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ABSTRACT

Video world models have attracted significant attention for their ability to produce
high-fidelity future visual observations conditioned on past observations and navi-
gation actions. Temporally- and spatially-consistent, long-term world modeling has
been a long-standing problem, unresolved with even recent state-of-the-art models,
due to the prohibitively expensive computational costs for long-context inputs. In
this paper, we propose WorldPack, a video world model with efficient compressed
memory, which significantly improves spatial consistency, fidelity, and quality
in long-term generation despite much shorter context length. Our compressed
memory consists of trajectory packing and memory retrieval; trajectory packing
realizes high context efficiency, and memory retrieval maintains the consistency
in rollouts and helps long-term generations that require spatial reasoning. Our
performance is evaluated with LoopNav, a benchmark on Minecraft, specialized
for the evaluation of long-term consistency, and we verify that WorldPack notably
outperforms strong state-of-the-art models.

1 INTRODUCTION

Video world models, i.e., neural world simulators based on video generation models, have recently
attracted significant attention for their ability to produce high-fidelity future visual observations
conditioned on past observations and navigation actions (Brooks et al., 2024; Bruce et al., 2024;
Kang et al., 2024). By predicting and generating future visual observations from past observations
and agent actions, these models hold the potential to serve as alternatives to conventional simulation
environments. Their applications span a wide range of domains, such as robotic simulation (Bar et al.,
2024; Hu et al., 2025; Zhu et al., 2025), autonomous driving (Hu et al., 2023; Russell et al., 2025;
Wang et al., 2023; Zhao et al., 2024; Gao et al., 2024), and AI-driven content generation in game
engines (Alonso et al., 2024; Valevski et al., 2024).

Despite this promise, achieving temporally and spatially consistent world modeling over long horizons
remains a long-standing challenge, even with recent state-of-the-art video generation models (Decart
et al., 2024; Guo et al., 2025). This difficulty stems from the prohibitively high computational cost
required to process long-context inputs, which limits existing models to relatively short temporal
windows (Alonso et al., 2024; Bar et al., 2024). As a result, previously observed information is
easily discarded, leading to inconsistencies in spatial layouts and object arrangements over time. For
instance, an object visible in one view may abruptly vanish or shift position when the perspective
changes, undermining the reliability of such models as world simulators.

In this paper, we propose WorldPack, a long-context-aware video world model that achieves ef-
ficient compressed memory while maintaining high generation quality. Despite operating with
relatively short context lengths, WorldPack substantially improves long-term spatial consistency. The
compressed memory consists of two key components: trajectory packing, which enhances context
efficiency by retaining more recent information in a compact form, and memory retrieval, which
selectively recalls past scenes that share substantial visual overlap with the prediction target. Together,
these mechanisms ensure consistent rollouts even in later stages, where reliable spatial reasoning is
crucial. We adopt conditional diffusion transformer (CDiT) (Bar et al., 2024) as a base backbone
architecture and incorporate RoPE-based temporal embeddings (Su et al., 2023), enabling effective
utilization of memories regardless of their temporal distance from a target scene.
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Our experiments evaluate WorldPack on LoopNav (Lian et al., 2025), a benchmark designed to
assess long-horizon temporal- and spatial-consistency in a Minecraft-based environment. On both the
spatial memory retrieval task, which measures the ability to recall past observations, and the spatial
reasoning task, which evaluates consistency under long-horizon rollouts, WorldPack demonstrates
superior scene prediction performance. Notably, it substantially outperforms strong state-of-the-
art baselines such as Oasis, MineWorld (Guo et al., 2025), Diamond (Alonso et al., 2024), and
NWM (Bar et al., 2024), as validated across multiple quality metrics, including SSIM (Wang et al.,
2004), LPIPS (Zhang et al., 2018), PSNR, and DreamSim (Fu et al., 2023).

2 RELATED WORK

Video World Models. Recent advances in video diffusion models have enabled photorealistic,
high-resolution video generation, positioning them as “general-purpose world simulator” capable of
producing diverse scenes with plausible dynamics from text (Brooks et al., 2024; Google DeepMind,
2024; Kang et al., 2024; Bansal et al., 2024; Chefer et al., 2025; Wu et al., 2025; Oshima et al.,
2025). Building on this progress, video world models have attracted significant attention for their
ability to generate high-fidelity future visual observations conditioned on past scene sequences and
navigation actions (Alonso et al., 2024; Bruce et al., 2024; Mao et al., 2025). Their applications span
a wide range of domains, such as game engines (Valevski et al., 2024; Decart et al., 2024; Guo et al.,
2025), autonomous driving (Hu et al., 2023; Russell et al., 2025; Wang et al., 2023; Zhao et al., 2024;
Gao et al., 2024), (Hu et al., 2024; Guo et al., 2024), and robotics (Bar et al., 2024; Hu et al., 2025;
Zhu et al., 2025). These studies underscore the importance of maintaining long-term temporal and
spatial consistency, particularly in decision-making tasks such as driving and navigation. However,
achieving such coherence remains an unresolved challenge, even for state-of-the-art models, due to
the prohibitively high computational costs required to process a long sequence of observations in the
model context (Decart et al., 2024; Guo et al., 2025).

Long-Context Video Generation. Prior works in video generation have actively explored ways
to extend fixed-length horizons into long-term rollouts. One line of research focuses on sampling
strategies, such as temporal super-resolution with coarse-to-fine processing (Ho et al., 2022b; Yin
et al., 2023), autoregressive generation conditioned on recent frames (He et al., 2022; Henschel et al.,
2024), and inference-time techniques that adapt pretrained models for longer generations without
retraining (Qiu et al., 2023; Kim et al., 2024). Another direction introduces architectural advances
to capture long-range dependencies, including structured state space models (Gu et al., 2021; Gu &
Dao, 2023) for efficient temporal modeling (Oshima et al., 2024; Po et al., 2025) and spatial retrieval
mechanisms that dynamically select past frames with overlapping fields of view (Yu et al., 2025;
Xiao et al., 2025). In parallel, stabilization methods mitigate degradation during long generations,
for example, by combining next-token prediction with full-sequence diffusion (Chen et al., 2024;
Ruhe et al., 2024; Jin et al., 2024; Kodaira et al., 2025) or by incorporating history-based guidance
to preserve past information (Song et al., 2025). Recently, Zhang & Agrawala (2025) proposes to
compress past frames at varying rates into the context to balance efficiency and long-term consistency.
We transfer such a technique for long-context generation in the context of video world modeling,
where preserving spatial coherence under action-conditioned rollouts poses distinct challenges in
many downstream tasks (e.g., robotics, self-driving, etc), and demonstrate that compressing retrieved
past states helps improve spatial reasoning in long-context rollouts.

3 PRELIMINARIES

We begin by extending latent diffusion models (Rombach et al., 2022) to the temporal domain,
formulating video diffusion models (He et al., 2022; Ho et al., 2022a). Given a sequence of frames
x0:T = (x0,x1, . . . ,xT ), we first encode frames into latent representations z0:T = (z0, z1, . . . , zT )
using a pretrained VAE (Kingma & Welling, 2013), i.e., zi = Enc(xi). In this setting, all latent
frames share the same noise level k, and the reverse diffusion process restores the clean sequence by
iteratively denoising:

pθ(z
k−1
0:T | zk0:T ) = N

(
zk−1
0:T ;µθ(z

k
0:T , k), σ

2
kI

)
, (1)
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Figure 1: WorldPack consists of (1) CDiT with RoPE-based timestep embedding, (2) memory retrieval of the
past states, and (3) packing the trajectory into the context.

where zk0:T denotes the noisy latent sequence at noise level k. This full-sequence formulation provides
global guidance across frames, but constrains the sequence length to that used during training and
lacks flexibility for long-horizon rollouts.

To overcome this limitation, we adopt an autoregressive formulation. Instead of generating the entire
sequence jointly, the model conditions on the most recent m latent frames to predict the next one:

pθ(zt+1 | zt−m+1:t), (2)

where generation proceeds sequentially. This setup naturally extends video length beyond the training
horizon and supports long-term coherent generation.

Finally, to obtain an interactive video world model, we further introduce action sequences into the
formulation. Given past latent states zt−m:t and the current action at, we learn a stochastic transition
model Fθ:

zt+1 ∼ Fθ(zt+1 | zt−m:t,at). (3)
This formulation approximates the environment dynamics p(zt+1 | z≤t,a≤t), while operating in
the compressed latent space. Predicted next state can then be decoded back to pixel space for
visualization, enabling action-conditioned video generation and long-term world simulation.

4 WORLDPACK

WorldPack adopts a conditional diffusion transformer (CDiT) (Bar et al., 2024) as the backbone for
history and action conditioning and incorporates RoPE-based temporal embeddings (Su et al., 2023),
allowing effective use of memories regardless of temporal distance (Section 4.1). The compressed
memory combines memory retrieval for consistent long-horizon reasoning (Section 4.2) from the
past states and trajectory packing for context efficiency (Section 4.3).

4.1 VIDEO WORLD MODELING WITH CONDITIONAL DIFFUSION TRANSFORMER

Following Section 3, we design Fθ as a probabilistic mapping to simulate stochastic environments. To
this end, we employ CDiT (Bar et al., 2024), which is a temporally autoregressive transformer model,
and where efficient CDiT blocks are applied N times over the input sequence (Figure 1). Unlike
a standard Transformer that applies self-attention across all tokens, CDiT restricts self-attention to
the tokens of the denoised target frame and incorporates cross-attention over past frames, allowing
efficient learning. This cross-attention contextualizes the representation through skip connections,
and conditioning on input actions is incorporated. While a standard DiT (Peebles & Xie, 2023)
can be directly applied, its computational complexity scales quadratically with context length, i.e.,
O(m2n2d) for n tokens per frame, m frames, and token dimension d. In contrast, CDiT is dominated
by the cross-attention complexity O(mn2d), which scales linearly with context length, enabling the
use of longer contexts.

3
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In addition, our model must integrate memory contexts located at arbitrary temporal distances from
the current timestep. To achieve this, we adopt Rotary Position Embeddings (RoPE) (Su et al., 2023)
as a position-aware design. RoPE enables consistent temporal representations regardless of variable
context length, providing stable embeddings even for memory frames selected at arbitrary distances.
This allows memory-aware inference over sequences with long-term dependencies.

4.2 MEMORY RETRIEVAL

Previous video world models that incorporated memory often design the importance of past frames
based on the overlap of camera fields of view (Yu et al., 2025; Xiao et al., 2025). However, explicit
camera fields of view are not always available, such as in real-world environments. Therefore, we
generalize a scoring function so that we can predict frame importance solely from the position and
orientation (yaw and pitch). We denote the current position as p = (xt, yt, 0)

⊤ and the viewing
direction, computed from yaw θt and pitch ϕt, as the unit vector:

d = (cosϕt cos θt, cosϕt sin θt, sinϕt)
⊤. (4)

For each past frame i, the agent’s position is pi = (xi, yi, 0)
⊤ and the corresponding direction is

di = (cosϕi cos θi, cosϕi sin θi, sinϕi)
⊤. (5)

Based on these, we compute:

si = (pi − p)⊤d, (forward projection) (6)
ℓi = ∥(pi − p)− sid∥ , (lateral distance) (7)

cos∆θi = d⊤
i d, (directional similarity). (8)

The importance score for frame i is then defined as

scorei = wc ·max(cos∆θi, 0) exp
(
− s2i

2σ2
s

)
exp

(
− ℓ2i

2σ2
ℓ

)
+ wa ·max(− cos∆θi, 0) exp

(
− (si−µs)

2

2σ2
s

)
exp

(
− ℓ2i

2σ2
ℓ

)
.

(9)

In practice, to avoid redundancy, we introduce an exclusion window of 20 frames (equivalent to one
second at 20 frames per second), ensuring that frames within this range are not selected solely based
on their scores. This encourages the retrieved context to span a broader temporal range, preventing
the model from overemphasizing temporally adjacent frames and allowing it to exploit long-term
spatial information. We set the parameters to σℓ = 10.0, µs = 1.0, σs = 0.01, wc = 1.0, wa = 1.0.
This design prioritizes frames that are spatially close and aligned with the current view direction,
while also incorporating opposite-facing frames at a characteristic distance. As a result, effective
memory retrieval can be achieved even without explicit information about camera fields of view.

4.3 PACKING TRAJECTORY INTO CONTEXT

Previous video world models have been constrained by a fixed context length, which prevented
them from incorporating long-term history. As a result, while they remained sensitive to recent
observations, it was challenging to predict scenes that depend on events further in the past. This
limitation caused errors to accumulate during rollouts, leading the generated trajectories to diverge
from the original world gradually.

To overcome this issue, we propose trajectory packing. Trajectory packing enables efficient utilization
of long-term history within a fixed-length context by hierarchically compressing and allocating
trajectories. Specifically, past frames are encoded at different resolutions depending on their temporal
distance: recent frames are preserved at high resolution, while older frames are compressed and
stored at lower resolution. In addition, by incorporating memory retrieval, even frames beyond the
nominal context length can be selectively integrated into the context if they are deemed essential. This
design enables the model to simultaneously retain recent observations, long-term history, and salient
memory elements, thereby allowing for reasoning over broad temporal scales during prediction.

4
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Formally, let the recent past latent frames stored in memory be zt, zt−1, . . . , zt−Ncon , where zt
denotes the most recent frame and zt−Ncon the oldest. Here, Ncon represents the number of con-
secutive past frames maintained in the context window. In addition, we define memory frames as
zM1

, zM2
, . . . , zMNmem

, which correspond to frames extracted from the history that are considered
important, even beyond the nominal context length. Here, Nmem denotes the number of retrieved
memory frames. Trajectory packing handles both regular past latent frames and memory frames in
a unified manner by applying hierarchical compression. Each past latent frame zt−i and memory
frame zMj is assigned an effective context length ℓt−i or ℓMj after Transformer patchifying, with the
compression rate determined by the temporal distance or importance of the frame:

ℓt−i =
Lf

λi
, ℓMj

=
Lf

λdj
, (10)

where Lf is the base context length for the most recent frame, λ > 1 controls how aggressively older
or memory frames are compressed, and dj denotes the temporal distance or selection-based scale of
the memory frame zMj . For example, λ = 2, i = 2 corresponds to a 4 × 4 patchify kernel, while
i = 4 corresponds to an 8× 8 kernel. The total packed context length is then given by:

Lpack = S · Lf +

Ncon∑
i=S+1

ℓt−i +

Nmem∑
j=1

ℓMj
, (11)

where S denotes the number of uncompressed slots reserved for the most recent frames. This
formulation ensures that recent frames are preserved at high resolution. In contrast, older and memory
frames are progressively compressed, allowing the model to incorporate long-term history without
incurring a linear increase in computational cost.

In practice, we represent frames more efficiently by applying geometric compression (Zhang &
Agrawala, 2025). Specifically, we set compression ratios of 20, 22, and 24, which correspond to
context lengths of 1, 2, and 16, respectively, and train across a total of 19 context lengths. Additionally,
we replace the last 8 frames with those selected by memory retrieval. This design allows recent frames
to be preserved at high resolution. In contrast, older frames are compressed to lower resolution,
enabling the model to retain long-term history while keeping computation efficient. Furthermore,
to account for distributional differences across compression levels, we assign independent input
projection layers for each compression ratio, rather than sharing a single projection. These layers are
initialized by interpolating from the pretrained patchify layer of the base model with a kernel size of
(4, 4). As a result, the model achieves generalized temporal representations that can handle memory
contexts selected from arbitrary historical contexts.

5 EVALUATION ON SPATIAL CONSISTENCY

Spatial Retrieval Task Spatial Reasoning Task

A

B

A

B

C

Figure 2: Illustration of the two LoopNav benchmark
tasks. (Left) Spatial Memory Retrieval Task: the agent
explores along A→B (blue path) and must reconstruct
earlier observations on the return path B→A (red path).
(Right) Spatial Reasoning Task: the agent explores
along A→B→C (blue path) and must reconstruct the
environment on the longer return path C→A (red path),
requiring reasoning across accumulated spatial memory.

We primarily focus on evaluating the ability of
video world models to retain long-term spatial
memory. For this purpose, we leverage Loop-
Nav (Lian et al., 2025), a benchmark constructed
in Minecraft environments. LoopNav is de-
signed for loop-style navigation tasks, where the
agent explores a portion of the environment and
then returns to an earlier location within it. This
design provides a precise and targeted method
for testing whether a model can recall and re-
construct previously observed scenes, making
LoopNav a distinctive benchmark for evaluating
spatial memory.

Spatial Memory Retrieval Task (ABA). The
most basic setting of LoopNav is the A→B→A
trajectory (Figure 2; Left). In this case, the
segment from A to B acts as the exploration phase, supplying contextual observations to the model.

5
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The return path from B to A constitutes the reconstruction phase, during which the model must
demonstrate spatial consistency in regenerating observations from earlier locations. Because the
ground-truth sequence has already been observed, this scenario is best viewed as a spatial retrieval
task, explicitly probing whether the model can reproduce information embedded in the context.

Spatial Reasoning Task (ABCA). Here, A→B→C forms the exploration phase, while C→A
is evaluated as the reconstruction phase (Figure 2; Right). Unlike an A→B→A loop, this task
challenges the model to rely on accumulated spatial memory to reconstruct the environment along an
extended path, potentially across areas observed from different viewpoints or at earlier time steps.
This setup is closely related to a spatial reasoning task, where success requires leveraging contextual
knowledge to generate coherent future observations rather than simply retrieving frames.

Metrics. For evaluation, we use LPIPS (Zhang et al., 2018) to assess semantic-level perceptual
fidelity, and SSIM (Wang et al., 2004) to evaluate low-level structural alignment. We further
employ DreamSim (Fu et al., 2023), which measures perceptual similarity based on deep feature
representations, and PSNR to capture pixel-level reconstruction quality. Since no single metric fully
reflects semantic accuracy or long-term spatial coherence, we complement these quantitative results
with qualitative inspection by human observers.

6 EXPERIMENTS

6.1 EXPERIMENTAL SETUP

Baselines. Oasis (Decart et al., 2024) is a world model that employs a ViT (Dosovitskiy et al., 2020)
as a spatial autoencoder and a DiT (Peebles & Xie, 2023) as the latent diffusion backbone, trained
with Diffusion Forcing (Chen et al., 2024). It generates frames autoregressively with user-controllable
conditioning, and the publicly available Oasis-500M model is evaluated with a context length of 32.
Mineworld (Guo et al., 2025) is an interactive world model based on a pure Transformer architecture,
generating new scenes from paired game frames and actions, with its pretrained checkpoint evaluated
at a context length of 15. DIAMOND (Alonso et al., 2024) is a diffusion-based world model built upon
a UNet architecture (Ronneberger et al., 2015), generating frames conditioned on past observations
and actions, and evaluated with a context length of 4. NWM (Bar et al., 2024) is a controllable video
generation model that predicts future observations conditioned on navigation actions, leveraging
CDiT with a context length of 4.

6.2 RESULTS

In the multi-step rollout generation (Table 1 and Table 2), WorldPack, despite shortest context length,
outperforms the baselines – Oasis, Mineworld, DIAMOND, and NWM – in SSIM and LPIPS, and
also surpasses NWM in PSNR and DreamSim, and FVD. However, the results for SSIM were not
decisively superior, remaining only partially competitive. This tendency can be explained by the
inherent limitations of distortion-based metrics, which favor spatially averaged or blurred predictions
that minimize pixel-wise differences while sacrificing perceptual fidelity (Blau & Michaeli, 2018).
Indeed, Lian et al. (2025) also reported that SSIM exhibits only a weak correlation with perceptual
quality in visualizations. In addition, qualitative evaluations confirmed that WorldPack maintains
long-term consistency, showing only minor deviations from the ground truth even when rollouts are
extended (Figure 3).

Taken together, these results demonstrate consistent improvements across both the ABA and ABCA
tasks, in terms of both quantitative metrics and qualitative assessments. In particular, the pro-
posed compressed memory mechanism plays a crucial role in achieving high context efficiency and
maintaining long-term spatial consistency, even under shortest context lengths.

6.3 ABLATION STUDY

To examine the effect of memory retrieval, we focus on cases where prediction becomes difficult
using only the most recent frames. Without memory retrieval, trajectory packing compresses only the
most recent Ncon frames from the past context and uses them as input. However, in both the ABA
and ABCA tasks, this setting loses critical cues needed to predict the terminal BA and CA segments,

6
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Table 1: Model performance on tasks of varying type and difficulty. ABA denotes the spatial memory retrieval
tasks, and ABCA denotes the spatial reasoning tasks. The navigation range (5, 15, 30, 50) indicates the size
of the area within which the agent is required to move. SSIM (↑) evaluates better structural consistency, while
LPIPS (↓) reflects perceptual fidelity. We refer to baseline evaluation results from Lian et al. (2025).

Nav. Range Model Context Trajectory SSIM ↑ LPIPS ↓
ABA ABCA ABA ABCA

5

Oasis 32 32 0.36 0.34 0.76 0.82
Mineworld 15 15 0.31 0.32 0.73 0.72
DIAMOND 4 4 0.40 0.37 0.75 0.79
NWM 4 4 0.33 0.31 0.64 0.67
WorldPack (ours) 2.84 19 0.39 0.35 0.52 0.56

15

Oasis 32 32 0.37 0.38 0.82 0.81
Mineworld 15 15 0.34 0.32 0.74 0.74
DIAMOND 4 4 0.38 0.39 0.78 0.79
NWM 4 4 0.30 0.33 0.67 0.65
WorldPack (ours) 2.84 19 0.48 0.46 0.57 0.55

30

Oasis 32 32 0.33 0.35 0.86 0.85
Mineworld 15 15 0.33 0.28 0.77 0.77
DIAMOND 4 4 0.37 0.35 0.81 0.81
NWM 4 4 0.32 0.30 0.69 0.71
WorldPack (ours) 2.84 19 0.32 0.28 0.61 0.63

50

Oasis 32 32 0.36 0.36 0.86 0.83
Mineworld 15 15 0.31 0.32 0.78 0.75
DIAMOND 4 4 0.37 0.38 0.83 0.81
NWM 4 4 0.28 0.33 0.72 0.65
WorldPack (ours) 2.84 19 0.27 0.31 0.63 0.63

Table 2: Evaluation of models on spatial memory (ABA) and reasoning (ABCA) tasks under different navigation
ranges. PSNR (↑) reflects pixel-level reconstruction accuracy, DreamSim (↓) captures perceptual similarity
based on deep features, and FVD (↓) measures temporal video quality.

Nav. Range Model Context Trajectory PSNR ↑ DreamSim ↓ FVD ↓
ABA ABCA ABA ABCA ABA ABCA

5 NWM 4 4 12.3 10.0 0.33 0.44 747 759
WorldPack (ours) 2.84 19 12.6 11.1 0.30 0.35 760 670

15 NWM 4 4 11.5 11.5 0.44 0.38 665 773
WorldPack (ours) 2.84 19 12.0 11.7 0.40 0.36 551 669

30 NWM 4 4 11.1 10.0 0.45 0.49 755 819
WorldPack (ours) 2.84 19 11.3 11.1 0.41 0.42 570 679

50 NWM 4 4 10.2 9.8 0.47 0.48 841 810
WorldPack (ours) 2.84 19 10.7 10.5 0.42 0.41 562 455

and the performance degradation becomes particularly severe when the navigation range is large.
To evaluate this effect, we measured prediction accuracy on the terminal frames of trajectories in
the LoopNav benchmark. Figure 4; Top shows the prediction performance on the last 61 frames in
the ABCA task with navigation range = 30, while Figure 4; Bottom shows the performance on the
last 101 frames with navigation range = 50. In both cases, we compare three settings: base model
(no compressed memory), trajectory packing only, and trajectory packing combined with memory
retrieval.

The results show that trajectory packing alone brings only marginal improvements over base model,
merely benefiting from extended access to recent frames. In contrast, incorporating memory retrieval
leads to a substantial performance gain. This indicates that by enriching the compressed context with
retrieval-based information, the model can selectively exploit scene cues that are not contained in
the most recent frames but are essential for accurate prediction. These results clearly demonstrate

7
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Figure 3: Visualization of rollouts. We compare ground truth (GT), NWM (Bar et al., 2024), and WorldPack.
WorldPack can predict more similar states than NWM, especially in the latter part of the rollouts.

that memory retrieval is an indispensable component for achieving long-term spatial consistency and
high-quality predictions. Results for the terminal frame prediction performance on other trajectories
are provided in the Appendix A.

Next, we compare the performance when adopting only one of the two components of WorldPack,
namely, trajectory packing or memory retrieval. The comparison is conducted under the ABA task
with navigation range = 5. When using trajectory packing only, the most recent 19 trajectories are
compressed into a context of size 2.84. In contrast, when using memory retrieval only, the model
utilizes the most recent 1 trajectory together with 3 retrieved memories, resulting in a context of
size 4 without packing. As shown in Figure 5, both packing-only and memory-only settings yield
improvements over the base model, but the gains remain limited. In contrast, combining the two
components achieves the most substantial performance improvements. This result indicates that both
efficient long-term context retention via trajectory packing and the selective retrieval of important
frames beyond the recent context are indispensable for world modeling that requires long-term spatial
memory awareness.

6.4 EXPERIMENTS WITH REAL-WORLD DATA

To verify the practical usefulness of WorldPack beyond simulator environments such as Minecraft, we
conducted experiments using real-world data. Specifically, we evaluated our method on the RECON
dataset (Shah et al., 2021), one of the commonly used datasets in prior video-generation world model
studies (Shah et al., 2022; Sridhar et al., 2024; Bar et al., 2024).
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Figure 4: Prediction performance on the terminal frames of ABCA trajectories with different navigation ranges.
Top: last 61 frames in ABCA-30. Bottom: last 101 frames in ABCA-50. We compare base model (no
compressed memory), trajectory packing only, and trajectory packing + memory retrieval. Incorporating memory
retrieval leads to substantial improvements, demonstrating that the model can exploit informative cues beyond
the most recent frames.
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Figure 5: Comparison of using trajectory packing only, memory retrieval only, and their combination in
WorldPack (ABA task, navigation range = 5). In the trajectory packing–only setting, the most recent 19
trajectories are compressed into a context of size 2.84. In the memory retrieval–only setting, the most recent
1 trajectory and 3 retrieved memories are used, yielding a context of size 4 without packing. While either
component alone provides modest improvements over the base model, the largest performance gain is obtained
when both are combined, demonstrating that the two mechanisms are essential for world modeling with long-term
spatial memory awareness.

In our experiments, we used the first 20 frames as context and generated the subsequent frames.
The quantitative results are shown in Table 3. These results demonstrate that WorldPack achieves
strong generative performance even on real-world data, confirming its effectiveness beyond simulated
environments.

6.5 ANALYSIS OF COMPUTATIONAL EFFICIENCY

We present the single-step inference time and memory costs for the diffusion model (Table 4).
Compared to the baseline, WorldPack significantly extends the visible length of past trajectories from
4 to 19 frames. Although the incorporation of memory compression and retrieval processes introduces
a slight overhead, the increase in inference time is marginal, at approximately 9%. Notably, memory
consumption is actually reduced; this is because the compression mechanism lowers the number of
tokens input into the CDiT (reducing the effective context from 4 frames to 2.84 frames, as shown in
the context column). These experimental results corroborate WorldPack’s ability to handle longer
trajectory lengths with high computational efficiency.

7 DISCUSSION AND LIMITATION

Our evaluation is conducted within simulator environments, under the assumption that they are
sufficient to assess the spatial memorization capability of video world models. We demonstrate both
qualitative and quantitative improvements across spatial memorization tasks and spatial reasoning

9
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Table 3: Evaluation of models on RECON dataset, real-world generation performance. Metrics include
DreamSim (↓), LPIPS (↓), PSNR (↑), and SSIM (↑).

Model Context Trajectory DreamSim ↓ LPIPS ↓ PSNR ↑ SSIM ↑
NWM 4 4 0.23 0.48 12.7 0.36
+ Packing 2.84 19 0.18 0.45 13.4 0.40
+ Packing & Memory 2.84 19 0.17 0.44 13.6 0.40

Table 4: Inference time and memory usage comparison.

Model Context Trajectory Inference Time (1-step, sec) Memory Usage (GB)
Baseline 4 4 0.430 22.08
WorldPack 2.84 19 0.468 21.78

tasks. Looking forward, it is essential to extend beyond simulator environments and incorporate
real-world data (Yang et al., 2023; Wu et al., 2022). In this study, we primarily focused on the
simulation ability of video world models and, therefore, evaluated their scene generation performance.
As a future direction, we believe that exploring policy learning and planning with video world
models (Alonso et al., 2024) will further deepen the discussion on the utility of spatial memory
capabilities.

8 CONCLUSION

In this paper, we introduce WorldPack, a long-context-aware video world model through context
compression. Memory retrieval module facilitates scene generation by selectively utilizing non-recent
contextual spatial information. Trajectory packing enables the retention of long-term information
without increasing computational costs by compressing past observations. We hope that this study
will further promote the handling of long-context memory in video world models.
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THE USE OF LARGE LANGUAGE MODELS

In this paper, we used LLMs mainly to polish writing and to propose paraphrasing.

REFERENCES

Eloi Alonso, Adam Jelley, Vincent Micheli, Anssi Kanervisto, Amos Storkey, Tim Pearce, and
François Fleuret. Diffusion for world modeling: Visual details matter in atari. arXiv preprint
arXiv:2405.12399, 2024.

Hritik Bansal, Zongyu Lin, Tianyi Xie, Zeshun Zong, Michal Yarom, Yonatan Bitton, Chenfanfu Jiang,
Yizhou Sun, Kai-Wei Chang, and Aditya Grover. Videophy: Evaluating physical commonsense for
video generation. arXiv preprint arXiv:2406.03520, 2024.

Amir Bar, Gaoyue Zhou, Danny Tran, Trevor Darrell, and Yann LeCun. Navigation world models,
2024. URL https://arxiv.org/abs/2412.03572.

Yochai Blau and Tomer Michaeli. The perception-distortion tradeoff. In 2018 IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pp. 6228–6237, 2018. doi: 10.1109/CVPR.2018.
00652.

Tim Brooks, Bill Peebles, Connor Holmes, Will DePue, Yufei Guo, Li Jing, David Schnurr, Joe
Taylor, Troy Luhman, Eric Luhman, Clarence Ng, Ricky Wang, and Aditya Ramesh. Video
generation models as world simulators, 2024. URL https://openai.com/research/
video-generation-models-as-world-simulators.

Jake Bruce, Michael Dennis, Ashley Edwards, Jack Parker-Holder, Yuge Shi, Edward Hughes,
Matthew Lai, Aditi Mavalankar, Richie Steigerwald, Chris Apps, et al. Genie: Generative
interactive environments. arXiv preprint arXiv:2402.15391, 2024.

Hila Chefer, Uriel Singer, Amit Zohar, Yuval Kirstain, Adam Polyak, Yaniv Taigman, Lior Wolf,
and Shelly Sheynin. VideoJAM: Joint appearance-motion representations for enhanced motion
generation in video models. In Forty-second International Conference on Machine Learning, 2025.
URL https://openreview.net/forum?id=yMJcHWcb2Z.

Boyuan Chen, Diego Marti Monso, Yilun Du, Max Simchowitz, Russ Tedrake, and Vincent Sitzmann.
Diffusion forcing: Next-token prediction meets full-sequence diffusion, 2024. URL https:
//arxiv.org/abs/2407.01392.

Decart, Julian Quevedo, Quinn McIntyre, Spruce Campbell, Xinlei Chen, and Robert Wachen. Oasis:
A universe in a transformer. 2024. URL https://oasis-model.github.io/.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, et al. An
image is worth 16x16 words: Transformers for image recognition at scale. arXiv preprint
arXiv:2010.11929, 2020.

Stephanie Fu, Netanel Tamir, Shobhita Sundaram, Lucy Chai, Richard Zhang, Tali Dekel, and Phillip
Isola. Dreamsim: Learning new dimensions of human visual similarity using synthetic data. In
Advances in Neural Information Processing Systems, volume 36, pp. 50742–50768, 2023.

Shenyuan Gao, Jiazhi Yang, Li Chen, Kashyap Chitta, Yihang Qiu, Andreas Geiger, Jun Zhang,
and Hongyang Li. Vista: A generalizable driving world model with high fidelity and versatile
controllability, 2024.

Google DeepMind. Veo 2, 2024. URL https://deepmind.google/technologies/veo/
veo-2/.

Albert Gu and Tri Dao. Mamba: Linear-time sequence modeling with selective state spaces. arXiv
preprint arXiv:2312.00752, 2023.

Albert Gu, Karan Goel, and Christopher Ré. Efficiently modeling long sequences with structured
state spaces. arXiv preprint arXiv:2111.00396, 2021.

11

https://arxiv.org/abs/2412.03572
https://openai.com/research/video-generation-models-as-world-simulators
https://openai.com/research/video-generation-models-as-world-simulators
https://openreview.net/forum?id=yMJcHWcb2Z
https://arxiv.org/abs/2407.01392
https://arxiv.org/abs/2407.01392
https://oasis-model.github.io/
https://deepmind.google/technologies/veo/veo-2/
https://deepmind.google/technologies/veo/veo-2/


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Junliang Guo, Yang Ye, Tianyu He, Haoyu Wu, Yushu Jiang, Tim Pearce, and Jiang Bian. Mineworld:
a real-time and open-source interactive world model on minecraft. arXiv preprint arXiv:2504.08388,
2025.

Xi Guo, Chenjing Ding, Haoxuan Dou, Xin Zhang, Weixuan Tang, and Wei Wu. Infinitydrive:
Breaking time limits in driving world models, 2024. URL https://arxiv.org/abs/2412.
01522.

Yingqing He, Tianyu Yang, Yong Zhang, Ying Shan, and Qifeng Chen. Latent video diffusion models
for high-fidelity long video generation. arXiv preprint arXiv:2211.13221, 2022.

Roberto Henschel, Levon Khachatryan, Daniil Hayrapetyan, Hayk Poghosyan, Vahram Tadevosyan,
Zhangyang Wang, Shant Navasardyan, and Humphrey Shi. Streamingt2v: Consistent, dynamic,
and extendable long video generation from text. arXiv preprint arXiv:2403.14773, 2024.

Jonathan Ho, William Chan, Chitwan Saharia, Jay Whang, Ruiqi Gao, Alexey Gritsenko, Diederik P
Kingma, Ben Poole, Mohammad Norouzi, David J Fleet, et al. Imagen video: High definition
video generation with diffusion models. arXiv preprint arXiv:2210.02303, 2022a.

Jonathan Ho, William Chan, Chitwan Saharia, Jay Whang, Ruiqi Gao, Alexey Gritsenko, Diederik P
Kingma, Ben Poole, Mohammad Norouzi, David J Fleet, et al. Imagen video: High definition
video generation with diffusion models. arXiv:2210.02303, 2022b.

Anthony Hu, Lloyd Russell, Hudson Yeo, Zak Murez, George Fedoseev, Alex Kendall, Jamie Shotton,
and Gianluca Corrado. Gaia-1: A generative world model for autonomous driving, 2023.

Xiaotao Hu, Wei Yin, Mingkai Jia, Junyuan Deng, Xiaoyang Guo, Qian Zhang, Xiaoxiao Long, and
Ping Tan. Drivingworld: Constructingworld model for autonomous driving via video gpt. arXiv
preprint arXiv:2412.19505, 2024.

Yucheng Hu, Yanjiang Guo, Pengchao Wang, Xiaoyu Chen, Yen-Jen Wang, Jianke Zhang, Koushil
Sreenath, Chaochao Lu, and Jianyu Chen. Video prediction policy: A generalist robot policy with
predictive visual representations. In Forty-second International Conference on Machine Learning,
2025. URL https://openreview.net/forum?id=c0dhw1du33.

Yang Jin, Zhicheng Sun, Ningyuan Li, Kun Xu, Kun Xu, Hao Jiang, Nan Zhuang, Quzhe Huang,
Yang Song, Yadong Mu, and Zhouchen Lin. Pyramidal flow matching for efficient video generative
modeling. 2024.

Bingyi Kang, Yang Yue, Rui Lu, Zhijie Lin, Yang Zhao, Kaixin Wang, Gao Huang, and Jiashi Feng.
How far is video generation from world model?: A physical law perspective. arXiv preprint
arXiv:2406.16860, 2024.

Jihwan Kim, Junoh Kang, Jinyoung Choi, and Bohyung Han. Fifo-diffusion: Generating infinite
videos from text without training. NeurIPS, 2024.

Diederik P Kingma and Max Welling. Auto-encoding variational bayes. arXiv preprint
arXiv:1312.6114, 2013.

Akio Kodaira, Tingbo Hou, Ji Hou, Masayoshi Tomizuka, and Yue Zhao. Streamdit: Real-time
streaming text-to-video generation, 2025. URL https://arxiv.org/abs/2507.03745.

Kewei Lian, Shaofei Cai, Yilun Du, and Yitao Liang. Toward memory-aided world models: Bench-
marking via spatial consistency, 2025. URL https://arxiv.org/abs/2505.22976.

Xiaofeng Mao, Shaoheng Lin, Zhen Li, Chuanhao Li, Wenshuo Peng, Tong He, Jiangmiao Pang,
Mingmin Chi, Yu Qiao, and Kaipeng Zhang. Yume: An interactive world generation model. arXiv
preprint arXiv:2507.17744, 2025.

Y. Oshima, M. Suzuki, Y. Matsuo, and H. Furuta. Inference-time text-to-video alignment with
diffusion latent beam search, 2025. arXiv preprint arXiv:2501.19252.

12

https://arxiv.org/abs/2412.01522
https://arxiv.org/abs/2412.01522
https://openreview.net/forum?id=c0dhw1du33
https://arxiv.org/abs/2507.03745
https://arxiv.org/abs/2505.22976


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Yuta Oshima, Shohei Taniguchi, Masahiro Suzuki, and Yutaka Matsuo. SSM meets video diffusion
models: Efficient video generation with structured state spaces. In 5th Workshop on practical
ML for limited/low resource settings, 2024. URL https://openreview.net/forum?id=
jzbeme6FdW.

William Peebles and Saining Xie. Scalable diffusion models with transformers, 2023. URL https:
//arxiv.org/abs/2212.09748.

Ryan Po, Yotam Nitzan, Richard Zhang, Berlin Chen, Tri Dao, Eli Shechtman, Gordon Wetzstein,
and Xun Huang. Long-context state-space video world models, 2025. URL https://arxiv.
org/abs/2505.20171.

Haonan Qiu, Menghan Xia, Yong Zhang, Yingqing He, Xintao Wang, Ying Shan, and Ziwei Liu.
Freenoise: Tuning-free longer video diffusion via noise rescheduling, 2023.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Björn Ommer. High-
resolution image synthesis with latent diffusion models. arXiv preprint arXiv:2112.10752, 2022.

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-net: Convolutional networks for biomedical
image segmentation, 2015.

David Ruhe, Jonathan Heek, Tim Salimans, and Emiel Hoogeboom. Rolling diffusion models, 2024.
URL https://arxiv.org/abs/2402.09470.

Lloyd Russell, Anthony Hu, Lorenzo Bertoni, George Fedoseev, Jamie Shotton, Elahe Arani, and
Gianluca Corrado. Gaia-2: A controllable multi-view generative world model for autonomous
driving, 2025.

Dhruv Shah, Benjamin Eysenbach, Nicholas Rhinehart, and Sergey Levine. Rapid Exploration for
Open-World Navigation with Latent Goal Models. In 5th Annual Conference on Robot Learning,
2021. URL https://openreview.net/forum?id=d_SWJhyKfVw.

Dhruv Shah, Ajay Sridhar, Arjun Bhorkar, Noriaki Hirose, and Sergey Levine. GNM: A General
Navigation Model to Drive Any Robot. In arXiV, 2022. URL https://arxiv.org/abs/
2210.03370.

Kiwhan Song, Boyuan Chen, Max Simchowitz, Yilun Du, Russ Tedrake, and Vincent Sitzmann.
History-guided video diffusion, 2025. URL https://arxiv.org/abs/2502.06764.

Ajay Sridhar, Dhruv Shah, Catherine Glossop, and Sergey Levine. Nomad: Goal masked diffusion
policies for navigation and exploration. In 2024 IEEE International Conference on Robotics and
Automation (ICRA), pp. 63–70, 2024. doi: 10.1109/ICRA57147.2024.10610665.

Jianlin Su, Yu Lu, Shengfeng Pan, Ahmed Murtadha, Bo Wen, and Yunfeng Liu. Roformer: Enhanced
transformer with rotary position embedding, 2023. URL https://arxiv.org/abs/2104.
09864.

Dani Valevski, Yaniv Leviathan, Moab Arar, and Shlomi Fruchter. Diffusion models are real-time
game engines. arXiv preprint arXiv:2408.14837, 2024.

Xiaofeng Wang, Zheng Zhu, Guan Huang, Xinze Chen, Jiagang Zhu, and Jiwen Lu. Drivedreamer:
Towards real-world-driven world models for autonomous driving. arXiv preprint arXiv:2309.09777,
2023.

Zhou Wang, A.C. Bovik, H.R. Sheikh, and E.P. Simoncelli. Image quality assessment: from error
visibility to structural similarity. IEEE Transactions on Image Processing, 13(4):600–612, 2004.

Philipp Wu, Alejandro Escontrela, Danijar Hafner, Ken Goldberg, and Pieter Abbeel. Daydreamer:
World models for physical robot learning. Conference on Robot Learning, 2022.

Ziyi Wu, Anil Kag, Ivan Skorokhodov, Willi Menapace, Ashkan Mirzaei, Igor Gilitschenski, Sergey
Tulyakov, and Aliaksandr Siarohin. DenseDPO: Fine-grained temporal preference optimization
for video diffusion models. NeurIPS, 2025.

13

https://openreview.net/forum?id=jzbeme6FdW
https://openreview.net/forum?id=jzbeme6FdW
https://arxiv.org/abs/2212.09748
https://arxiv.org/abs/2212.09748
https://arxiv.org/abs/2505.20171
https://arxiv.org/abs/2505.20171
https://arxiv.org/abs/2402.09470
https://openreview.net/forum?id=d_SWJhyKfVw
https://arxiv.org/abs/2210.03370
https://arxiv.org/abs/2210.03370
https://arxiv.org/abs/2502.06764
https://arxiv.org/abs/2104.09864
https://arxiv.org/abs/2104.09864


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Zeqi Xiao, Yushi Lan, Yifan Zhou, Wenqi Ouyang, Shuai Yang, Yanhong Zeng, and Xingang
Pan. Worldmem: Long-term consistent world simulation with memory, 2025. URL https:
//arxiv.org/abs/2504.12369.

Mengjiao Yang, Yilun Du, Kamyar Ghasemipour, Jonathan Tompson, Dale Schuurmans, and Pieter
Abbeel. Learning interactive real-world simulators. arXiv preprint arXiv:2310.06114, 2023.

Shengming Yin et al. Nuwa-xl: Diffusion over diffusion for extremely long video generation. arXiv
preprint arXiv:2303.12346, 2023.

Jiwen Yu, Jianhong Bai, Yiran Qin, Quande Liu, Xintao Wang, Pengfei Wan, Di Zhang, and Xihui
Liu. Context as memory: Scene-consistent interactive long video generation with memory retrieval.
arXiv preprint arXiv:2506.03141, 2025.

Lvmin Zhang and Maneesh Agrawala. Packing input frame contexts in next-frame prediction models
for video generation. Arxiv, 2025.

Richard Zhang, Phillip Isola, Alexei A Efros, Eli Shechtman, and Oliver Wang. The unreasonable
effectiveness of deep features as a perceptual metric. In CVPR, 2018.

Guosheng Zhao, Xiaofeng Wang, Zheng Zhu, Xinze Chen, Guan Huang, Xiaoyi Bao, and Xingang
Wang. Drivedreamer-2: Llm-enhanced world models for diverse driving video generation. arXiv
preprint arXiv:2403.06845, 2024.

Chuning Zhu, Raymond Yu, Siyuan Feng, Benjamin Burchfiel, Paarth Shah, and Abhishek Gupta.
Unified world models: Coupling video and action diffusion for pretraining on large robotic datasets.
In Proceedings of Robotics: Science and Systems (RSS), 2025.

14

https://arxiv.org/abs/2504.12369
https://arxiv.org/abs/2504.12369


756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

APPENDIX

A PREDICTION PERFORMANCE FOR LAST FRAMES
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Figure 6: Prediction performance on the terminal frames of ABCA trajectories with different navigation ranges.
Top: last 21 frames in ABA-5 and ABCA-5. Bottom: last 31 frames in ABA-15 and ABCA-15. We compare
base model (no compressed memory), trajectory packing only, and trajectory packing + memory retrieval.
Incorporating memory retrieval leads to substantial improvements, demonstrating that the model can exploit
informative cues beyond the most recent frames.
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Figure 7: Prediction performance on the terminal frames of ABCA trajectories with different navigation ranges.
Top: last 61 frames in ABA-30 and ABCA-30. Bottom: last 101 frames in ABA-50 and ABCA-50. We compare
base model (no compressed memory), trajectory packing only, and trajectory packing + memory retrieval.
Incorporating memory retrieval leads to substantial improvements, demonstrating that the model can exploit
informative cues beyond the most recent frames.
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