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Abstract

Video world models have attracted significant attention for
their ability to produce high-fidelity future visual obser-
vations conditioned on past observations and navigation
actions. Temporally- and spatially-consistent, long-term
world modeling has been a long-standing problem, unre-
solved even for recent state-of-the-art models, due to the
prohibitively high computational costs of long-context in-
puts. In this paper, we propose WorldPack, a video world
model with efficient compressed memory. This compres-
sion method allows the model to handle more frames with-
out increasing the number of context tokens. The com-
pressed memory consists of two key components: trajectory
packing, which enables the model to handle a significantly
larger number of frames while maintaining a constant token
length, and dynamic compression, which adjusts compres-
sion rates based on camera poses to incorporate 3D spa-
tial information into memory management. Together, these
mechanisms ensure consistent rollouts even in later stages,
where reliable spatial reasoning is crucial. Our perfor-
mance is evaluated using LoopNav, a Minecraft benchmark
specialized in long-term consistency, and RECON, a real-
world navigation dataset. We verify that WorldPack notably
outperforms strong state-of-the-art models across both do-
mains.

1. Introduction

Video world models, i.e., neural world simulators based
on video generation models, have recently attracted signif-
icant attention for their ability to produce high-fidelity fu-
ture visual observations conditioned on past observations
and navigation action [2, 6, 26, 73]. By predicting and
generating future visual observations from past observa-
tions and agent actions, these models hold the potential
to serve as alternatives to conventional simulation environ-
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ments. Their applications span a wide range of domains,
such as robotic simulation [4, 11, 36, 46, 85], autonomous
driving [19, 34, 59, 71, 84], and AI-driven content genera-
tion in game engines [1, 7, 69].

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 world models [13, 24]. This difficulty stems from the
prohibitively high computational cost of processing long-
context inputs, which limits existing models to relatively
short temporal windows [1, 4]. As a result, previously ob-
served information is easily discarded, leading to inconsis-
tencies 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, un-
dermining the reliability of such models as world simula-
tors.

In this paper, we propose WorldPack, a long-context-
aware video world model that achieves efficient 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: tra-
jectory packing, which enables the model to handle a sig-
nificantly larger number of frames while maintaining a con-
stant token length, and dynamic compression, which ad-
justs compression rates based on camera poses, including
both position and orientation, to incorporate 3D spatial in-
formation into the memory management process. Together,
these mechanisms ensure consistent rollouts even in later
stages, where reliable spatial reasoning is crucial. We adopt
the conditional diffusion transformer (CDiT) [4] as a base
backbone architecture and incorporate RoPE-based tempo-
ral embeddings [67], enabling effective utilization of mem-
ories regardless of their temporal distance from a target
scene.

Our experiments evaluate WorldPack on LoopNav [45],
a benchmark designed to assess long-horizon temporal- and
spatial-consistency in a Minecraft-based environment. On
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Figure 1. WorldPack consists of (1) CDiT with RoPE-based timestep embedding, (2) packing the trajectory into the context, and (3)
dynamic allocation of compression rate based on camera pose information.

both the spatial memory retrieval task, which measures the
ability to recall past observations, and the spatial reason-
ing task, which evaluates consistency under long-horizon
rollouts, WorldPack demonstrates superior scene prediction
performance. Furthermore, we extend our evaluation to the
RECON dataset [60] to demonstrate that WorldPack’s ef-
fectiveness is not limited to simulated environments. No-
tably, it substantially outperforms strong state-of-the-art
baselines such as Oasis, MineWorld [24], Diamond [1],
and NWM [4], as validated across multiple quality metrics,
including SSIM [72], LPIPS [83], FVD [68], PSNR, and
DreamSim [15].

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 plau-
sible dynamics from text [3, 6, 9, 21, 31, 32, 40, 50, 75].
Building on this progress, video world models have at-
tracted significant attention for their ability to generate
high-fidelity future visual observations conditioned on past
scene sequences and navigation actions [2, 26, 33, 38, 47,
48, 73]. Their applications span a wide range of domains,
such as game engines [7, 13, 24, 69], autonomous driv-
ing [19, 25, 34, 35, 59, 71, 84], and robotics [4, 11, 36, 46,
85]. These applications underscore the importance of main-
taining long-term temporal and spatial consistency, particu-
larly in decision-making tasks such as driving and naviga-
tion.

However, achieving such coherence remains an unre-
solved challenge, even for state-of-the-art models, due to

the prohibitively high computational costs required to pro-
cess a long sequence of observations in the model con-
text [13, 24]. Recent studies [74, 76, 80] propose spatial re-
trieval mechanisms that select past frames based on overlap-
ping fields of view, but the context window remains fixed,
limiting the amount of information that can be incorporated.

Long-Context Video Generation. In video generation,
extensive research has focused on extending fixed-length
generation horizons to long-term rollouts. Representative
directions include temporal super-resolution with coarse-to-
fine processing [31, 78], as well as architectural advances
aimed at capturing long-range dependencies [20, 22, 23,
49]. While these methods enable the generation of longer
videos, they ultimately remain constrained by fixed-length
outputs. One of the major research directions toward over-
coming this limitation is autoregressive long-term video
generation. These approaches generate videos sequentially
conditioned on recent frames [17, 28, 29, 39, 43, 53, 55, 77],
and include inference-time techniques that adapt pretrained
models to longer rollouts without retraining [41, 54], as well
as few-step model distillation methods [79].

However, autoregressive long-term video generation suf-
fers from error accumulation and memory forgetting as the
rollout length increases [70]. To mitigate error accumula-
tion, various stabilization methods have been explored, in-
cluding combining next-token prediction with full-sequence
diffusion [10, 58, 65], and training models to correct drift by
directly conditioning on their own generated frames during
autoregressive rollouts [12, 37, 52, 62, 81]. Recently, Zhang
and Agrawala [82] proposed compressing past frames at
varying rates when injecting them into the context, aiming
to retain long histories while reducing the impact of drift ac-



cumulated through autoregressive generation. However, the
compression schedule is primarily designed based on tem-
poral proximity (e.g., prioritizing recent frames), which is
suboptimal for tasks such as video world modeling, where
recalling past states should depend on view-dependent rel-
evance rather than temporal distance alone. In this work,
we transfer such context compression techniques for long-
context generation to the setting of video world modeling.

3. Preliminaries
We begin by extending latent diffusion models [56] to the
temporal domain, formulating video diffusion models [28,
30]. 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 [42], 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)

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 autoregres-
sive 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 natu-
rally 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 la-
tent 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) [4] as the backbone for history and action con-
ditioning and incorporates RoPE-based temporal embed-
dings [67], allowing effective use of memories regardless of

temporal distance (Section 4.1). The compressed memory
combines trajectory packing to efficiently handle a larger
number of frames (Section 4.2 and dynamic compression
to retain spatially important frames for consistent long-
horizon rollout (Section 4.3).

4.1. Video World Modeling with Conditional Diffu-
sion Transformer

Following Section 3, we design Fθ as a probabilistic map-
ping to simulate stochastic environments. To this end,
we employ CDiT [4], which is a temporally autoregres-
sive 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 to-
kens 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 incor-
porated. While a standard DiT [51] can be directly applied,
its computational complexity scales quadratically with con-
text length, i.e., O(m2n2d) for n tokens per frame, m
frames, and token dimension d. In contrast, CDiT is domi-
nated by the cross-attention complexity O(mn2d), which
scales linearly with context length, enabling the use of
longer contexts.

In addition, our model must integrate memory contexts
located at arbitrary temporal distances from the current
timestep. To achieve this, we adopt Rotary Position Em-
beddings (RoPE) [67] as a position-aware design. RoPE en-
ables consistent temporal representations regardless of vari-
able context length, providing stable embeddings even for
memory frames selected at arbitrary distances. This allows
memory-aware inference over sequences with long-term de-
pendencies.

4.2. Packing Trajectory into Context
Previous video world models have been constrained by a
fixed context length, which prevented them from incorpo-
rating long-term history. As a result, while they remained
sensitive to recent observations, it was challenging to pre-
dict scenes that depend on events further in the past. This
limitation caused errors to accumulate during rollouts, lead-
ing the generated trajectories to gradually diverge from the
original world [13, 24].

To overcome this issue, we propose trajectory pack-
ing. 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 importance: more important frames are preserved at
high resolution, while older frames are compressed and
stored at lower resolution.



Formally, let a sequence of important frames selected
from the historical trajectory be z0, z1, . . . , zN , where z0

represents the most important observation. Here, N repre-
sents the number of consecutive past frames maintained in
the context window. After the Transformer patchifying pro-
cess, each frame zi is assigned an effective context length
ℓi, determined by:

ℓi =
Lf

λdi
, (4)

where Lf denotes the base context length for high-
resolution frames and λ > 1 is a hyperparameter control-
ling the compression intensity. where Lf is the base con-
text length for the most recent frame, λ > 1 controls how
aggressively frames are compressed, and di represents the
priority index of the frame zi, determined by its 3D spa-
tial relevance and importance to the current prediction. A
lower di indicates a higher priority, resulting in a larger al-
location of tokens and higher visual fidelity. 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−1∑
i=0

Lf +

N∑
i=S

ℓi, (5)

where S denotes the number of “uncompressed slots”
reserved for the most critical observations. This design en-
sures that high-resolution details are preserved for immedi-
ate past observations, while more distant or redundant his-
torical frames are progressively compressed. Consequently,
the model can reason over vast temporal scales by fitting
significantly more frames into the same token budget.

In practice, we represent frames more efficiently by ap-
plying geometric compression [82]. Specifically, we set
compression ratios of 20, 22, and 24, which correspond to
context lengths of 2, 4, and 16, respectively, and train across
a total of 22 context lengths. Furthermore, to account for
distributional differences across compression levels, we as-
sign independent input projection layers for each compres-
sion 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 repre-
sentations that can handle memory contexts selected from
arbitrary historical contexts.

4.3. Dynamic Compression
While existing packing studies predominantly rely on fixed
compression rates, such as prioritizing the most recent
frames [82], our approach moves beyond this uniform ap-
proach. We leverage camera pose information and utilize
Field-of-View (FOV) overlap–based scoring [16, 76, 80]
to dynamically determine the compression ratio for each

frame, ensuring that information preservation is based on
3d world information rather than mere temporal proximity.

We first consider FOV overlap as a measure of how
strongly a past frame is related to the current observation
in three-dimensional space, quantifying the extent to which
the two frames observe common regions of the environ-
ment. Unlike temporal distance–based criteria, FOV over-
lap directly captures spatial relevance and viewpoint rela-
tionships. Based on this score, we dynamically adjust the
compression ratio for each frame, assigning lower compres-
sion rates to more important conditioning frames and higher
compression to less important ones. As a result, frames
that are temporally distant but spatially critical (i.e., those
that share strong three-dimensional correspondence with
the current viewpoint) are often overly compressed, leading
to the loss of important contextual information. By incorpo-
rating 3D co-visibility through FOV overlap, our approach
mitigates this issue and enables more faithful preservation
of spatially salient frames. Overall, dynamically control-
ling compression based on FOV overlap allows us to make
more effective use of spatially important frames, achieving
a better spatial consistency in long-term rollout.

5. Evaluation on Spatial Consistency
We primarily focus on evaluating the ability of video world
models to retain long-term spatial memory. For this pur-
pose, we leverage LoopNav [45], a benchmark constructed
in Minecraft environments. LoopNav is designed for loop-
style navigation tasks, where the agent explores a portion
of the environment and then returns to an earlier loca-
tion within it. This design provides a precise and targeted
method for testing whether a model can recall and recon-
struct previously observed scenes, making LoopNav a dis-
tinctive benchmark for evaluating spatial memory.

Spatial Memory Retrieval Task (ABA). The most ba-
sic 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. The return path from B to A constitutes the recon-
struction phase, during which the model must demonstrate
spatial consistency in regenerating observations from ear-
lier locations. Because the ground-truth sequence has al-
ready been observed, this scenario is best viewed as a spa-
tial 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 suc-
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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 en-
vironment on the longer return path C→A (red path), requiring
reasoning across accumulated spatial memory.

cess requires leveraging contextual knowledge to generate
coherent future observations rather than simply retrieving
frames.

Metrics. For evaluation, we use LPIPS [83] to as-
sess semantic-level perceptual fidelity, SSIM [72] to eval-
uate low-level structural alignment, and Fréchet Video Dis-
tance (FVD) [68] to evaluate video synthesis quality. We
further employ DreamSim [15], 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. Baselines

Oasis [13] is a world model that employs a ViT [14] as a
spatial autoencoder and a DiT [51] as the latent diffusion
backbone, trained with Diffusion Forcing [10]. It gener-
ates frames autoregressively with user-controllable condi-
tioning, and the publicly available Oasis-500M model is
evaluated with a context length of 32. Mineworld [24] is an
interactive world model based on a pure Transformer archi-
tecture that generates new scenes from paired game frames
and actions, with its pretrained checkpoint evaluated at a
context length of 15. DIAMOND [1] is a diffusion-based
world model built upon a UNet architecture [57], gener-
ating frames conditioned on past observations and actions,
and evaluated with a context length of 4. NWM [4] is a con-
trollable video generation model that predicts future obser-
vations conditioned on navigation actions, leveraging CDiT
with a context length of 4.
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Figure 3. Visualization of rollouts. We compare ground truth
(GT), NWM [4], and WorldPack. WorldPack can predict more
similar states than NWM, especially in the latter part of the roll-
outs.

6.2. Results

In the multi-step rollout generation (Table 1 and Table 2),
WorldPack, despite the shortest context length, outperforms
the baselines – Oasis, Mineworld, DIAMOND, and NWM
– in SSIM and LPIPS, and also surpasses NWM in PSNR,
DreamSim, and FVD. However, the SSIM results 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
at the expense of perceptual fidelity [5]. Indeed, Lian et al.
[45] also reported that SSIM exhibits only a weak correla-
tion 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).

Collectively, these results demonstrate consistent im-
provements across both the ABA and ABCA tasks, as evi-
denced by both quantitative metrics and qualitative assess-
ments. In particular, the proposed compressed memory
mechanism plays a crucial role in balancing high context
efficiency with long-term spatial consistency. Accommo-
dating a larger number of frames than uncompressed base-
lines allows the essential frames for world modeling to re-
main accessible even under the shortest context-length con-
straints.



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, and FVD (↓) measures temporal video quality.
We refer to baseline evaluation results from Lian et al. [45].

Nav. Range Model Context Frames SSIM ↑ LPIPS ↓ FVD ↓
ABA ABCA ABA ABCA ABA ABCA

5

Oasis 32 32 0.36 0.34 0.76 0.82 2615 2583
Mineworld 15 15 0.31 0.32 0.73 0.72 2089 1914
DIAMOND 4 4 0.40 0.37 0.75 0.79 3353 3336
NWM 4 4 0.33 0.31 0.64 0.67 1950 2240
WorldPack (ours) 4 22 0.41 0.35 0.51 0.58 1510 1449

15

Oasis 32 32 0.37 0.38 0.82 0.81 2516 3146
Mineworld 15 15 0.34 0.32 0.74 0.74 2367 2009
DIAMOND 4 4 0.38 0.39 0.78 0.79 3691 3302
NWM 4 4 0.30 0.33 0.67 0.65 2132 2338
WorldPack (ours) 4 22 0.38 0.41 0.55 0.54 1448 1339

30

Oasis 32 32 0.33 0.35 0.86 0.85 3131 3199
Mineworld 15 15 0.33 0.28 0.77 0.77 2316 2094
DIAMOND 4 4 0.37 0.35 0.81 0.81 3708 3473
NWM 4 4 0.32 0.30 0.69 0.71 1893 2437
WorldPack (ours) 4 22 0.32 0.34 0.63 0.60 1777 1618

50

Oasis 32 32 0.36 0.36 0.86 0.83 3334 3162
Mineworld 15 15 0.31 0.32 0.78 0.75 2077 2144
DIAMOND 4 4 0.37 0.38 0.83 0.81 3249 2994
NWM 4 4 0.28 0.33 0.72 0.65 2715 1537
WorldPack (ours) 4 22 0.36 0.36 0.57 0.59 2004 1440

Table 2. Evaluation of models on spatial memory (ABA) and rea-
soning (ABCA) tasks under different navigation ranges. PSNR
(↑) reflects pixel-level reconstruction accuracy, DreamSim (↓) cap-
tures perceptual similarity based on deep features.

Nav. Range Model PSNR ↑ DreamSim ↓
ABA ABCA ABA ABCA

5 NWM 12.1 11.5 0.34 0.36
WorldPack (ours) 13.2 12.1 0.28 0.34

15 NWM 10.7 11.8 0.44 0.37
WorldPack (ours) 12.8 12.6 0.32 0.31

30 NWM 10.7 10.0 0.46 0.47
WorldPack (ours) 11.3 11.4 0.42 0.38

50 NWM 9.4 10.3 0.52 0.47
WorldPack (ours) 11.9 11.6 0.35 0.37

6.3. Ablation Study

To evaluate the individual contributions of trajectory pack-
ing and dynamic compression, we conducted an ablation
study comparing the following four configurations. For a
fair comparison, all settings are constrained to a fixed con-

text size of four frames.

• Baseline: Following the standard approach [4], the four
most recent frames are used directly as the context.

• Nearest Frame Packing: Following the protocol in
Zhang and Agrawala [82], the 22 most recent frames
are compressed into a 4-frame context, with compres-
sion rates determined by temporal proximity.

• Memory Retrieval: Following the protocol in Xiao
et al. [76], Yu et al. [80], the context consists of the four
frames that exhibit the highest spatial similarity scores
based on FoV.

• WorldPack (ours): The 22 frames are compressed into
a 4-frame context, where compression rates are deter-
mined based on spatial similarity scores.

First, the results of the ablation study for ABA-5 in
LoopNav are presented in Table 3. The comparison be-
tween Nearest Frame Packing and WorldPack demonstrates
the effectiveness of dynamic compression, which adaptively
determines compression rates based on 3D-aware impor-
tance rather than employing a fixed rate. ‘ Furthermore,
the comparison between Memory Retrieval and WorldPack
highlights the efficacy of trajectory packing, which enables



Table 3. Ablation Study of WorldPack on ABA-5 in LoopNav. The comparison between Nearest Frame Packing and WorldPack demon-
strates the effectiveness of dynamic compression (DC), which adaptively determines compression rates based on 3D-aware importance
rather than employing a fixed rate. Furthermore, the comparison between Memory Retrieval and WorldPack highlights the efficacy of
trajectory packing (TP), which enables the handling of larger frame sizes without increasing context length by compressing past frame
information. Collectively, these results suggest that both components are vital for robust world modeling.

Method TP DC DreamSim ↓ LPIPS ↓ PSNR ↑ SSIM ↑ FVD ↓

Baseline % % 0.44 0.60 10.7 0.37 2030
Nearest Frame Packing ! % 0.40 0.60 11.4 0.34 1683
Memory Retrieval % ! 0.36 0.56 12.0 0.38 1694
WorldPack (ours) ! ! 0.32 0.55 12.8 0.38 1510

the handling of larger frame sizes without increasing con-
text length by compressing past frame information. Collec-
tively, these results suggest that both components are vital
for robust world modeling.

Next, for a more detailed analysis, Figure 4 illustrates
the transitions of each metric throughout a 301-frame roll-
out for the LoopNav ABA-50 and ABCA-50 tasks. Near-
est Frame Packing sometimes shows performance improve-
ments during the initial stages of the rollout, as it can main-
tain a larger context and allow for longer access to past
observations (e.g., in ABCA-50). However, as generations
progress, past observations are eventually evicted from the
context window, leading to a gradual degradation in gener-
ation quality. Memory Retrieval can extract past informa-
tion essential for prediction based on 3D spatial proximity
scoring. While this helps mitigate the divergence in gen-
eration quality to some extent, its effectiveness is limited
by the fixed context length, which restricts the total number
of frames the model can handle simultaneously. In con-
trast, WorldPack not only accesses task-relevant informa-
tion based on 3D spatial cues but also retains a significantly
larger number of frames within the context through frame
compression. Consequently, the model can effectively cor-
rect the generation by fully leveraging past observations,
thereby minimizing quality degradation. This advantage is
particularly evident in the latter segments of ABCA-50, a
spatial reasoning task, where WorldPack demonstrates sig-
nificant performance gains. In such spatial reasoning tasks,
the importance of past observations for accurate prediction
is maximized during the latter stages of the rollout (see Fig-
ure 2; Right). While WorldPack successfully leverages this
information to improve generation, other methods fail to re-
cover quality, either because they cannot access past obser-
vations or lack sufficient context capacity to retain them.

6.4. Experiments with Real-World Data
To verify the practical usefulness of WorldPack beyond sim-
ulator environments such as Minecraft, we conducted ex-
periments using real-world data. Specifically, we evaluated
our method on the RECON dataset [60], one of the most

commonly used datasets in prior video-generation world-
model studies [4, 61, 66]. In our experiments, we used
the first 80 frames as context and generated the subsequent
frames. The quantitative results are shown in Table 4. These
results demonstrate that WorldPack achieves strong gener-
ative 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 in Table 5. Compared to the base-
line, WorldPack extends the visible length of past frames
from 4 to 22 frames, a 5.5x increase in context length.
Notably, despite this substantial expansion, the computa-
tional overhead remains remarkably low. The inference
time increases by only approximately 16%, which is a
marginal increase given the additional temporal informa-
tion processed. Furthermore, memory consumption demon-
strates excellent scalability: while handling over five times
as many frames, the memory footprint increases by only
about 12%. These experimental results corroborate World-
Pack’s ability to maintain high computational efficiency and
scalability even when dealing with long-range trajectory de-
pendencies.

7. Discussion and Limitation

In this study, we focused on memory management for world
modeling and employed a 3D scoring mechanism based on
camera poses—a widely adopted approach in existing liter-
ature—to determine frame importance [38, 76, 80]. How-
ever, it has been noted that such scoring methods, which
rely heavily on 3D information, may underperform in com-
plex environments with occlusion [76]. Consequently, ex-
ploring more robust scoring metrics that can overcome
these constraints will be crucial for achieving more sophis-
ticated and reliable world modeling in the future. In ad-
dition, we primarily focused on the simulation capabili-
ties of video world models and therefore evaluated their
scene-generation performance. As a future direction, we be-
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Figure 4. Prediction performance on the terminal frames of ABCA trajectories with different navigation ranges. Top: 301 frames rollout in
ABA-50. Bottom: 301 frames rollout in ABCA-50. WorldPack not only accesses task-relevant information based on 3D spatial cues but
also retains a significantly larger number of frames within the context through frame compression. Consequently, the model can effectively
correct the generation by fully leveraging past observations, thereby minimizing quality degradation.

Table 4. Evaluation on RECON dataset, real-world generation perfor-
mance, including DreamSim (↓), LPIPS (↓), PSNR (↑), and SSIM (↑).

Model DreamSim ↓ LPIPS ↓ PSNR ↑ SSIM ↑ FVD ↓
Baseline 0.31 0.53 11.7 0.30 822
WorldPack 0.18 0.45 13.3 0.40 694

Table 5. Inference time and memory usage comparison.

Model Frames Inference Time
(1-step, sec)

Memory Usage
(GB)

Baseline 4 0.255 22.7
WorldPack 22 0.296 25.4

lieve that exploring policy learning and planning with video
world models [1] 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.
The memory retrieval module facilitates scene generation
by selectively using non-recent contextual spatial informa-
tion. Trajectory packing enables the retention of long-
term information without increasing computational costs
by compressing past observations. Dynamic compression
adaptively allocates compression rates based on spatial sim-
ilarity scores, prioritizing the most informative frames for
world modeling. We hope that this study will further pro-
mote the handling of long-context memory in video world
models.

References
[1] Eloi Alonso, Adam Jelley, Vincent Micheli, Anssi Kan-

ervisto, Amos Storkey, Tim Pearce, and François Fleuret.
Diffusion for world modeling: Visual details matter in atari.
arXiv preprint arXiv:2405.12399, 2024. 1, 2, 5, 8

[2] Philip J. Ball, Jakob Bauer, Frank Belletti, Bethanie Brown-
field, Ariel Ephrat, Shlomi Fruchter, Agrim Gupta, Kris-
tian Holsheimer, Aleksander Holynski, Jiri Hron, Christos
Kaplanis, Marjorie Limont, Matt McGill, Yanko Oliveira,
Jack Parker-Holder, Frank Perbet, Guy Scully, Jeremy Shar,
Stephen Spencer, Omer Tov, Ruben Villegas, Emma Wang,
Jessica Yung, Cip Baetu, Jordi Berbel, David Bridson,
Jake Bruce, Gavin Buttimore, Sarah Chakera, Bilva Chan-
dra, Paul Collins, Alex Cullum, Bogdan Damoc, Vibha
Dasagi, Maxime Gazeau, Charles Gbadamosi, Woohyun
Han, Ed Hirst, Ashyana Kachra, Lucie Kerley, Kristian
Kjems, Eva Knoepfel, Vika Koriakin, Jessica Lo, Cong
Lu, Zeb Mehring, Alex Moufarek, Henna Nandwani, Va-
leria Oliveira, Fabio Pardo, Jane Park, Andrew Pierson,
Ben Poole, Helen Ran, Tim Salimans, Manuel Sanchez,
Igor Saprykin, Amy Shen, Sailesh Sidhwani, Duncan Smith,
Joe Stanton, Hamish Tomlinson, Dimple Vijaykumar, Luyu
Wang, Piers Wingfield, Nat Wong, Keyang Xu, Christopher
Yew, Nick Young, Vadim Zubov, Douglas Eck, Dumitru Er-
han, Koray Kavukcuoglu, Demis Hassabis, Zoubin Ghahra-
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Appendix

A. The Use of Large Language Models
In this paper, we mainly used LLMs to polish writing and propose paraphrases.

B. Impact Statement
WorldPack advances the development of reliable ”world simulators” by improving long-term spatial consistency and fidelity
in video world models. It addresses the long-standing issue of landscapes or objects shifting or disappearing when returning
to a previously seen location, achieved through its unique trajectory packing and memory retrieval mechanisms. This allows
for the creation of highly consistent simulations that more closely mimic the real world.

This technology is expected to be highly effective in fields requiring extreme safety, such as autonomous driving and
robotics. Notably, it achieves high computational efficiency. This optimized approach provides a robust foundation for
agents to learn complex navigation tasks in environments that accurately reflect physical reality.

At the same time, high-fidelity video generation carries inherent ethical risks, such as the potential to spread misinforma-
tion through deepfakes or to create biased simulations based on training data. While these risks must be carefully managed,
the progress in physical consistency is a vital step toward AI truly understanding our world. It is hoped that this technology
will continue to develop in a positive direction, leading to safer, more sophisticated simulations.

C. Evaluation Metrics
To rigorously assess the semantic consistency of the world model outputs, we employ Learned Perceptual Image Patch
Similarity (LPIPS) [83] and DreamSim [15]. These metrics evaluate perceptual similarity based on deep features extracted
from neural networks. Specifically, LPIPS utilizes image classification models (e.g., AlexNet [44] or VGG [63]) as its
backbone to capture human perception of structural differences. Following Lian et al. [45], we used VGG as a backbone.

Additionally, we use Peak Signal-to-Noise Ratio (PSNR) to quantify pixel-level quality by measuring the ratio of the
maximum pixel value to the error; higher values indicate better quality.

To evaluate video synthesis quality, we use Fréchet Video Distance (FVD) [68]. FVD uses I3D [8] as its backbone to
compare the feature distributions of real and generated videos, with lower scores indicating higher visual quality.



D. Further Ablation Study
Encoding Spatial Information Helps World Modeling. We investigate the impact of encoding spatial information on world
modeling. Following Sitzmann et al. [64], Xiao et al. [76], we adopt Plücker embedding to convert 5D poses p ∈ R5 into
dense positional features PE(p) ∈ Rh×w×6, consistent with recent works [18, 27]. As shown in Table 6, removing the cam-
era pose embedding (w/o Camera Pose Embedding) results in performance degradation across key metrics, including
DreamSim and LPIPS. These results confirm that explicitly injecting spatial information via camera poses is highly effective
for enhancing the understanding of 3D structures and improving prediction accuracy in memory-based world modeling.

Too Much Compression Collapses World Modeling. Next, we examine the effect of compression rates in the tok-
enizer on model performance. While our main method employs a frame-wise tokenizer with packing limited to the spatial
dimension, this ablation study investigates configurations that incorporate temporal compression (Table 7).

First, we observed that compressing only the temporal dimension (+ Temporal Compression) improves perfor-
mance compared to the baseline. This improvement is likely due to temporal compression, which allows the model to handle
longer frame sequences within the same token budget, enabling the world model to leverage a broader range of past infor-
mation. However, when further spatial compression (+ Nearest Frame Packing) or spatio-temporal compression (+
Temporal Packing) is applied, the performance deteriorates. These findings suggest that excessive compression leads
to significant information loss, which outweighs the benefits of an extended context length. This confirms a critical trade-off
between representation density and context length in effective world modeling.

Table 6. Ablation for encoding spatial information.

Method DreamSim ↓ LPIPS ↓ PSNR ↑ SSIM ↑ FVD ↓
Baseline 0.44 0.60 10.7 0.37 2030
Memory Retrieval 0.36 0.56 12.0 0.38 1694
w/o Camera Pose Embedding 0.38 0.58 11.44 0.37 2067

Table 7. Ablation for compression rate and world modeling performance

Method Context Frames DreamSim ↓ LPIPS ↓ PSNR ↑ SSIM ↑ FVD ↓
Baseline 4 4 0.44 0.60 10.7 0.37 2030
+ Temporal Compression 4 16 0.36 0.57 11.5 0.36 1847
+ Nearest Frame Packing 4 88 0.37 0.59 11.4 0.36 1714
+ Temporal Packing 4 296 0.42 0.61 10.8 0.32 1899



E. Prediction Performance for Rollout
We describe LoopNav rollout results for ABA-{5, 15} and ABCA-{5, 15} in Figure 5, and for ABA-{30, 50} and ABCA-
{30, 50} in Figure 6.
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Figure 5. Prediction performance on the terminal frames of ABCA trajectories with different navigation ranges. Top: last 51 frames in
ABA-5 and ABCA-5. Bottom: last 101 frames in ABA-15 and ABCA-15. WorldPack not only accesses task-relevant information based
on 3D spatial cues but also retains a significantly larger number of frames within the context through frame compression. Consequently,
the model can effectively correct the generation by fully leveraging past observations, thereby minimizing quality degradation.
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Figure 6. Prediction performance on the terminal frames of ABCA trajectories with different navigation ranges. Top: last 201 frames in
ABA-30 and ABCA-30. Bottom: last 301 frames in ABA-50 and ABCA-50. WorldPack not only accesses task-relevant information based
on 3D spatial cues but also retains a significantly larger number of frames within the context through frame compression. Consequently,
the model can effectively correct the generation by fully leveraging past observations, thereby minimizing quality degradation.
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