a fully explicit 4D world state is impractical;
therefore, we structurally approximate Wt based on a simple intuition: the
static scene is temporally invariant, while temporal changes are concentrated
in sparse dynamic entities. Accordingly, we decompose the world state into two
components as illustrated in Fig. 2. (1) Static background. We collapse the
time-invariant background of the world along the temporal axis into a static 3D
scene representation Mstatic. For (2) dynamic entities, their states contin-
uously evolve over time. To maintain their up-to-date representations Mdyn,t

(especially when they are out of the observer’s sight), we introduce an explicit
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evolution function Gevo
θ serving as E in Eq. 1. It takes historical frames F<t

containing active entities and simulates their continuous temporal progression,
yielding the evolved dynamic representation at time t:

Mdyn,t = Gevo
θ (F<t) (3)

The up-to-date world state is then approximated as:

Wt ≈ {Mstatic,Mdyn,t} (4)

Under this formulation, the video generator no longer implicitly handles hidden
temporal evolution. Instead, it serves strictly as a state-aware renderer Grender

θ

(serving as R in Eq. 1) that projects the composed world state under the control
signal Ct:

Ft = Grender
θ (Wt, Ct). (5)

Implementing this decoupled formulation requires two components: (1) an
explicit evolution mechanism Gevo

θ to update unobserved active regions over
time (Sec. 3.3), and (2) a state-aware generative process Grender

θ that renders
the composed 3D/2D world state into a coherent observation (Sec. 3.4).

3.2 Unified State-Conditioned Video Backbone

While the state-aware renderer Grender
θ and the evolution engine Gevo

θ are concep-
tually distinct, they share a fundamental generative paradigm: both synthesize
future visual content conditioned on previous world states and external control
signals. Motivated by this structural commonality, we propose a unified state-
conditioned video diffusion model Gθ as an abstract interface model. Moreover,
although we formulate state evolution at an atomic time step t in Sec. 3.1; In
practice, we follow foundational video diffusion models [6, 27, 35] that generate
video chunks in discrete autoregressive rounds. Therefore, we instantiate the gen-
erative step to cover a temporal window of T frames. In the following sections,
we use the notation t : t + T to denote the generation of a T -frame sequence
starting from timestamp t. Specifically, Gθ comprises a latent Video Diffusion
Transformer (DiT) [35] backbone, augmented with a dual-injection conditioning
design to process explicit state projections and detailed appearances respectively:

Explicit state conditioning via state adapter. To inject the maintained world
states into the generation process, we employ a state adapter initialized from [25].
This module functions as a ControlNet [49], taking a pixel-level projection tensor
Pt:t+T ∈ RT×H×W×C that represents the explicitly projected state for the target
generation window. By injecting these signals into the DiT backbone, the state
adapter imposes strict, explicit pixel-level guidance for the generated frames,
ensuring consistency with the underlying world state.

Incorporating complementary appearance references. Because the projected state
Pt:t+T primarily serves as structural and positional guidance and may lack fine-
grained visual details, inspired by [9,19,52], we register learnable LoRA param-
eters to the DiT backbone to accept concatenated historical reference frames.
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Fig. 3: LiveWorld overview. Our system explicitly decouples world modeling into
two processes. (1) Static Accumulation (Blue): Temporally-invariant backgrounds
are fused into a static 3D point cloud via SLAM. (2) Dynamic Evolution (Green):
Stationary monitors use the Evolution Engine Gevo

θ to fast-forward the out-of-sight
progression of active entities, lifting them into 4D point clouds. (3) State-aware
Rendering (Purple): Both representations are projected onto the target camera tra-
jectory. This geometric projection, alongside appearance references, guides the renderer
Grender

θ to synthesize coherent observations reflecting the elapsed dynamics.

These references typically include a temporal anchor (e.g., the immediately pre-
ceding frames) to maintain motion continuity, and appearance anchors (retrieved
from past frames) to fill in dense visual textures. We concatenate these reference
frames along the token axis to the input of the DiT backbone. By flexibly con-
figuring the input projection Pt:t+T and the appearance references, this unified
backbone can be seamlessly instantiated for entirely different roles. As detailed
below, we utilize this shared architecture to perform autonomous unobserved
evolution (Sec. 3.3) and observer-centric spatial rendering (Sec. 3.4).

Unified Backbone Interface. The shared architecture Gθ synthesizes a T -
frame video chunk Vt:t+T , guided by three abstract conditioning inputs: an
explicit state projection P (which encapsulates the geometric camera control
Ccam), supplementary appearance references A, and the text prompt Ctext.

Vt:t+T = Gθ(Pt:t+T , A, Ctext
t:t+T ) (6)

3.3 Evolving World States

In this section, we introduce the maintenance of the world state formulated in
Eq. 4 through a continuous, multi-round update process. In each generation
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Fig. 4: Given one or multiple preceding frames from the previous round, we first detect
if the scene visited by the observer contains active dynamic entities, using off-the-shelf
VLMs and segmentors. Following a positive detection, we further validate if the entity
and scene are already registered by existing monitors.

round spanning the temporal window t to t+ T , the system iteratively prepares
the up-to-date world state Wt:t+T by executing two fundamental updates: (1)
accumulating newly observed static regions into the temporally-invariant 3D
representation Mstatic, and (2) autonomously updating the registered active
entities via the evolution function Gevo

θ to simulate their out-of-sight dynamics
over this window into Mdyn,t:t+T .
Accumulating the static environment Mstatic We represent the static
environment Mstatic as an accumulated background point cloud. For each his-
torically observed frame in F<t, the background is segmented [8] and incremen-
tally fused into a global static point cloud via a feed-forward SLAM framework
Stream3R [28], enabling continuous online memory accumulation.

Evolving dynamic entities Mdyn We implement the evolution function E
through a monitor-driven dynamic evolution system. Instead of modeling the en-
tire unobserved world, we dynamically allocate stationary virtual agents, termed
Monitors, to track localized active regions.

Defining and registering monitors. Monitors are a set of generative agents placed
at different world positions along the past camera trajectory, aiming to contin-
uously evolve the previously observed scenes containing dynamic entities. They
are powered by shared modules: a VLM-based detector [2,8] for entity detection,
and the evolution engine Gevo

θ . Specifically, as illustrated in Fig. 4, before gener-
ating the new chunk Ft:t+T , we inspect the previously generated frames Ft−T :t

using the detector. If an unseen dynamic entity is detected along the observer’s
trajectory, and its spatial overlap with existing monitored regions falls below a
certain threshold, a new monitor is registered at that specific pose (denoted as
its anchor pose). The monitor then takes the observed frame as its anchor frame.
To maintain computational efficiency, we limit the number of active monitors to
M , discarding the one farthest from the observer when this limit is exceeded.

Monitor-driven dynamic evolution. After registration, we take the instantiated
evolution engine Gevo

θ to simulate ongoing out-of-sight dynamics in the upcoming
round for each monitor. First, to fix the monitor at the desired position without
camera movements, recalling the state injection formulation (Eq. 6), We instan-
tiate the explicit state condition Pt:t+T of Gevo

θ using the static background from
the anchor frame, and condition Gevo

θ on text prompts Ctext
t:t+T detailing the an-

ticipated actions of the entities to evolve the foreground entities, then cropped
entities Aentity from the anchor frame for the additional appearance references.
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These inputs are processed through Gevo
θ to generate a local video depicting the

continued dynamics of the entity over the interval t : t+ T .
Asynchronous temporal synchronization. Since a new entity may emerge mid-
round (e.g., first observed by the main camera at ta ∈ (t−T, t)), its initial state
is asynchronous with the current global timestamp t. To synchronize it before
the next evolution round, the evolution engine Gevo

θ first synthesizes the missing
local frames from ta to t. This aligns the entity’s state with the global timeline,
preparing it for the upcoming t : t+ T evolution.

Instantiation I: Evolution Engine (Gevo
θ ). We instantiate Gθ to synthe-

size the monitor’s local video vmonitor
t:t+T , which is subsequently lifted to form

Mdyn,t:t+T . The inputs are specialized for localized event evolution:

vmonitor
t:t+T = Gevo

θ (P
bganc

t:t+T , A
entity, Ctext

t:t+T ) (7)

where P
bganc

t:t+T is the repeated static anchor frame background, Aentity is the
cropped entity reference, and Ctext

t:t+T is the action prompt.

Integrating dynamic memory. Finally, equipped with the known monitor anchor
pose and per-frame depth, the monitor unprojects the 2D dynamic foreground
from vmonitor

t:t+T back into the 3D world space. This lifting process yields a localized,
temporally evolving 4D Monitor Point Cloud. This explicit 4D representation
constitutes the concrete output Mdyn,t:t+T defined in Eq. 3, providing the up-
to-date dynamic memory to compose Wt:t+T .

3.4 Rendering World States

With the updated world state Wt:t+T prepared (including the static point cloud
Mstatic and the evolved Mdyn,t:t+T ), the final step is to synthesize the observer’s
visual experience. Here, we instantiate the unified backbone Gθ (Sec. 3.2) into
its second role: the state-aware renderer Grender

θ .
Unlike the evolution engine that operates on stationary monitor poses, Grender

θ

synthesizes the scene from a continuously moving observer trajectory. Specifi-
cally, we project both the static 3D environment and the evolved dynamic mon-
itor frames into the observer’s novel camera views to construct the global state
projection Pt:t+T . Guided by this projection and historical reference frames,
Grender

θ autoregressively renders the final observation video Ft:t+T , completing
the generation loop.

Projecting the evolved world states At each generation round spanning t
to t + T , the updated static point cloud Mstatic and the evolved dynamic 4D
point clouds Mdyn,t:t+T are used to derive the explicit state projection Pt:t+T

for the state adapter of Grender
θ :

Pt:t+T = Proj({Mstatic,Mdyn,t:t+T }, Ccam
t:t+T ) ∈ RT×H×W×C (8)

As a result, generation strictly conditioned on the state projection Pt:t+T enables
explicit camera control while consistently reflecting the spatial evolution of both
the static environment and dynamic events throughout the sequence.
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Reference frames retrieval for appearance guidance To supplement dense
visual details through the registered LoRA of Grender

θ , we retrieve the latest pre-
ceding frame Ft−1 as a temporal anchor for motion continuity and if Ccam

t:t+T

revisits previously explored regions, we retrieve the corresponding eariliest his-
torical frames, containing least visual drifting, from F<t as appearance anchors.
This strategy ensures high visual fidelity and texture consistency across contin-
uous explorations.

Instantiation II: Observer Renderer (Grender
θ ). We instantiate Gθ to

render the global observation chunk Ft:t+T based on the composed world state
and the text control:

Ft:t+T = Grender
θ (Pglobal

t:t+T , A
history, Ctext

t:t+T ) (9)

where Pglobal
t:t+T = Proj({Mstatic,Mdyn,t:t+T }, Ccam

t:t+T ) integrates both static and
out-of-sight dynamics, and Ahistory provides retrieved spatial textures.

3.5 Model Training

The unified backbone Gθ is trained with the flow matching objective [12]. Given
a clean target latent z0 encoded by a frozen VAE, noise ϵ ∼ N (0, I), and timestep
t ∼ U [0, 1], the training loss is:

L = Ez0,ϵ,t ∥vθ(zt, t,P,A, C)− (ϵ− z0)∥2 (10)

where zt = (1− t)z0+ tϵ. The loss is computed only on target frames; preceding
and reference frames serve as clean conditioning tokens. We adopt a two-stage
strategy: Stage 1 trains the state adapter with the backbone frozen, and Stage
2 freezes the adapter and fine-tunes LoRA modules on the backbone’s attention
layers for appearance reference integration. All encoders remain frozen through-
out. Training data construction can be found in the Appendix.

4 Experiments

4.1 Introducing LiveBench

Benchmark Construction. We aim to quantitatively evaluate the long-horizon
maintenance of dynamic events by pairing diverse scene images with procedu-
rally generated multi-round camera trajectories and text-driven scripts.

Scene image curation. We curate 100 diverse scene images featuring various
foreground entities and backgrounds. Using a VLM [2] for prompt composition
and a text-to-image model [42], we generate photorealistic 480 × 832 images,
strictly enforcing sharp focus, and clean, depth-unambiguous backgrounds.
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Trajectory design. After estimating scene geometry via Stream3R [28], we gen-
erate camera trajectories that alternate between leaving and revisiting the initial
viewpoint. We define two families: (i) Same-Pose Revisit (A → B → A →
B → A over four rounds), where the camera returns to its original pose, and (ii)
Different-Pose Revisit (A → B → C), yielding revisits from novel viewpoints.
We scale trajectories to fit individual scene sizes, generate 4 variants per scene
(two families × left/right), each spanning 4 rounds (260 frames at 16 FPS).

Event scripts. A VLM generates per-step event scripts conditioned on the scene,
ensuring physically plausible motions with explicit spatial displacements. In to-
tal, LiveBench comprises 100 scenes and 400 evaluation sequences.

Quantitative Evaluation Metrics. Due to the lack of ground-truth videos
for out-of-sight dynamics, we design a reference-based and VLM-driven protocol.

Spatial Memory and Identity. For same-pose revisits, we evaluate static back-
ground consistency against the initial frame (excluding dynamic regions) using
PSNR, SSIM, and LPIPS [50]. For dynamic entities, we compute the Cham-
fer Distance between the generated dynamic point clouds and the monitor’s
predictions in 3D world space. Additionally, across both revisit scenarios, we
employ a Masked Bag-of-Features (BoF) strategy using foreground-masked DI-
NOv2 tokens (DINOfg) to robustly evaluate identity preservation under severe
pose variations.

Event Progression and Consistency. Since pixel metrics struggle with out-of-
sight transitions, we utilize VLM-based binary VideoQA to verify if the gener-
ated actions and revisited states align with the text scripts (VQA-Acc). Finally,
temporal smoothness of the evolved local dynamics is measured via adjacent-
frame CLIP similarity (CLIPF ).

4.2 Experimental Setup

Implementation Details. We build upon Wan2.1-14B-T2V [35] with the state
adapter initialized from Wan2.1-VACE-14B and rank-64 LoRA on the backbone
attention layers. Stage 1 trains the state adapter for 10k steps; Stage 2 fine-tunes
LoRA for 5k steps, both at lr 1 × 10−4 with cosine decay. Global batch size is
16 across 16 NVIDIA H200 GPUs in bf16 FSDP. We set the maximum active
monitors M=3 and drop text prompts with probability 0.2.
Other Evaluations. Beyond initial-frame revisits in LiveBench, we conduct
human evaluation for complex scenarios involving late-appearing entities and
concurrent out-of-sight dynamics. We summon a new foreground entity via text
prompts mid-generation. Evaluators then assign binary scores across three cri-
teria: Presence, Identity (Id.fg), and Event Consistency. From these, we report
two metrics: Event Succ. (an individual event satisfies all three criteria) and
Full Succ. (both concurrent events succeed simultaneously), strictly measuring
the capacity for persistent multi-event simulation.
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Table 1: Quantitative comparison on LiveBench. Background (bg) metrics measure
spatial memory against the first scene frame, foreground (fg) metrics measure entity
identity preservation, and VQA-Acc evaluates the success of out-of-sight event pro-
gression guided by the text prompt. Columns in blue highlight the second revisit
performance. † denotes our implementation.

Same Pose Revisit Different Pose Revisit

PSNRbg ↑ SSIMbg ↑ LPIPSbg ↓ CDfg ↓ DINOfg ↑ VQA-Acc↑ DINOfg ↑ VQA-Acc↑

1st 2nd 1st 2nd 1st 2nd 1st 2nd 1st 2nd 1st 2nd 1st 2nd 1st 2nd

MG-2 16.321 16.131 0.512 0.502 0.565 0.629 6.631 7.429 0.335 0.198 7.737 5.012 0.230 0.122 5.111 4.132
GC-1 17.637 16.012 0.571 0.523 0.421 0.572 2.107 6.236 0.527 0.262 20.125 10.273 0.475 0.191 18.799 8.397
Spatia† 20.132 19.020 0.672 0.649 0.297 0.310 4.031 5.122 0.440 0.416 19.205 14.655 0.392 0.363 18.723 13.212

Ours 20.071 19.983 0.679 0.650 0.301 0.330 0.068 0.135 0.760 0.721 59.063 54.620 0.691 0.632 52.829 49.478

4.3 Main Results

Initial frame revisiting on LiveBench. Tab. 1 presents the quantitative re-
sults for single-event revisiting. We choose state-of-the-art open-sourced camera-
conditioned world models that support long horizon generation as comparison
baselines, namely Matrix-Game-2.0 [17], Hunyuan-GameCraft-1.0 [29], and Spa-
tia [52]. We analyze the performance across four crucial dimensions:

Spatial Background Maintenance. Benefiting from explicitly accumulated 3D
point clouds, both our method and Spatia effectively maintain the static envi-
ronment, achieving superior background metrics (PSNRbg, SSIMbg, LPIPSbg).
Without explicit spatial memory, Matrix-Game-2.0 (MG-2) and GameCraft-1
(GC-1) struggle during the first revisit. By the second long-horizon revisit (cyan
columns), their backgrounds collapse completely with severe artifacts (Fig. 5),
causing a precipitous metric drop.

Dynamic Entity Preservation. Crucially, LiveWorld uniquely preserves out-of-
sight dynamic objects. Our decoupled Evolution Engine persistently updates
world dynamics, while explicit state projection ensures perfect foreground align-
ment upon re-observation, achieving drastically better geometric (CDfg) and se-
mantic (DINOfg) consistency. Baselines fundamentally fail here; despite history
caching and prompt conditioning, they cannot guarantee foreground consistency
across temporal gaps.

Event Progression. Our decoupled architecture ensures highly successful text-
script completion (VQA-Acc). By continuously evolving dynamic objects in the
background, our renderer accurately captures their logically progressed states
upon revisiting. Conversely, baselines entangle foreground motion and camera
control within a single generator, causing camera movements to easily disrupt
event generation and fail designated scripts.

Different Pose Revisit. Our decoupled design’s advantages amplify under novel
revisiting viewpoints. While we maintain consistent entity identities (DINOfg)
and event alignment, baselines suffer further degradation due to exacerbated
artifacts and failed camera control from novel angles.
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Fig. 5: A comparison result with the latest state-of-the-art methods on LiveBench.
With the camera view repeatedly moving rightwards and backwards, our methods stand
out alone to successfully maintain long-horizon (260 frames) out-of-sight dynamics,
while others fail. Different colors correspond to different evolving prompts of the event.

Table 2: User study on late-appearing event revisit success rate, higher is better (%).

Method Presence Id.fg Consistency Event Succ. Full
Succ.E1 E2 E1 E2 E1 E2 E1 E2

w/o Event Evo 40 39 32 31 20 15 2 3 0
Ours 92 70 80 61 67 53 42 35 26

Late-appear Event Revisiting. Since baselines struggle to initialize multiple
entities via text, we benchmark against our camera-control variant (w/o Event
Evo). As Table 2 shows, our method robustly maintains parallel events, achieving
92% Presence for the primary event (E1). E2 Presence drops to 70% as text-
to-video randomness occasionally fails to trigger the entity, causing cascading
metric declines. Nevertheless, our approach vastly outperforms the baseline with
42% and 35% Event Succ. for E1 and E2. Crucially, on the strict scene-level
Full Succ. metric (requiring both events to succeed simultaneously), our model
secures 26% while the baseline completely collapses (0%). This confirms that
explicit evolution is indispensable for multi-event modeling.

4.4 Ablation Studies

To validate the necessity of each core component, we conduct comprehensive
ablation studies in Tab. 3.

Effect of Event Evolution. Removing the evolution engine degrades our system
into a pure camera control model. While background scores remain compet-
itive, it completely fails to preserve out-of-sight entities, drastically dropping
foreground (CDfg, DINOfg) and event completion (VQA-Acc) metrics.
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Fig. 6: A demonstration of the late-appearing event revisiting. While we have the
initial image containing the kid, we allow the renderer to generate the corgi following
the text prompt. The monitor for the corgi is registered after the camera has overlap
under the threshold with the monitor of the initial frame. The results showcase a perfect
synchronization between the renderer and each monitor.

Table 3: Ablation studies of our proposed components. We validate the necessity
of the evolution engine, spatial memory, and reference frames. The column in blue
demonstrates the performance of a second revisit.

Method
Same Pose Revisit Different Pose Revisit

PSNRbg ↑ SSIMbg ↑ LPIPSbg ↓ CDfg ↓ DINOfg ↑ VQA-Acc↑ DINOfg ↑ VQA-Acc↑

1st 2nd 1st 2nd 1st 2nd 1st 2nd 1st 2nd 1st 2nd 1st 2nd 1st 2nd

w/o Event Evo. 20.005 18.995 0.671 0.647 0.299 0.315 4.215 5.431 0.425 0.401 18.512 13.985 0.380 0.350 18.105 12.855
w/o Spa. Mem. 17.512 16.895 0.550 0.531 0.495 0.550 5.820 6.915 0.395 0.285 12.350 8.510 0.315 0.185 10.125 6.850
w/o Ref. Frame 18.520 17.105 0.610 0.545 0.385 0.490 1.520 4.850 0.615 0.410 38.510 22.150 0.550 0.320 32.105 18.550

Full 20.071 18.983 0.679 0.650 0.301 0.330 0.068 0.135 0.760 0.721 59.063 54.620 0.691 0.632 52.829 49.478

Effect of Spatial Memory. Disabling spatial memory causes catastrophic camera
control failure. Injecting historical references without proper spatial grounding
misaligns the attention LoRA on novel views, resulting in severe ghosting, spatial
jittering, and degraded background metrics.

Effect of Reference Frames. Omitting historical references deprives the model
of dense visual textures, destabilizing the background. This spatial instability
triggers a cascading temporal collapse of the scene, severely degrading all metrics,
especially foreground and event alignment, during the 2nd long-horizon revisit.

5 Conclusion

We formalize the out-of-sight dynamics problem in video world models, where
unobserved regions incorrectly freeze at their last seen state. To overcome this,
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we propose LiveWorld, a framework that explicitly decouples continuous world
evolution from view-dependent rendering. By factorizing the environment into a
static 3D background and utilizing a monitor-centric pipeline to autonomously
fast-forward unobserved active entities, LiveWorld achieves tractable 4D mod-
eling. Along with LiveBench, our dedicated benchmark, LiveWorld bridges the
gap between static 2D memorization and persistent 4D dynamic simulation.
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