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Abstract. Maintaining spatial world consistency over long horizons re-
mains a central challenge for camera-controllable video generation. Ex-
isting memory-based approaches often condition generation on globally
reconstructed 3D scenes by rendering anchor videos from the recon-
structed geometry in the history. However, reconstructing a global 3D
scene from multiple views inevitably introduces cross-view misalignment,
as pose and depth estimation errors cause the same surfaces to be re-
constructed at slightly different 3D locations across views. When fused,
these inconsistencies accumulate into noisy geometry that contaminates
the conditioning signals and degrades generation quality. We introduce
AnchorWeave, a memory-augmented video generation framework that
replaces a single misaligned global memory with multiple clean local geo-
metric memories and learns to reconcile their cross-view inconsistencies.
To this end, AnchorWeave performs coverage-driven local memory re-
trieval aligned with the target trajectory and integrates the selected local
memories through a multi-anchor weaving controller during generation.
Extensive experiments demonstrate that AnchorWeave significantly im-
proves long-term scene consistency while maintaining strong visual qual-
ity, with ablation and analysis studies further validating the effective-
ness of local geometric conditioning, multi-anchor control, and coverage-
driven retrieval. We provide more qualitative demonstration videos in
the supplementary material via an anonymized local webpage.

Keywords: Long-Horizon Video Generation · Memory-Augmented Gen-
eration · Spatial World Consistency · World Modeling

1 Introduction

Building video world models that can consistently generate and revisit the same
environments over long horizons under user control (such as keyboard direc-
tions [5, 8, 68], camera viewpoints [14, 29, 87], or human/robot actions [27] re-
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Fig. 1: Global 3D reconstruction accumulates cross-view misalignment, introducing
artifacts in the reconstructed geometry ((a), middle), which propagate to the gener-
ated video as hallucinations ((b), red boxes). In contrast, per-frame local geometry
inherently avoids cross-view misalignment and therefore remains clean ((a), right).
Conditioning on multiple retrieved local geometric anchors, AnchorWeave maintains
strong spatial consistency with the historical frames ((c), white and green boxes).

mains a central challenge in generative modeling. Recent image-to-video diffu-
sion and Transformer-based models [28,45,83] have significantly improved short-
term coherence and controllability, enabling clip-by-clip autoregressive genera-
tion [12,40,114] that follows camera trajectories. However, such models usually
lack persistent memory mechanisms, causing them to lose consistency with previ-
ously generated content when revisiting earlier regions of the environment [108].

To improve long-horizon world-consistent video generation, recent works [48,
92, 118] introduce explicit memory mechanisms that reconstruct a global 3D
scene from historical video clips. Specifically, they estimate camera poses and
per-frame geometry (e.g., depth maps), and fuse them into a unified 3D repre-
sentation such as a global point cloud. Generation is then conditioned on anchor
videos (i.e., videos rendered from the reconstructed 3D scene under target cam-
era trajectories) to enable spatial consistency. However, even state-of-the-art
3D reconstruction models struggle to maintain accurate global geometry under
dense, long-horizon views, making precise cross-view alignment difficult. Small
pose or depth estimation errors cause the same surfaces to be reconstructed
at slightly different 3D locations across views (Figure 1(a) middle artifacts);
when fused, these inconsistencies introduce structured noise into rendered an-
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chor videos, leading to ghosting or drift artifacts that degrade generation quality
(e.g., inconsistent or hallucinated content in Figure 1(b)).

We propose AnchorWeave, a 3D-informed, memory-aware video genera-
tion framework that avoids relying on a globally fused scene representation. Our
key insight is that cross-view misalignment artifacts can be mitigated by re-
placing a single global 3D memory with per-frame local point cloud memories,
as illustrated in Figure 1(c). Since local point clouds do not accumulate ghost-
ing or drift from multi-view fusion, they provide cleaner geometric signals for
rendering-based conditioning. While these rendered anchors may still exhibit
residual misalignment, we treat their reconciliation during generation as a learn-
able problem and resolve it through a learned multi-anchor weaving module.
Specifically, given a sequence of previously generated or observed frames, An-
chorWeave estimates and maintains per-frame local geometry as spatial memory
for long-horizon generation. To synthesize new content under a target camera
trajectory, AnchorWeave introduces a coverage-driven memory retrieval formu-
lation that iteratively selects the local memory that maximizes additional visibil-
ity coverage along the target trajectory. The selected memories are rendered as
multiple anchor videos for conditioning. A multi-anchor weaving controller with
shared cross-anchor attention and pose-guided fusion then weaves these anchors
into a unified control signal, enabling effective multi-anchor conditioning while
mitigating residual geometric inconsistencies. The newly generated frames are
updated to the history for subsequent generation, enabling AnchorWeave to it-
eratively extend the video through the update–retrieve–generate loop.

We compare AnchorWeave with multiple baselines spanning different mem-
ory conditioning paradigms, including global point cloud and implicit cross-view
conditioning, on RealEstate10K and DL3DV under a history-conditioned video
generation setting. AnchorWeave significantly improves visual quality and long-
horizon scene consistency, while generalizing well to open-domain images and
scenes. Ablation studies further validate the contribution of each component,
including local geometric memory, coverage-driven retrieval, and the geometry-
conditioned multi-anchor controller, supporting the effectiveness of conditioning
on local geometry and learning to handle misalignment.

2 Related Work

Camera-controllable video generation. Recent advances in video genera-
tion with camera controllability span text-to-video (T2V), image-to-video (I2V),
and video-to-video (V2V) settings. Early approaches primarily inject explicit
camera parameterizations (e.g., Plücker embeddings or pose tokens) into video
diffusion models for conditioning [1,2,30,31,37,49,51,52,54,55,78,86,87,89,99,
111,112,119,121]. To improve geometric faithfulness, subsequent works introduce
structured 3D guidance, such as conditioning on rendered point clouds or anchor
videos [6, 10, 36, 39, 47, 58, 65, 70, 71, 75, 101, 110, 113, 115, 117, 120, 124]. Another
line of research formulates camera control through trajectory tracking or motion
encoding as intermediate guidance [9,20,21,25,44,62,90,96]. In the V2V regime,
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some methods rely on test-time optimization or per-scene fine-tuning [67,76,105,
113], while others construct large-scale paired data from simulators such as Un-
real Engine5, Kubric, or Animated Objaverse [3,4,19,22,23,42,81,82,84,91,106].
Recent Approaches also incorporate structured 3D priors for controllable V2V
generation [7, 16, 38, 61, 66, 98, 102, 109]. Despite substantial progress, existing
camera-controllable video models are typically memoryless: they condition on
per-frame parameters, rendered anchors, or short local context, but lack an ex-
plicit, robust memory mechanism to maintain long-horizon spatial consistency
under complex camera motions. In contrast, we focus on equipping camera con-
trol models with a geometry-aware and retrieval-based memory design, enabling
robust long-horizon consistency and controllability beyond single-shot or short-
context conditioning.
Memory-augmented video generation. Recent video world models extend
long-horizon consistency by incorporating memory beyond the limited context
window of current generators. One line of work adopts retrieval-based mech-
anisms, treating past frames as external memory and retrieving relevant his-
tory for future synthesis [17,24,26,50,95,97,108]. Another line preserves spatial
structure through explicit 3D memory constructed from historical inputs, such
as maintaining global point clouds to support revisit consistency and camera
control [48, 48, 53, 60, 90, 92, 107, 118, 122]. A third direction leverages recurrent
or state-space models to enhance long-horizon temporal modeling [18, 35, 46,
69, 74, 116]. Several works also improve consistency or long-term quality by re-
designing attention or latent conditioning in autoregressive or diffusion-based
models [11, 13, 32, 34, 41, 59, 63, 64, 73, 77, 79, 80, 85, 93, 94, 100, 104, 114]. Among
them, the closest are 3D-based approaches including SPMem [92], Spatia [118],
MagicWorld [48] that rely on global 3D point cloud as memory. Instead of noisy
global reconstruction, we represent memory as local geometric anchors and per-
form multi-anchor joint conditioning for more stable long-horizon consistency.

3 Methodology: AnchorWeave

AnchorWeave is a world-consistent video generation framework that leverages
retrieved local spatial memories for long-horizon, camera-controlled generation.
It builds upon a standard video diffusion backbone (Section 3.1) augmented with
explicit spatial memory. Instead of fusing observations into a single global 3D
memory (i.e., global point cloud), AnchorWeave maintains a collection of per-
frame local geometric memories, each represented as a local point cloud with an
associated camera pose (Section 3.2). Given this memory bank, relevant memo-
ries are selected for a target camera trajectory using a coverage-driven, 3D-aware
retrieval strategy (Section 3.3) and rendered as anchor videos. These anchor
videos are integrated into the diffusion process through a Multi-anchor Weaving
Controller, which jointly reasons over multiple anchors via shared attention and
pose-guided fusion (Section 3.4). Finally, following [92] that condition on global
memory, AnchorWeave operates in an iterative update–retrieve–generate loop,
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where newly generated frames are converted into local geometric memories to
support long-horizon and consistent generation (Section 3.5).

3.1 Preliminary: Video Diffusion Models

We use standard DiT-based latent diffusion models (LDMs) [72] as backbone.
Specifically, given an RGB video with F frames, x ∈ RF×3×H×W , a pretrained
video autoencoder first compresses the input into a lower-dimensional latent ten-
sor: z = E(x) ∈ RF×C′×H′×W ′

, where H ′ and W ′ denote the spatially downsam-
pled resolution. To enable generative modeling, noise is injected into the latent
representation through a predefined scheduling strategy, such as DDPM [33] or
Flow Matching [57], producing a noisy latent zt at timestep t. A conditional dif-
fusion network Fθ(zt, t, ctext/img) is then trained to recover the underlying clean
signal by reversing this corruption process, where the model is conditioned on
the diffusion timestep and auxiliary inputs, including textual descriptions ctext
for text-to-video generation, and extra camera intrinsics and anchor videos ccam
for video generation with camera control. Training is performed by minimizing
the following objective: LLDM = Ez, ϵ∼N (0,I), t ∥ϵ− ϵθ(zt, t, ctext+cam)∥22 where ϵ
represents the sampled Gaussian perturbation and ϵθ denotes the noise estimate
produced by the model. This objective is used to train all diffusion components.

3.2 Local Geometric Memory Construction

We represent spatial memory as a set of per-frame local point clouds
rather than a single global 3D model, thereby avoiding the accumulation and
propagation of cross-view misalignment artifacts. The construction proceeds as
follows. We assume access to a history context consisting of previously observed
video frames, which can come from real-world inputs or earlier generated seg-
ments. These frames serve as the visual context from which spatial memory is
constructed and updated throughout long-horizon generation. Using this his-
tory context, we estimate per-frame local geometry and camera pose with a
pretrained 3D reconstruction model (e.g., TTT3R [15]). Each frame’s memory
is represented as a local point cloud together with its camera pose, which is
transformed into a shared world coordinate system and stored as an indepen-
dent spatial memory entry. This update can be performed incrementally only
for newly generated frames in practice.

3.3 Coverage-driven Memory Retrieval

With a large pool of history local memories, we aim to retrieve a compact subset
that can effectively guide generation for a target camera trajectory. We illustrate
the retrieval pipeline in Figure 2 and provide the complete retrieval procedure
in the Appendix.
Retrieval pipeline. Given a target camera trajectory of length T for the
next video segment, we divide it into T/D temporal chunks, each spanning D
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Fig. 2: Coverage-driven memory retrieval pipeline. Given a target camera, we first
select local memories whose camera FoVs partially overlap with the target camera view
to form a candidate memory pool. At each retrieval step, we greedily select the memory
that maximizes the newly covered visible area. Points invisible to the target camera
are highlighted in white (For example, in the top row, the white regions in the second
point cloud (compared to the first) correspond to areas outside the target camera’s
field of view as invisible regions). Si–Mj denotes memory j selected at retrieval step
i; the red box indicates the retrieved memory. In Si-Mj, regions already covered by
previously retrieved memories are marked in green . Only newly covered regions retain
their original RGB colors. No green regions appear in S1-Mj since 1st-step’s coverage
is empty. Retrieval terminates when uncovered region is 0%, the retrieval budget K is
exhausted, or the remaining memory pool is empty. For clarity, coverage is computed
with a single frame here, while in practice is aggregated over multiple frames per chunk.

frames, and perform memory retrieval independently for each chunk. We for-
mulate memory retrieval as a visibility coverage maximization problem:
the selected local memories should jointly maximize coverage along the target
camera trajectory within each chunk. Specifically, as shown in the upper part
of Figure 2, for each chunk, we first construct a candidate local memory pool
using a coarse field-of-view (FoV) overlap test to filter out clearly irrelevant lo-
cal memories. Among the remaining candidates, we iteratively select the local
memory that provides the largest new coverage of the currently uncovered region
along the chunk trajectory, shown in the bottom part of Figure 2, Retrieval stops
when the visible region is fully covered, the candidate pool is exhausted, or the
number of retrieved memories reaches the maximum K. This greedy strategy
yields a compact and complementary set of local memories per chunk, avoiding
redundant memories that offer little additional guidance.

Anchor-video construction and pose computation. For each chunk, we
retrieve up to K local memories. For each retrieved memory, we render anchor
views along the target camera trajectory within the chunk, producing anchor
clips of length D frames. If fewer than K memories are retrieved, we pad the
remaining anchor slots with fully-invisible anchor clips to keep a fixed number
of K anchors per chunk.
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Fig. 3: Architecture of multi-anchor weaving controller. Anchors are encoded and
jointly processed by a shared attention block, followed by camera-pose-guided fusion
to produce a unified control signal injected into the backbone model. Camera 1 to K
represent the retrieved-to-target camera poses for the 1 to K anchor videos, where each
denotes the relative pose between the camera associated with a retrieved local point
cloud and the target camera, measuring their viewpoint proximity. Camera 0 is the
relative target camera trajectory.

For the rendered anchors, we compute the retrieved-to-target relative camera
pose sequence, defined as the rigid transformations between the camera pose at
which the local memory was captured and the target camera poses within the
chunk. Anchor clips corresponding to the same retrieval index are then concate-
nated across chunks, resulting in K anchor videos of length T with temporally
aligned retrieved-to-target pose trajectories. These anchor videos and their pose
sequences are used as conditioning signals for generation.

3.4 Generation with Multi-Anchor Weaving Controller

Given K retrieved anchor videos, we condition generation on their latents to-
gether with retrieved-to-target relative camera poses, and the target camera
pose, enabling the model to weave multiple anchor conditions into a coherent
and spatially consistent output video.
Overall architecture. As shown in Figure 3, each retrieved anchor video
is first encoded into latent features using the same 3D VAE as the backbone
diffusion model. These anchor latents are then fed into a multi-anchor controller,
composed of a stack of DiT-based ControlNet blocks that operate alongside the
backbone model. At each denoising layer, we enable joint multi-anchor modeling
through two key designs: (1) a shared multi-anchor attention module that jointly
processes all anchor features, and (2) a camera-pose-guided fusion module that
aggregates anchor features into a single control signal. The resulting fused control
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feature is injected into the corresponding layer of the video diffusion backbone
to provide geometric guidance. Details of these designs are presented below.
Shared multi-anchor attention. Instead of processing anchors independently,
we jointly process the K anchor latents using a shared-attention block (Figure 3
inside the control block). Concretely, we reshape the K anchor latent sequences
with shape La×Ca into a single sequence of shape 1× (K ·La)×Ca (La denotes
the number of latent tokens per anchor and Ca is the hidden dimension), and
apply joint attention over the concatenated tokens. This joint attention enables
information exchange across anchors, allowing the controller to aggregate com-
plementary geometric evidence while suppressing contradictory or noisy signals,
rather than committing to any single anchor rendering.
Pose-aware importance estimation and fusion. Since not all anchors con-
tribute equally to a target view, we condition anchor fusion on the retrieved-to-
target relative camera poses (Figure 3 right, camera 1 to K). At each control
layer, these camera poses are encoded by a learnable MLP to produce per-anchor
importance weights, which reflect the geometric proximity between the target
view and the cameras associated with the retrieved local point clouds used to
render the anchors. Using these importance weights, we perform a weighted sum
over the anchor-conditioned features to get a single fused control feature, which
is injected into the corresponding backbone block to provide geometric guidance.
Target camera pose control. We further condition the model on the tar-
get camera trajectory (denoted as camera 0 in Figure 3) to handle cases where
geometric memories provide limited guidance, such as early generation stages
with rapid camera motion that moves the target view beyond all anchor vis-
ibility. The target camera pose is encoded by a trainable camera encoder to
produce camera embeddings, which are injected into the backbone DiT blocks
as explicit camera-motion control signals. This complementary signal improves
camera following under long-horizon generation.

Overall, the multi-anchor weaving controller explicitly conditions generation
on geometry through joint attention, pose-conditioned fusion, and target camera
pose control, transforming imperfect anchors into a coherent conditioning signal.

3.5 Long-horizon Generation with Updated Memories

Each iteration of the components described in Sections 3.2-3.4 produces one
video segment. Repeating this process enables long-horizon video generation via
an update–retrieve–generate loop in AnchorWeave. (1) Update (Section 3.2):
Starting from an initial frame or short segment, we estimate per-frame local
geometry and initialize the spatial memory bank. (2) Retrieve (Section 3.3):
Given a target camera trajectory, we retrieve relevant local memories using our
coverage-driven memory retrieval and condition the model on both the target
pose and retrieved anchors. (3) Generate (Section 3.4): The backbone model
generates the next video segment under the control of the multi-anchor geometry-
aware controller. The newly generated frames are then added to the memory
bank, enabling memory-augmented generation over long trajectories.
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4 Experiments

4.1 Experiment Setup

Implementation details. We train AnchorWeave on 10K videos sampled
from RealEstate10K [123] and DL3DV [56]. For each video, per-frame local ge-
ometry is estimated using TTT3R [15] and stored as local point-cloud memories.
During training, we use chunk length D = 8, retrieving memories every 8 frames
with at most K = 4 point clouds for conditioning. To improve robustness, we
randomly sample from the candidate memory pool as condition augmentation.
For memory retrieval, the first rendered frame is always selected as the initial
anchor, following the standard anchor-video convention [71, 109, 113]. We ap-
ply AnchorWeave to two DiT-based backbones: CogVideoX-I2V-5B [103] and
Wan2.2-TI2V-5B [83]. The multi-anchor controller is injected into the first third
of backbone layers and applied during the first 90% of denoising steps. We use
random frame masking on anchor videos to improve robustness to imperfect ge-
ometric guidance. The model is trained with Adam (lr=2× 10−4) for 10K steps
with batch size 8. Additional details are provided in the Appendix.
Evaluation setup and dataset. We evaluate the model’s ability to condi-
tion on historical context under a partial-revisit setting. We sample videos with
large camera motion (with substantial viewpoint changes between frames) from
RealEstate10K [123] and DL3DV [56], collecting a total of 500 videos for eval-
uation. For each video, we sample 70 frames, uniformly select 49 frames as the
target segment, and use the remaining 21 frames as historical context available
for retrieval. This enables direct quantitative and qualitative comparison against
ground-truth (GT) frames. In addition, we include long-horizon qualitative ex-
amples using keyboard-style camera actions starting from a single open-domain
initial frame, assessing long-term controllability and scene consistency.
Evaluation metrics. Following [92], we use PSNR and SSIM to measure recon-
struction fidelity, computed on predicted and GT frames. For perceptual quality,
the VBench protocol [43] is adopted, including Subject/Background Consistency,
Motion Smoothness, Temporal Flickering, Aesthetic /Imaging Quality.

4.2 Comparison with Prior Methods

Baselines. We compare AnchorWeave with state-of-the-art camera-controllable,
memory-augmented video generation methods, including Gen3C [71], SEVA [121],
ViewCrafter [110], TrajCrafter [109], EPiC [88], Context-as-Memory [108], and
SPMem [92]. Gen3C, TrajCrafter, ViewCrafter, and EPiC are designed to con-
dition generation on a single anchor video. To provide strong baselines, we con-
struct the anchor video for these methods using our retrieval strategy with K=1,
where the retrieved local memory corresponds to the local point cloud that maxi-
mizes spatial coverage for each chunk. This allows these baselines to condition on
the most informative retrieved local memory, in the same spirit as our method.
We additionally include a single-anchor variant of AnchorWeave (K = 1, one
retrieval per chunk) to directly compare with these baselines under identical
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Table 1: Quantitative results on RealEstate10K and DL3DV under partial-revisit eval-
uation. The best numbers are in bold and the second best numbers are underlined.
The total quality score is the average of all quality dimensions. † denotes our reimple-
mentation based on CogVideoX with the same data as ours (due to not open-sourced).
K denotes the maximum retrieval per chunk.

Method
Quality Score (↑) Consistency Score (↑)

Total Subject Bg Motion Temporal Aesthetic Imaging PSNR SSIMConsist Consist Smooth Flicker Quality Quality

ViewCrafter [110] 78.58 85.50 90.11 90.91 91.36 46.71 66.92 16.17 0.5240
Gen3C [71] 77.11 84.22 89.08 93.74 90.43 45.25 59.92 18.23 0.5926
TrajCrafter [109] 76.34 83.56 88.94 91.43 88.06 45.85 60.19 16.96 0.5767
EPiC [88] 77.77 85.22 90.08 94.74 90.43 45.25 60.92 17.42 0.5704
Context-as-Memory† [108] 78.07 85.08 89.94 92.36 90.21 46.97 63.88 17.91 0.5884
SPMem† [92] 76.85 84.52 89.31 91.84 89.67 45.61 60.12 17.25 0.5710
SEVA [121] 79.66 87.64 92.31 94.31 91.00 48.90 63.78 21.13 0.6711

AnchorWeave (CogVideoX-5B, K=1) 80.07 87.70 92.51 96.33 93.05 47.88 62.94 19.01 0.6145
AnchorWeave (CogVideoX-5B) 80.30 87.89 92.34 96.21 93.90 47.87 63.61 20.96 0.6727
AnchorWeave (Wan2.2-5B, K=1) 80.76 88.05 92.78 96.58 93.32 49.40 64.45 19.60 0.6180
AnchorWeave (Wan2.2-5B) 80.98 88.25 92.60 96.45 94.15 49.35 65.10 21.04 0.6739

conditioning settings. Context-as-Memory and SEVA directly take multi-view
history as conditions for memory consistency, while SPMem conditions genera-
tion on global point cloud renderings together with selected key historical frames.
Note that, as Context-as-Memory and SPMem are not open-sourced, we reim-
plement them on the CogVideoX backbone using the same training data as our
approach for fair comparison. Additional implementation details are provided in
the Appendix.
Quantitative comparison. Table 1 shows that AnchorWeave achieves the
best overall performance across both reconstruction and perceptual quality met-
rics. While AnchorWeave and SEVA [121] obtain comparable consistency scores,
AnchorWeave exhibits significantly better temporal quality, including smoother
motion and reduced flickering, benefiting from preserving the pretrained video
backbone’s motion prior. Compared to single-anchor baselines, our single-anchor
variant (K = 1) consistently achieves higher quality and consistency, indicating
that our design extracts more fine-grained geometric details from anchor con-
ditioning and corrects residual errors. Our method also consistently surpasses
memory-based baselines, including Context-as-Memory and SPMem. Moreover,
the full AnchorWeave further improves over its K = 1 variant, demonstrating the
effectiveness of multiple retrieval to improve consistency. Notably, AnchorWeave
already outperforms all baselines when built on the CogVideoX backbone, and
replacing CogVideoX with Wan2.2 leads to further performance gains. We also
evaluate camera controllability compared to baselines in the Appendix.
Qualitative comparison. Figure 4 shows qualitative comparisons under the
partial-revisit setting. We present one representative frame for each case. Addi-
tional qualitative comparisons under free-form, keyboard-controlled camera tra-
jectories with historical context are provided in the Appendix. Overall, Anchor-
Weave maintains more consistent scene structure when revisiting, while baseline
methods exhibit visible artifacts or misaligned details. Gen3C, EPiC, and Tra-
jCrafter often produce frames with degraded visual quality, including noticeable
blurring or structural distortions. ViewCrafter is prone to hallucinated content
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Fig. 4: Qualitative comparison with baselines on DL3DV. K=1 means one retrieval
per chunk. Baseline methods suffer from spatial drift and inconsistency in details.
In contrast, AnchorWeave (ours) maintains consistency for multiple cases. GT and the
historical context are shown for reference. For clarity, representative misaligned regions
are highlighted with red boxes for strong baselines (e.g., SEVA).

Table 2: Results of conditioning on global or local Memory.

Method PSNR ↑ SSIM ↑

AnchorWeave w/ global point cloud 16.31 53.45

AnchorWeave w/ local point clouds (ours) 20.96 67.27

(2nd/3rd example), while SEVA [121] occasionally fails to preserve fine-grained
details (see highlighted red-box regions). Context-as-Memory maintains content
and scene consistency but lacks precise camera control, often resulting in notice-
able deviations from the GT viewpoint. SPMem conditions on rendered global
point clouds, which lead to severe hallucinations that remain difficult to mit-
igate even with additional key-frame conditioning. In contrast, AnchorWeave
preserves structural details more reliably through dense, clean local memory
conditioning. The single-anchor variant (K = 1) sometimes exhibits misalign-
ment due to limited retrieval (see red boxes), whereas the full model achieves
stronger consistency by weaving multiple anchors. Overall, AnchorWeave pro-
duces results that are visually closer to the ground truth.
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Table 3: Effect of number of retrievals. We vary the number of retrievals K per chunk,
resulting in at most 6K retrieved frames (i.e., 6, 12, and 24 for K=1, 2, 4, respectively).
Retrieved frames are not necessarily unique across chunks and duplicates may occur.

Max. # retrieved frames PSNR ↑ SSIM ↑

6 19.01 0.6145
12 20.01 0.6435
24 20.96 0.6727

Retrived Frames Rendered Anchor Views

Frame 1

Frame 2

𝐴!(Anchor 1) Average weighted sum: 0.5 𝐴! + 0.5 𝐴"

𝐴"(Anchor 2)

Pose-guided weighted sum: 0.9 𝐴! + 0.1 𝐴"

low retrieved-to-target pose difference

high retrieved-to-target pose difference

Generated Frame

Average fusion

Pose-guided fusion

(a) Effect of Pose-Guided Fusion

Anchor Videos
With misalignments

(Merged for visualizing errors)

Separate Attention

Shared Attention

(b) Effect of Attention Design

Generated Frame

Fig. 5: Ablation study. (a) Pose-guided fusion suppresses misaligned anchors and re-
duces artifacts compared to simple averaging. (b) Joint attention outperforms separate
attention, enabling coherent multi-anchor aggregation.

4.3 Ablations and Analyses

We conduct a series of ablations to analyze the design choices of AnchorWeave,
including the use of global vs. local 3D memory, pose-conditioned anchor fusion,
joint vs. separate attention in the controller, and the number of retrieved frames.
The Appendix further complements these analyses with targeted diagnostics: it
visualizes how global point-cloud fusion accumulates drift, stress-tests repeated
revisit consistency over 2400 frames, and discusses dynamic-content handling
and representative failure modes.
Effect of global vs. local 3D memory. We compare global and local 3D
memories as conditioning signals for training the controller. In the global-memory
setting, we render a single anchor from the fused global 3D memory, while in
the local-memory setting, multiple anchors are rendered from local memories as
conditions. The results in Table 2 show that local 3D memory yields improve-
ments in both PSNR and SSIM, confirming the advantage of local geometry for
memory conditioning.
Effect of pose-conditioned anchor fusion. As shown in Figure 5(a), sim-
ply averaging multiple retrieved anchor views leads to visible artifacts in the
generated video when the anchors exhibit different pose deviations from the tar-
get view. In contrast, pose-conditioned fusion assigns higher weights to anchors
with smaller pose discrepancies, effectively suppressing misaligned anchors and
improving visual quality, demonstrating that explicitly accounting for retrieved-
to-target pose differences is crucial for robust multi-anchor conditioning.



AnchorWeave 13

retrieved frame 1 retrieved frame 2 retrieved frame 3 retrieved frame 4

retrieval rendered 1 retrieval rendered 2 retrieval rendered 3 retrieval rendered 4

retrieved frame 1 retrieved frame 2 retrieved frame 3 retrieved frame 4

retrieval rendered 1 retrieval rendered 2 retrieval rendered 3 retrieval rendered 4

retrieved frame 1 retrieved frame 2 retrieved frame 3 retrieved frame 4

retrieval rendered 1 retrieval rendered 2 retrieval rendered 3 retrieval rendered 4

frame
1

frame
8

frame
24

Historical Contexts Retrieved Frames & Rendered Anchors Generated 
Frames

retrieved frame 1 retrieved frame 2 retrieved frame 3 retrieved frame 4

retrieval rendered 1 retrieval rendered 2 retrieval rendered 3 retrieval rendered 4

frame
32

Fig. 6: Visualization of AnchorWeave’s retrieval → rendering → generation process. We
show representative historical contexts (serving as memory pool), retrieved frames with
retrieval rendered anchors, and final generations. For each target frame, all retrievals’
anchors provide complementary geometric evidence, and AnchorWeave reconciles them
into a coherent output. Same-colored dashed boxes highlight preserved regions.

Effect of joint vs. separate attention in the controller. Figure 5(b) com-
pares the proposed joint-attention-based controller with a baseline that processes
each retrieved anchor independently using separate attention blocks. We observe
that separate attention leads to blurred or inconsistent structures due to the ab-
sence of cross-anchor information exchange. In contrast, joint attention allows
the model to aggregate complementary evidence across anchors, resulting in
sharper and more coherent geometry in generated frames.

Effect of the number of retrieved frames. Table 3 studies the impact of the
number of retrieved frames by varying the number of retrievals K per chunk. In-
creasing the number of retrieved frames consistently improves PSNR and SSIM,
indicating that additional anchors provide complementary spatial evidence for
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Frame 24 Frame 159Frame 1 Frame 127 Frame 222Frame 80

Frame 20 Frame 212Frame 1 Frame 159 Frame 241Frame 80

Frame 72 Frame 180Frame 1 Frame 140 Frame 241Frame 114

Fig. 7: Long-horizon world exploration examples with keyboard-controlled camera ac-
tions on open-domain images. AnchorWeave preserves consistent object geometry and
appearance across frames (highlighted by dashed boxes of the same color).

Table 4: Efficiency and performance–cost trade-off. Runtime is measured on an RTX
PRO 6000 GPU with Wan2.2-5B at 81×480×832.

Component / setting Time (s) GPU (GB)

TTT3R per-frame memory 0.06 –
Retrieval + rendering (ours) avg. 15 –
Retrieval + rendering (SPMem) avg. 13 –
Video generation (SPMem) 221 34
Video generation (ours, K = 4) 275 39

K = 1 (PSNR 19.0) 221 34
K = 2 (PSNR 20.0) 238 35
K = 4 (PSNR 21.0) 275 39

generation. This trend is also reflected in the comparisons in Figure 4, where
more anchors leads to reduced misalignment and improved consistency.
Efficiency and cost. Table 4 summarizes runtime on an RTX PRO 6000
GPU with Wan2.2-5B at 81×480×832 resolution. AnchorWeave adds moderate
generation overhead over SPMem due to multi-anchor control (275 vs. 221s; 39
vs. 34GB at K = 4), but this comes with a large quality gain over SPMem
in Table 1. Increasing K gives a predictable trade-off: moving from K = 1 to
K = 4 improves PSNR by roughly 2dB while adding 54s and 5GB. A full history-
length scaling analysis is provided in the Appendix, showing that local-memory
retrieval remains more stable as history grows, whereas SPMem’s accumulated
global-point-cloud rendering cost grows faster.

4.4 AnchorWeave Process Visualization

We visualize the AnchorWeave pipeline (retrieve → render → generate) in Fig-
ure 6. For each target frame, multiple coverage-relevant anchors are retrieved
and rendered under the target view. Following our implementation details (Sec-
tion 4.1), the first rendered frame is always selected as the initial anchor, serving
as a stable geometric reference. However, under viewpoint changes, it cannot
cover all regions previously observed in the historical contexts. Subsequent re-
trievals (anchors 2–4), selected via coverage-driven retrieval, complement the
initial anchor by providing geometric evidence for the regions where the first
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frame doesn’t cover. Although individual anchors may exhibit misalignment, the
joint multi-anchor controller weaves these complementary signals during genera-
tion, merging evidence from different anchors into a coherent frame. As a result,
information from regions unseen in the first anchor is consistently integrated,
preserving strong spatial consistency, as shown in the highlighted dashed boxes
with the same colors. Additional examples are provided in the Appendix.

4.5 Open-Domain Long-Horizon Examples

We present three open-domain long-horizon exploration examples in Figure 7
using AnchorWeave with Wan2.2 backbone. The model generalizes effectively to
diverse unseen scenarios, such as a wooden cabin, an alley, and a wooden sailing
ship (top, middle, and bottom rows, respectively). While the visual backbone
is limited to 81-frame video, AnchorWeave enables generation beyond this limit
by conditioning each new segment on accumulated memory. As a result, spatial
consistency is preserved across multiple segments (e.g. in the cabin scene, re-
gions observed at frame 1 and in later frames (24 and 80), such as the ceiling
and stools, remain consistent in the final frame (frame 222); in the alley scene,
360° panoramic consistency is preserved, with strong alignment between the ini-
tial and terminal frames). More long-horizon world exploration examples are
provided in the Appendix, highlighting long-term consistency, 360° panoramic
scene generation, and generalization to third-person gaming scenarios.

5 Conclusion

We present AnchorWeave, a geometry-informed, memory-aware video genera-
tion framework that improves long-horizon generation by replacing brittle global
3D reconstruction with multiple clean, view-aligned local geometric memories.
Through coverage-driven retrieval and adaptive multi-anchor fusion, Anchor-
Weave provides robust spatial guidance and significantly improves visual quality,
camera controllability, and long-term consistency across diverse scenes and tasks.
Our results show that conditioning on local geometric memories and learning to
reconcile their inconsistencies offers a reliable alternative to global geometric
fusion for scalable long-horizon video generation.
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