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Fig. 1: Teaser Demonstration. We propose a novel memory mechanism for video
world models through learning-based adaptive context querying. Compared to prior
rule-based context retrieval methods [34, 55, 62], our approach handles scenes with
occlusions and dynamic objects. This �gure highlights dynamic objects, representative
occluders, video generation trajectory, and key frames.

Abstract. Video World Models are interactive video generation models
that predict future world states based on user actions and history video
frames. A critical challenge in video world models is the lack of memory,
causing inconsistent generated scenes over extended durations. Previous
methods explored rule-based context frame retrieval as memory, but they
fail to generalize in scenarios with scene occlusions and dynamic objects.
We propose MemLearner, a learning-based adaptive context query
method using query tokens to bridge context and predicted tokens. By
leveraging the video generation model itself for context querying, Mem-

Learner exploits pre-trained visual priors without training additional
modules from scratch, and incorporates e�cient strategies for training
and inference. We collect a dataset of long videos with scene occlusions
and dynamic objects, paired with camera pose annotations, and propose
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a multi-dataset training strategy leveraging both annotated rendered
and unannotated real-world videos. Extensive experiments demonstrate
that MemLearner signi�cantly outperforms prior video world models
in terms of scene consistency and memory, particularly under challenging
occlusion and dynamic scenarios.

Keywords: Video World Model · Interactive Video Generation · Video
Di�usion Model

1 Introduction

World Models [21] understand and simulate world dynamics by taking historical
world states and interactive actions as input to predict new states. World states
can be represented as language [8], latent representations [4,21,68], 3D/4D [32,
60], or videos [6,41]. Among these, Video World Models are particularly promis-
ing [57,63,64] as videos photorealistically capture real-world dynamics, and abun-
dant internet video data o�ers signi�cant scaling potential. Despite signi�cant
progress made in generating short video clips, Video World Models still face
signi�cant challenges of scene consistency over extended durations, caused by
insu�cient memory mechanisms.

The memory issue in Video World Models arises when later generated scenes
become inconsistent with earlier ones due to limited context windows. Existing
methods address this challenge by di�erent memory representations: 3D recon-
struction [38,40,44,53,61,66], compressed feature representations [27,43,67,69],
and retrieving key context frames [12,34,55,62]. Context retrieval is particularly
promising as it eliminates additional costs and potential errors caused by 3D
reconstruction or history compression.

However, existing context retrieval methods are rule-based, relying on FOV
overlap [55, 62] or point cloud estimation and surfel matching [34], facing sev-
eral fundamental limitations in complex scenes with occlusions and dynamic
objects. For example, FOV-based context retrieval [62] cannot account for oc-
cluding walls between camera views, point-cloud-based retrieval methods can-
not accurately reconstruct moving objects. Moreover, these hard-coded retrieval
rules fail to take generalized and dynamic environments with state changes into
consideration. These limitations motivate a paradigm shift: rather than
using hand-crafted rules to retrieve context, we propose a new mem-
ory mechanism that enables the network to learn to adaptively query
information from historical frames through end-to-end training.

We formulate history-conditioned video generation as predicting future frames
based on historical context frames. To design a learning-based context query
method, we introduce query tokens (Q tokens) as an information bridge between
context tokens (C tokens) and predicted tokens (P tokens) (Fig. 2 (a)):Q tokens
attend to C tokens to adaptively extract context information, while P tokens
attend toQ tokens as the generation condition. A key design choice is to leverage
the video generation model itself for context querying, rather than introducing
a separate module. Speci�cally, we feed all C, Q, and P tokens together into the
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Fig. 2: Architecture clari�cation. (a) Interaction mechanism among C, Q, and
P tokens; (b)&(c) Two designs for context querying, where the alternative design in
(b) fails in experiments (Sec. 5.4), and the adopted design in (c) leverages the prior
knowledge of the video generation model itself and performs e�ectively.

video generation model (Fig. 2 (c), detailed in Sec. 3.2), exploiting the model's
pre-trained visual priors without additional scratch-trained modules. To further
reduce the computational cost of context querying over long video sequences, we
propose two e�cient strategies for training and inference (Sec. 3.3).

Training learning-based context querying requires a long video dataset with
occlusion, dynamic objects, camera pose annotations, and su�cient diversity.
However, no existing datasets [37,50,62,70] fully meet these criteria. Real-world
videos (e.g., YouTube) provide diverse and dynamic content but lack precise
camera pose annotations, while rendered videos (e.g., Unreal Engine) o�er accu-
rate poses but su�er from limited visual realism and diversity. To address this,
we make two contributions. First, we collect a rendered dataset with customized
occlusions and dynamic objects (Sec. 4.1). Second, we propose a multi-dataset
training strategy that assigns a dedicated camera encoder to each dataset type,
where unannotated data is fed with zero camera parameters. By isolating distinct
annotation qualities into separate encoders, the model simultaneously leverages
the strengths of diverse data sources without mutual interference (Sec. 4.2).

Our contributions can be summarized as follows:

� We proposeMemLearner, a learning-based adaptive context query method
that utilizes query tokens to extract valid memory from context tokens, en-
abling memory-augmented Video World Models with improved consistency
and generalization.

� We collect a customized video world model dataset based on Unreal Engine,
incorporating occlusion and dynamic objects, and propose a multi-dataset
training strategy to leverage the advantages of both rendered and real videos.

� Extensive experiments demonstrate that MemLearner signi�cantly out-
performs previous Video World Models in terms of scene consistency and
memory, particularly under occlusion and dynamic object scenarios.
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2 Related Work

2.1 Video World Models

World Model. The World Model [21] refers to a system that takes historical
world state and current action as input to predict future world state. Its primary
purpose is to understand and simulate the evolving process of the world. The
world state can be represented in various forms, such as language [8], semantic
representations [4, 68], 3D/4D [32,60], and videos [6, 41]. Recently, due to video
photorealism, large data volumes, and breakthroughs in video generation models,
Video World Models are considered a promising path to World Models [57,64,64].

Video Generation Models. Mainstream video generation models now use the
Di�usion Transformer (DiT) [41,42] architecture, enabling highly realistic video
creation [7, 16, 29, 31, 41, 45, 49, 59]. Other architectures include next-token pre-
diction [14, 30, 51, 56] and hybrid approaches [11, 17, 35], but fall short of DiT
in generation quality. Interactive control in video generation includes camera
pose [5,22,52], trajectory [18,52], and action control [48,65,71], with applications
in �lm production, game video control, and robotic simulation. Streaming video
generation conditions on previously generated frames to create new content, with
both frame-by-frame [11,46,67] and chunk-by-chunk methods [1,62,65] primarily
using DiT. Long video generation su�ers from error accumulation, which several
methods address [13,25,36,39,58]. Since our work focuses on learnable memory
rather than ultra-long generation, we do not discuss error accumulation.

2.2 Memory Mechanism for Video World Models

Memory capability in video world models refers to generating consistent long
videos, especially when revisiting scenes or objects. It is a fundamental pre-
requisite for planning, interaction and state modeling, as these core capabili-
ties rely on retaining past visual memories. However, many methods struggle
with this [15, 26, 46, 48], due to limited context windows that cannot retain
su�cient historical information. To address this, additional conditional infor-
mation is necessary. Existing approaches fall into three paradigms: (1) 3D as
memory [38, 40, 44, 53, 61, 66]: reconstructing 3D representations from historical
frames and rendering new initial frames as conditions; (2) Feature as mem-
ory [27, 69]: extracting semantic features from historical frames or maintain-
ing learnable features injected into the generation model; (3) Context as mem-
ory [12, 24, 34, 43, 47, 55, 62, 67]: directly using historical frames as conditions.
Among these, context memory is the most straightforward. However, incorpo-
rating all historical contexts introduces prohibitive computational overhead.

Some works propose context retrieval to select historical contexts relevant
to current generation. Conditioning on only retrieved frames signi�cantly re-
duces computational overhead. Existing methods typically rely on rule-based
retrieval [34,55,62], which lack generalization across videos and scenes. We pro-
pose a learning-based context query method enabling the model to learn
to query useful historical information, thereby achieving learnable memory.
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Fig. 3: Model Architecture. Our video generation model adopts a Di�usion Trans-
former. We concatenate C, Q, P tokens for context-conditioned long video generation.
An optional camera encoder supports interactive control.

2.3 Learnable Query Tokens in Various Domains

Learnable query tokens have been widely adopted for compressing visual con-
text across various domains: In multimodal language models, Perceiver Resam-
pler [2] and Q-Former [33] use learnable queries to aggregate visual features for
language model consumption; In video understanding, adaptive frame selection
methods [3, 9, 54] employ learnable strategies to identify informative frames for
recognition and reasoning tasks. Our work addresses a fundamentally di�erent
problem: memory issue in video world models, where query tokens serve as an
information bridge between context tokens and predicted tokens, adaptively ex-
tracting �ne-grained, token-level information across multiple historical frames to
support consistent video generation under occlusion and dynamic scenarios.

3 MemLearner

3.1 Preliminaries

Our approach is built upon a latent video di�usion model with a causal 3D
VAE [28] and Di�usion Transformer (DiT) [42]. As shown in Fig. 3, each DiT
block sequentially contains spatial (2D) attention, spatial-temporal (3D) atten-
tion, cross-attention, and feed-forward networks (FFN). The 3D VAE encoder
compresses a video frame sequence x temporally and spatially into latent repre-
sentations z = E(x), and the DiT is trained to predict noise scaled and added
to z via a standard di�usion objective. We integrate camera control [5, 52] by
injecting camera poses cam = [R, t] ∈ Rf×(3×4) into the model via a one-layer
MLP encoder Ec(·), added to features between the 2D and 3D attention lay-
ers. Note that camera control only guides the trajectory of generated videos; our
learning-based context query method does not rely on camera poses, as validated
in Sec. 5.5. For long video generation, we follow a chunk-by-chunk autoregressive
paradigm: historical context frame latents h are concatenated with the to-be-
generated latents z along the frame dimension and fed jointly into the model,
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with the di�usion loss applied only to z. This preserves the model's generative
priors without architectural modi�cations.

3.2 Learning to Query Context

Introducing Adaptive Query Tokens. Our key insight is that di�erent predicted
frames require di�erent guidance information from context frames, and even
within the generation of a single frame, di�erent denoising stages of the di�usion
process need to emphasize di�erent aspects of historical information. We verify
this via attention similarity analysis in Supplementary Material Sec. C.2: query
tokens exhibit markedly di�erent attention distributions across predicted frames
and di�usion timesteps, with early timesteps attending more broadly to context
while later timesteps focus on �ne-grained local correspondences. Naive history
compression or rule-based keyframe retrieval fail to tackle complex scenarios
such as occlusion and dynamic objects. To enable adaptive memory, we introduce
learnable query tokensQ that bridge context and generation. These query tokens
dynamically extract relevant information from context tokens C and guide the
generation of predicted tokens P. Importantly, this querying mechanism can be
learned end-to-end via indirect supervision from the di�usion loss on P alone,
without explicit supervision for a dedicated querying module.

Architecture Design Insights. The intuitive design introduces an additional con-
text query module, as in Fig. 2 (b). However, our experiments show that when
jointly training the architecture, the from-scratch context query module fails to
learn useful information. Attention similarity analysis (Supplementary Material
Sec. C.2) con�rms that this module produces near-zero similarity between query
and context tokens, indicating a failure to establish meaningful context modeling;
this in turn hinders gradient propagation to the video generation model, which
consequently ignores the module's output and degrades to a text-to-video model
(Sec. 5.4). As in Fig. 2 (c), our design avoids a separate from-scratch module
and instead leverages the pre-trained video generation model itself for context
querying. This o�ers clear advantages: (1) it exploits the model's prior knowl-
edge, reducing data and compute requirements; (2) end-to-end training naturally
learns context query capability without requiring additional input-output design
or supervision losses for a separate module.

Architecture Details. Our work is based on a latent video di�usion model. We
denote the video latent tokens as Z = {C,Q,P}, where C, Q and P denote
context, query, and predicted tokens, respectively. The di�usion model input is
the noisy token at timestep t, written as Zt = {C,Q,Pt}, where the context
tokens and query tokens remain unperturbed, while the predicted tokens are
noised only at the input (and not at any subsequent layer) via randomly sampled
Gaussian noise to obtain Pt, with the scaled and added noise being ϵ

P ∼ N (0, I).
The training loss for the entire architecture is:

L(θ) = E[||ϵθ(Zt, cam,p, t)|| − ϵP ], (1)
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Fig. 4: E�ciency Strategies. (a) Strategy#1: Context querying in shallow Query
Layers with C, Q, P tokens; deep Generative Layers use only Q, P tokens. (b) Strat-
egy#2: Remove unnecessary attention computation for improved e�ciency.

where θ denotes all learnable parameters. Note that supervision is applied only
to the noise predicted on predicted tokens. We concatenate C, Q and P along
the frame dimension and input them into the video DiT, where di�erent tokens
interact with each other in the 3D attention. For a 3D attention layer with input
Fin and output Fout, we have Fin = {C,Q,P} and Fout = {Cout,Qout,Pout}.
For brevity, we use C,Q, and P to denote the features corresponding to di�erent
tokens. We de�ne the linear computations in the attention block as q(·), k(·),
v(·), and o(·), which correspond to the operations for query, key, value, and
output. A standard 3D attention computation is:

Fout = Fin + o(sm(q(Fin)k(Fin)
⊤)v(Fin)),

= Fin + g(Fin, Fin, Fin),
(2)

where sm(·) denotes the softmax operation, and g(·, ·, ·) is a shorthand notation
indicating the inputs for query, key, and value operations, respectively. Consid-
ering that the context frame length may be very large, this computation in Eq. 2
is expensive and ine�cient.

3.3 E�cient Strategies

We present two simple yet e�ective strategies to improve the e�ciency of Eq. 2
during both training and inference.

Strategy #1: Query Only in Early Layers. Information querying is analogous
to encoding, which requires fewer parameters and computations than the gen-
eration model (e.g., video VAEs use far fewer parameters than video generation
models). Therefore, context querying can be performed only in the early shallow
layers, which our experimental results validate. Speci�cally, assuming the di�u-
sion transformer has n + m layers in total, we divide them into two types as
shown in Fig. 4 (a): n shallow Query Layers near the input and m deep Gener-
ative Layers near the output, where n ≪ m. Interactions among C, Q, and P
occur only in Query Layers, while Generative Layers process only Q and P.
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Strategy #2: Exclude Unnecessary Computations. We exclude unnecessary at-
tention computations by retaining only three essential patterns as shown in Fig. 4
(b): (1) Q as queries attending to P as keys/values, enabling Q to understand
what information to extract from context based on the prediction target; (2) Q
as queries attending to C as keys/values, enablingQ to extract information from
context; (3) P as queries attending to P and Q as keys/values, enabling P to
extract information from both. All other attention computations are excluded,
particularly those where C serve as queries, signi�cantly reducing computational
overhead. We provide experimental analysis of performance under di�erent at-
tention patterns in Sec. 5.5.

Combining the two strategies, we present the revised Eq. 2. For Query Layers:

Cout = C,

Qout = Q+ g(Q, {C,P}, {C,P}),
Pout = P+ g(P, {P,Q}, {P,Q}).

(3)

For Generative Layers, features of C are removed:

Qout = Q+ g(Q,P,P),

Pout = P+ g(P, {P,Q}, {P,Q}).
(4)

4 Dataset

4.1 Dataset Collection

To validate our method, we require a dataset with speci�c characteristics: long
videos, accurate per-frame camera annotations, occlusion relationships, dynamic
objects, and su�cient diversity. However, existing long video datasets do not
meet these requirements, as shown in Tab. 1. To address this, we collect a ren-
dered dataset based on Unreal Engine with the following two key designs: (1)
Customized scenes and dynamic objects. We curate a diverse collection
of scenes with occlusion relationships, including factories, streets, and natural
landscapes, as well as dynamic objects such as humans and animals with var-
ious actions. By combining di�erent scenes and dynamic objects, we construct
diverse dynamic scenarios. (2) Automated trajectory generation. To enable
automated trajectory generation with collision avoidance in dynamic scenes, we
implement a blueprint script in Unreal Engine. This script can randomly gener-
ate camera trajectories of arbitrary length with automatic obstacle avoidance,
and the traversal range is customizable. This signi�cantly improves our data col-
lection e�ciency. Using this pipeline, we collect 100 long videos across 13 scenes,
with each video averaging over 18000 frames, totaling 16.7 hours of video con-
tent. Additional details about data collection can be found in the Supplementary
Material Sec. A.
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Table 1: Comparison of long video datasets for video world models. No
existing dataset fully satis�es all four requirements: precise per-frame camera pose
annotations, occlusion relationships, dynamic objects, and revisit scenarios. We col-
lect a dataset meeting these requirements. 1HQ subset only. 2Available subset only.
3Insu�cient annotation accuracy. 4Not all frames are annotated. 5Primarily street
walking videos with limited occlusions. 6Filtered videos with reduced dynamics. 7Few
revisits without specialized design, especially for real-world data.

✔: Fully satis�ed ●: Partially satis�ed ✗: Not satis�ed

Dataset Source Style Duration Cam. Pose Occlusion Dynamic Revisit

CaM [62] Simulator Rendered 7.0 h ✔ ✗ ✗ ✔
SpatialVid [50] YouTube Real-World 1146.06 h1 ✔ ●5 ●6 ✗7

Sekai-real [37] YouTube Real-World 304.0 h1 ●3 ●5 ✔ ✗7

OmniWorld [70] Simulator Rendered 11.14 h2 ✗4 ✔ ✔ ●7

Ours Simulator Rendered 16.7 h ✔ ✔ ✔ ✔

4.2 Multi-Dataset Training Strategy

Video datasets can be categorized into three types based on camera pose an-
notation accuracy and visual realism: (1) Rendered data [62] with precise pose
annotations but non-photorealistic style and limited diversity; (2) Real-world
data with estimated poses [50], o�ering photorealistic style but less precise an-
notations and limited dynamics due to the �ltering required for accurate pose
estimation; and (3) Real-world data without accurate pose annotations [37],
providing photorealistic style, rich content diversity, and better dynamics, but
lacking accurate camera annotations.

To leverage the complementary strengths of these data sources, we propose a
multi-dataset training strategy that assigns a dedicated camera encoder to each
dataset type. Speci�cally, rendered data with precise poses and estimated-pose
data each use a separate camera encoder to process their respective camera anno-
tations, while data without reliable poses is fed with zero camera parameters (i.e.,
R = 0, t = 0) through a third dedicated camera encoder. By isolating di�erent
annotation qualities into separate encoders, datasets with varying pose accuracy
do not interfere with each other during training, allowing the model to bene�t
from precise pose supervision of rendered data, the realism of estimated-pose
data, and the diversity of unannotated real-world data simultaneously. During
inference, we use only the camera encoder trained on precisely annotated data
to ensure reliable camera control.

5 Experiments

5.1 Implementation Details.

In our implementation, P tokens correspond to 77 video frames per generation.
The number of Q tokens equals that of P tokens. Rather than using learnable
parameters, Q tokens are initialized as randomly sampled noise, which better
aligns with the input distribution of di�usion models. During training and infer-
ence, C tokens can be up to 9 times the length of P tokens, with the last frame of
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the C token sequence always matching the �rst frame of the P token sequence to
ensure continuity. During training, the length of C tokens is uniformly sampled
from 0 to 9 times the P token length, where 0 corresponds to training only the
image-to-video capability. We perform full �ne-tuning of the video generation
model on the collected dataset.

Our primary experiments are built upon an internal 1B-parameter text-to-
video di�usion transformer with 28 layers, of which 5 serve as Query Layers. We
select this model for its stronger visual quality than open-source models of com-
parable scale and far lower computational costs than larger alternatives (e.g ., 5B,
14B), enabling more comprehensive ablation studies with higher-quality base-
lines. To verify thatMemLearner generalizes across architectures, we addition-
ally apply our method to Wan2.1 (T2V-1.3B) [49], an open-source video DiT. As
detailed in Supplementary Material Sec. C.1,MemLearner achieves consistent
improvements over the CaM [62] baseline on the open-source model, con�rming
that our approach is architecture-agnostic and bene�ts from pre-trained priors
regardless of the speci�c backbone.

Videos are generated at 640 × 352 resolution, producing 77 frames with a
causal 3D VAE that applies a temporal compression ratio of 4, yielding 20-frame
video latents. We con�gure P tokens to represent 20 video latent frames, with
Q tokens matching the P token count, while C tokens can represent up to 180
video latent frames. Training is conducted for over 20,000 iterations with a batch
size of 8 and a learning rate of 5× 10−5. We explore two dataset con�gurations:
(1) Rendered-only: 50% from our collected dataset and 50% from CaM [62];
(2) Mixed: 75% rendered data (combining con�guration 1) and 25% real-world
data (12.5% Sekai-real [37] and 12.5% SpatialVid [50]). For sampling, we apply
Classi�er-Free Guidance [23] with 50 steps for text conditioning.

5.2 Evaluation Methods

For evaluation, we reserve a 5% held-out test set via random dataset partitioning
with no video overlap between training and test splits. Our evaluation protocol
includes: (1) FID/FVD to assess video visual quality; (2) PSNR/LPIPS to
measure memory capability by quantifying pixel-wise di�erences between frames.
Following prior work [62], we adopt two evaluation strategies for memory assess-
ment: (1) Ground truth comparison (GT Comp.): measuring whether pre-
dicted frames align with ground truth given context from ground truth frames.
With su�cient context, generated results should match the ground truth; (2)
Revisit comparison (Revisit Comp.): comparing newly generated revisit
frames against previously generated ones in long video sequences. For imple-
mentation, we test on simple camera trajectories where the camera rotates n
degrees with n ∼ U(90◦, 180◦) and returns, enabling straightforward identi�ca-
tion of corresponding frame pairs. We then compute PSNR/LPIPS between all
corresponding frame pairs from the outbound and return paths and average the
results, thereby evaluating consistency throughout the entire generation process
rather than just between the �rst and last frames.
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Fig. 5: Qualitative Results. MemLearner e�ectively handles both indoor (a, b)
and outdoor (c, Fig. 1) scenes with occlusions and dynamic objects.

(1) Prompt:  an ornate festival pier filled with glowing lanterns ... (2) Prompt:  A modern two-story house with light siding, ...

(3) Prompt:  a rustic wooden cabin beside neatly stacked ... (4) Prompt:  a cozy bedroom with a neatly made bed,  ...

Fig. 6: Real-World Qualitative Results. By incorporating real-world videos into
training dataset, MemLearner generalizes to real-world scenes.

To ensure evaluation diversity, we conduct experiments across multiple datasets
with distinct characteristics: our collected dataset with occlusions and dynamic
objects (Tab. 2, Fig. 7), the CaM dataset [62] without occlusions or dynamics
(Tab. 3), and the real-world SpatialVID dataset [50] (Supplementary Material
Sec. C.3), where MemLearner consistently outperforms baselines across all
three evaluation settings. We further provide a user study in Supplementary
Material Sec. C.4, in which MemLearner is preferred over other SOTAs in
terms of visual quality and scene consistency.

5.3 Qualitative Results

We present qualitative examples to illustrate MemLearner generation quality.
As shown in Fig. 5, our method handles diverse indoor/outdoor scenes with rich
occlusions and dynamic objects. We provide video demos in the supplementary
HTML for direct viewing. Since our mixed training uses real-world data, Mem-

Learner generalizes to real-world domains without adaptation. Fig. 6 shows the
model preserves scene layout and object appearance across revisits, con�rming
the learned query mechanism generalizes to real environments.

5.4 Comparison Results

In this section, we compare baselines and SOTAs: (1) DFoT [46], a long video
generation model without memory design; (2) FramePack [67], which hierar-
chically compresses history frames as conditions to retain limited memory; (3)
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Fig. 7: Qualitative Comparison. MemLearner achieves optimal memory and vi-
sual quality, demonstrating learning-based adaptive context query e�ectiveness. Other
methods show inconsistent memory performance.

Table 2: Quantitative Comparison. MemLearner outperforms all metrics. No-
tably, the Separate Module (Fig. 2 (b)) lacks context learning capability, indicating
joint training of a scratch module with pre-trained video DiT is ine�ective.

GT Comp. Revisit Comp.
Methods PSNR↑ LPIPS↓ FID↓ FVD↓ PSNR↑ LPIPS↓ FID↓ FVD↓ fps↑
DFoT [46] 16.98 0.4796 147.09 998.43 16.14 0.5481 151.38 1021.46 1.59

FP [67] 16.42 0.5104 143.97 967.97 15.86 0.5837 154.11 1037.58 1.40
VMem [34] 19.59 0.3872 129.94 850.17 17.30 0.4187 141.82 968.45 0.73
CaM [62] 19.85 0.3475 125.35 848.61 17.61 0.3934 137.87 948.63 0.97
Fig. 2 (b) 9.16 0.6567 145.63 930.54 - - - - 0.48
Ours 21.23 0.2904 112.75 835.98 18.57 0.3230 101.57 847.52 0.54

VMem [34], which achieves memory capability via a point-cloud-based retrieval
rule for context retrieval. (4) Context-as-Memory [62], which selects relevant
conditioning frames via FOV-overlap computation to provide e�ective memory;
(5) Separate Module, i.e., the design in Fig. 2 (b), where an additional �ve-layer
Transformer (with the same layer structure as the video DiT) serves as a context
query module. Its output channels are aligned with the video DiT's internal fea-
tures, eliminating the need for a patchify layer; (6) our proposedMemLearner.

For fair comparison, all methods are implemented using our codebase and
dataset. We evaluate both memory-related metrics (PSNR/LPIPS) and visual
quality metrics (FID/FVD). Results are summarized in Tab. 2 and Fig. 7.Mem-

Learner achieves the best performance across all metrics and benchmarks.
Separate Module achieves poor performance on GT Comp., as it fails to learn
conditioning on context information and behaves like a text-to-video model. This
demonstrates that jointly training a from-scratch context query module with a
pre-trained video generation model cannot e�ectively learn context query capa-
bility; instead, the video generation model ignores the context query module. In
contrast, MemLearner, which leverages the video generation model itself for
context querying, is signi�cantly more e�ective.
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Table 3: Quantitative comparison
on CaM dataset [62] (no occlu-
sions/dynamics). Small performance
gaps, widening sharply on our occlu-
sion/dynamic dataset (Tab. 2).

GT Comp. Revisit Comp.
Methods PSNR↑ LPIPS↓ PSNR↑ LPIPS↓
VMem [34] 19.84 0.3564 17.98 0.3633
CaM [62] 20.22 0.3003 18.11 0.3414
Ours 20.35 0.2975 18.29 0.3374

QC P

C

Q

P

as Query

as
 K

ey
/V

al
ue

 

QC P

C

Q

P

as Query

as
 K

ey
/V

al
ue

 

QC P

C

Q

P

as Query

as
 K

ey
/V

al
ue

 

(a) (b) (c)

Fig. 8: Attention computation settings
for ablation study in Tab. 4. Performance
impact of attention scope when Q tokens
act as queries.

Table 4: Ablation of Attention Compu-
tation: Settings (a)-(c) in Fig. 8. Critical
computation is Q queries attending to P
keys/values.

GT Comp. Revisit Comp.
Setting PSNR↑ LPIPS↓ PSNR↑ LPIPS↓ fps↑
(a) 21.23 0.2904 18.57 0.3230 0.54
(b) 21.19 0.2949 18.53 0.3342 0.51
(c) 17.27 0.4657 16.34 0.5107 0.56

Table 5: Ablation of camera embedding.
Even without camera poses for C tokens,
the model learns to query useful informa-
tion with no signi�cant performance drop.

GT Comp. Revisit Comp.
Add Camera Emb. PSNR↑ LPIPS↓ PSNR↑ LPIPS↓

All tokens 21.23 0.2904 18.57 0.3230

Only P tokens 21.17 0.2946 18.38 0.3384

In addition to our collected dataset, we also conduct quantitative evaluations
on CaM dataset [62], which lacks occlusion and dynamic object scenes as shown
in Tab. 1. Results in Tab. 2 and Tab. 3 show CaM and our method perform
comparably on CaM dataset (no occlusions/dynamics), while CaM degrades
sharply on our dataset and our method remains robust. This directly validates
our approach's e�ectiveness for handling occlusions and dynamic objects.

5.5 Ablation Study

Ablation of Attention Computation. As shown in Fig. 8, we compare three atten-
tion variants: (a) standard setting; (b) augmenting (a) with Q tokens as queries
attending to Q tokens as keys/values; (c) removing from (a) the pattern where
Q tokens as queries attend to P tokens as keys/values. Results in Tab. 4 show
that (b) matches (a) in performance, the added computation is non-critical and
removable. In contrast, (c) exhibits signi�cant performance degradation, demon-
strating that it is essential for Q tokens to extract guidance from P tokens to
determine what information to query from C tokens. We further analyze the ef-
fect of including C tokens as queries in Supplementary Material Sec. C.5, which
introduces substantial computational overhead with negligible bene�t.

Ablation of Query Layer Number. We ablate Query Layer count impact in Tab. 6.
Performance saturates at 5 layers, with computational overhead rising thereafter.
5 layers balance computational cost and memory performance.

Ablation of Camera Embedding. When injecting camera pose embeddings, pro-
viding them to P tokens is essential for interactive video generation. However, it
is unclear whether C tokens and Q tokens also require camera pose information.
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Table 6: Ablation of Query Layer Count:
5 layers balance computational cost and
memory performance.

GT Comp. Revisit Comp.
#Layer PSNR↑ LPIPS↓ PSNR↑ LPIPS↓ fps↑

1 18.16 0.4056 17.25 0.4144 0.61

3 19.43 0.3625 17.83 0.3808 0.58
5 21.23 0.2904 18.57 0.3230 0.54
10 21.36 0.2913 18.50 0.3214 0.46
20 21.37 0.2891 18.66 0.3217 0.36

Table 7: Mixed Dataset Training Abla-
tion: Real-world data alone cannot learn
memory capability (insu�cient revisit).

Revisit Comp. Real Quality
Datasets PSNR↑ LPIPS↓ FID↓ FVD↓
CaM [62] 18.35 0.3263 167.47 1368.01
Real [37,50] 15.32 0.6019 104.16 828.95

CaM+Real 18.27 0.3312 111.33 849.98
CaM+Ours 18.57 0.3230 161.83 1379.42
CaM+Ours+Real 18.49 0.3251 115.47 837.91

We investigate this in Tab. 5, comparing two settings: injecting camera poses
only into P tokens versus all tokens. For C tokens, we inject the corresponding
camera pose, while Q tokens receive the same as P tokens. Surprisingly, the
results show that even without providing camera poses to C and Q tokens, the
memory performance does not degrade signi�cantly. This suggests that video
generation models have the potential to learn geometric correspondences implic-
itly without explicit 3D information such as camera poses.

Ablation of Datasets. In Tab. 7, we ablate the impact of training with dif-
ferent dataset mixtures. `CaM' refers to the dataset proposed in Context-as-
Memory [62], `Real' denotes the mixture of SpatialVID [50] and Sekai-real [37]
real-world datasets, and `Ours' is our proposed dataset. When combining ren-
dered datasets `CaM' and `Ours', we use a 1:1 ratio, while rendered and real
datasets are mixed at a 3:1 ratio. The `Real Quality' metric measures the FID/FVD
distance between generated videos and real-world videos. We observe that train-
ing solely on real-world data fails to learn memory capabilities, as evidenced
by poor performance across all metrics, indicating insu�cient revisit patterns in
these real-world datasets. Models trained purely on rendered data produce videos
whose distribution deviates from real videos. Incorporating real data into train-
ing e�ectively improves the realism of generated videos, as further illustrated by
qualitative comparisons in Supplementary Material Sec. C.6.

6 Conclusion

In this work, we propose a paradigm shift for context memory in video world
models, transitioning from rule-based context retrieval to learning-based con-
text query. To validate our method, we collect rendered data with accurate
camera annotations, customized occlusions and dynamic objects, and su�cient
revisit patterns. We further propose a multi-dataset training strategy to e�ec-
tively leverage both rendered and real-world videos.

Limitations and Future Work. While MemLearner advances context memory
in video world models, the memory problem remains far from solved: (1) Ex-
panding model capacity and training data scale is imperative. At our current
1B model scale, scenes with many simultaneously interacting characters in large
environments remain challenging, as the model lacks su�cient capacity to track
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numerous dynamic entities. We observe that generation quality degrades notably
when more than �ve characters interact within the same scene, producing in-
consistent appearances or missing objects upon revisit. Scaling to larger models
and collecting long video data with richer dynamic interactions are necessary to
address this. (2) Current research, including ours, focuses on full context storage
and e�cient information retrieval/querying [10,19,20,34,43,55,62], yet memory
should not scale linearly with generation time. Notably, context compression is
orthogonal to our contribution: one can �rst compress context representations
and then apply our learned query mechanism on the compressed tokens. Explor-
ing compression, summarization, updating, editing and selective forgetting are
key future directions for practical, intelligent memory systems.
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