Geometry as Address: Routing Attention to Visual Memory for Long-Horizon
Camera-Controlled Video Generation
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Figure 1. Precise camera control and persistent scene memory for long-horizon exploration. Given a single image and a text prompt,
GEAR generates minute-long, photorealistic videos along arbitrary user-specified camera trajectories, while preserving spatial consistency

and faithfully recovering previously observed content upon revisitation.

Abstract

Long-horizon camera-controlled video generation requires
recovering previously observed content from an ever-
growing visual history. EXxisting approaches either search
historical context implicitly or reconstruct it into persis-
tent 3D memory, facing inefficient memory access or ac-
cumulated geometric errors. Our key insight is that ge-
ometry need not explain the scene — it only needs to de-
termine where visual memory should be read from, while
attention decides what should be recovered. Based on this
insight, we introduce GEAR, a Geometry-Enabled Atten-
tion Routing framework that uses geometry as an explicit
token-level address for visual memory. Rather than fusing
historical observations into a persistent global 3D repre-
sentation, GEAR retains them as frame latents and uses
per-frame geometry only to establish token-level correspon-
dences with target views, thereby avoiding persistent error
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accumulation from global fusion. Guided by these corre-
spondences, a proposed Geometric Correspondence Atten-
tion (GCA) selectively injects geometrically matched histor-
ical features into target noisy patches during denoising. We
further introduce an Invisible Octree to accumulate visibil-
ity evidence and reject geometrically plausible but occluded
correspondences. Extensive experiments demonstrate that
GEAR achieves state-of-the-art visual quality, precise cam-
era control, and revisit consistency, enabling minute-long
video generation along challenging trajectories. Additional
videos are available at https://zju3dv.github.
io/geometry—as—address/.

1. Introduction

Recent advances in video generation have enabled realis-
tic and controllable visual synthesis [8, 16, 33, 34], open-
ing the door to interactive world generation where camera
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trajectories or user actions control the synthesized observa-
tions [1, 2, 26, 27, 29, 32, 51]. Extending these models to
long-horizon exploration, however, requires more than gen-
erating plausible short clips: the model must accurately fol-
low the prescribed camera trajectory while preserving pre-
viously observed scene content over temporal gaps. When
a scene region is revisited after leaving the model’s tem-
poral context, its appearance must be recovered from past
observations rather than inferred from the current context.
Long-horizon generation therefore becomes a memory ac-
cess problem: for each target region, the model must iden-
tify and retrieve the relevant visual evidence from history.

Existing approaches address this problem through two
paradigms, illustrated in Fig. 2. History-based implicit
methods retain previously generated observations as con-
text memory and recover relevant information through at-
tention [3, 9, 21, 31, 42, 42, 44, 45]. This preserves rich
visual information, but as history grows, the model must
search over an increasingly large token set to recover the
few observations relevant to the current viewpoint, making
memory access costly and vulnerable to irrelevant context.
Frame retrieval or history compression [40, 42, 44, 47] al-
leviates this burden, but operates at a coarser granularity
or may discard information needed for precise revisitation.
Reconstruction-based explicit methods instead fuse histori-
cal observations into a global 3D representation and repro-
ject it to target views [0, 28, 41, 50]. While this provides
natural spatial addressing, local geometry errors can be-
come persistent after global fusion and propagate into sub-
sequent generations through noisy reprojection.

Recent methods have begun to bridge these two
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GEAR instead uses per-frame geometry only to address historical latent patches, enabling sparse, spatially grounded memory

paradigms by exploiting geometry without relying on a sin-
gle globally fused 3D memory. AnchorWeave [38] main-
tains multiple local geometric representations, reprojects re-
trieved memories as target-view anchor videos and adap-
tively fuses them through ControlNet [46]. UCM [43]
instead warps positional encodings to geometrically align
interactions between historical and target tokens. Most
closely related, Lyra 2.0 [30] warps source coordinates and
depth into target views, then injects their embeddings into
DiT tokens. Despite these advances, geometry is still used
to select, align, or construct geometric conditioning signals
from history, while access to the underlying visual features
remains indirect. This motivates a more explicit separation
between geometry and visual memory: rather than using
correspondence only to guide generation, we use it to di-
rectly determine which historical visual tokens each target
token can access.

Rather than asking geometry to explain the scene, our
key insight is to let geometry answer only where memory
should be read from, while leaving what should be recov-
ered to visual attention over the matched historical features.
Based on this insight, we introduce GEAR, a Geometry-
Enabled Attention Routing framework that uses geometry
as an explicit token-level address for visual memory. For
each target token, GEAR identifies a sparse set of geometri-
cally matched historical tokens and gathers their visual fea-
tures as keys and values for attention. In this way, geometry
constrains the memory search space, while visual attention
resolves which historical evidence is most useful for gener-
ation. We realize this mechanism through Geometric Corre-
spondence Attention (GCA), which exposes each noisy tar-



get token only to its geometrically matched historical mem-
ory tokens as keys and values, and injects the aggregated
features through a residual branch during denoising. Geom-
etry thus serves as a transient address rather than persistent
scene state: it explicitly determines where each target token
can retrieve visual evidence, while correspondence errors
remain local to individual memory accesses instead of ac-
cumulating across views.

Cross-view projection alone, however, may produce
false correspondences when a source-visible surface be-
comes occluded in the target view. We therefore introduce
an Invisible Octree that accumulates visibility evidence over
time and filters such correspondences without storing scene
appearance. Together, these designs enable efficient patch-
level memory access over long trajectories: rather than re-
quiring the video model to search the entire history or the
geometry estimator to reconstruct the entire world, GEAR
uses geometry to identify which pieces of history are rele-
vant to each piece of the future. Our contributions are sum-
marized as follows:

* We propose GEAR, a Geometry-Enabled Attention Rout-
ing framework that decouples visual memory from ge-
ometric addressing. By converting per-frame 3D priors
into token-level cross-view correspondences, GEAR en-
ables fine-grained access to relevant historical visual fea-
tures without error-prone global 3D fusion.

e We introduce Geometric Correspondence Attention for
sparse token-level memory injection, together with an In-
visible Octree for visibility-aware filtering.

» Extensive experiments demonstrate state-of-the-art visual
quality, camera-control accuracy, and revisit consistency,
enabling minute-long video generation along challenging
user-specified trajectories with only lightweight adapta-
tion of a pretrained video model.

2. Related Work

Implicit Camera-Controlled Video Generation. Early
camera-controlled methods inject camera trajectories or
user actions into video generation [3, 9, 19, 45]. Sub-
sequent streaming approaches extend generation to longer
horizons [10, 14, 29], but finite temporal context limits
scene persistence. To retain visual history, Li et al. [20], Sun
et al. [31], Xiao et al. [42], Yu et al. [44] retrieve historical
frames as context, while Hong et al. [11], Wu et al. [40]
compress history into compact latent. These approaches
preserve rich visual information but still require dense at-
tention with an increasing set of historical tokens.

Explicit Camera-Controlled Video Generation. Recent
methods reconstruct historical observations into 3D memo-
ries and project them to target viewpoints as pixel-aligned
conditions [6, 18, 38, 41, 49, 50]. While providing explicit
spatial grounding, these methods are vulnerable to accumu-
lated reconstruction and fusion errors. More closely related

to our work, UCM [43] warps positional encodings to es-
tablish cross-view relationships, while Lyra 2.0 [30] injects
warped correspondence coordinates as token embeddings.
Our GEAR instead uses per-frame geometry to select vis-
ible historical tokens for sparse correspondence attention,
retaining visual memory without global 3D fusion.

3. Methods

3.1. Problem Formulation and Preliminaries

Camera-Conditioned Autoregressive Video Generation.
Given an initial frame I, text prompts y and a long camera
trajectory, our goal is to autoregressively synthesize visual
observations with accurate camera control and long-term
consistency with previously observed scene regions.

Following Chen et al. [6], Wu et al. [39], we encode
each frame independently using the VAE [34], z; = E(I;),
which preserves frame-level alignment between visual ob-
servations and camera poses, particularly under large cam-
era motions, enabling cross-view correspondences to be
constructed directly at the latent-token level.

After generating ¢ frames, we maintain a streaming his-
tory bank with the historical latent observations and their
camera parameters:

B, = {(Ziyci)}gzy (D

Given the next camera chunk ¢4 1.;4%, a compact condi-
tioning history #}°' is retrieved from B; according to its ge-
ometric coverage of the target views, as detailed in Sec. 3.6.
The video generator then samples the next latent chunk as:

Zetrk ~ Do (- | Hi® Copriin, y) - (2)

The generated latents and their camera parameters are ap-
pended to 3;, and the same procedure is repeated over suc-
cessive chunks of the prescribed trajectory.

Flow-Matching Objective. We train the video genera-
tor with the standard flow-matching objective [24]. For
a target latent block z;4;..1k, we sample Gaussian noise
€ ~ N(0,1I) and a flow timestep 7 ~ U(0,1), and con-
struct the linear interpolation:

Ziprgk = (1 = T)Zesvieqn + TE. 3)

The conditional velocity field is optimized as:

Ly = Eger [Hve (274 1040 T | ity Copritsns ¥)
)

— (€ = Zty1:e4k) ||;}

Although history retrieval bounds the number of condi-
tioning frames, only a sparse and view-dependent subset of
their tokens is relevant to each target region. The key prob-
lem is not merely which historical frames to retain, but how
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Figure 3. System overview. For each target chunk, GEAR constructs patch correspondences to retrieved history using per-frame geometry
and filters occluded matches with the Invisible Octree. GCA then injects matched historical features into noisy target tokens during
denoising, after which generated observations are appended to the history bank for continued rollout.

each target token should access the corresponding histor-
ical evidence. In the following, we introduce Geometry-
Addressed Patch Memory to construct these fine-grained
memory addresses from per-frame geometry.

3.2. Geometry-Addressed Patch Memory

Given the retrieved history, our goal is to establish patch-
level correspondences between historical and target views,
which subsequently serve as explicit addresses for memory
retrieval. Rather than constructing a globally fused scene
representation, we derive these correspondences indepen-
dently from the local geometry associated with each histor-
ical frame, as illustrated in Fig. 3.

Local Geometric Anchor. For each historical frame s,
we associate its latent z, with an estimated depth map Dy,
camera intrinsics K, and extrinsics Ts. We back-project
D; into 3D and connect neighboring pixels according to
the image-grid topology, producing a local triangular mesh
Gs = (Vs, Fs), where V; and F denote the mesh vertices
and faces, respectively. Since modern video VAEs aggres-
sively compress the spatial resolution, e.g., by a factor of
16, each latent token may cover pixels belonging to mul-
tiple surfaces. We construct the mesh at the original image
resolution to preserve geometric discontinuities that would
otherwise be blurred by directly downsampling depth to the
latent grid.

Geometry-Guided Patch Correspondence Addressing.
We then rasterize the same source mesh under both the
source and target cameras at the latent spatial resolution
Hy x Wy, yielding two face-index maps:

Fs = RHgXWg (g57 KS7TS)7

©®)
FS—)t = RH{XW[ (gs; Kt’ﬂ)7

where each valid entry records the ID of the visible mesh
face associated with a latent patch token. Since both maps
are rasterized from the same local geometry, shared face IDs
naturally establish a token-level correspondence:

Cost = {(la.]) | Fs—)t('i) = Fs(])}

Shared face identities thus provide a direct geomet-
ric bridge between source and target latent tokens, while
preserving the fine spatial structure captured by the full-
resolution source geometry.

(6)

Multi-Source Patch Correspondence Cache. We con-
struct Cs_,; for every selected history-target frame pair and
organize them into a patch correspondence cache:

C c ZNtXNCXHzXWeXQ’

(7

where N; and N, denote the numbers of target and retrieved
historical condition frames. For each target patch and his-
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Figure 4. Streaming update of the Invisible Octree. Historical observations incrementally accumulate coarse visibility evidence along
the exploration trajectory. For a target view, the resulting invisible-space boundary is used to reject projectable but occluded source-target
correspondences.
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Figure 5. Ablation of Invisible Octree. The Invisible Octree re-
moves projectable but occluded correspondences, preventing erro-
neous historical content from affecting target-view synthesis.

torical frame, C stores the coordinate (xg,ys) of its geo-
metrically corresponding source patch, with unmatched en-
tries marked as invalid. Since the same scene region may
have been observed from multiple historical viewpoints, a
target patch can naturally admit multiple source correspon-
dences. We therefore retain all valid historical candidates.
Crucially, since all correspondences are derived indepen-
dently from each source observation, geometric errors re-
main local instead of accumulating into persistent artifacts
through global 3D fusion.

3.3. Visibility-Aware Correspondence

Geometric projectability does not necessarily imply target-
view visibility. As illustrated in Fig. 3, a surface visible
in source frame s projects into target frame ¢ while being
occluded by geometry unobserved in s. Such candidates
provide spatially incorrect historical evidence and should
be removed before memory retrieval.

To validate these correspondences, we maintain an In-
visible Octree as a sparse global visibility proxy. After
each generated chunk, the estimated depth maps are used to
incrementally update the octree with newly observed free-
space and occlusion evidence, as illustrated in Fig. 4. The
update is conservative: new observations only refine previ-
ously unknown or invisible regions, allowing the octree to
expand with exploration without repeatedly overwriting es-
tablished evidence. Its sparse and adaptive structure also
supports long-horizon generation in unbounded environ-
ments. Please refer to Appendix for details on the con-
struction and streaming update of the Invisible Octree.

For a target camera, we use the Invisible Octree to deter-
mine the visibility mask under the target viewpoint. Candi-
dates lying behind the accumulated visibility boundary are

rejected as occluded. Importantly, the octree stores no ap-
pearance and never serves as a rendering condition; it only
provides a coarse binary filter over correspondences.

3.4. Geometric Correspondence Attention

The correspondence cache above specifies where each tar-
get patch should retrieve historical evidence from. Build-
ing on these memory addresses, we introduce Geometric
Correspondence Attention (GCA) as an auxiliary mem-
ory pathway, which selectively aggregates only the geomet-
rically matched historical tokens and injects them into target
noisy tokens during denoising.

Sparse Correspondence Attention. Following context-
memory-based approaches [31, 44], we concatenate the re-
trieved historical frames (Sec. 3.6) as context latents with
the noisy target latents along the temporal dimension. Let
hT" denote the post-self-attention feature of target token 4,
and hf denote the corresponding feature of historical token
j. From the patch correspondence cache, each target to-
ken obtains its geometrically matched historical candidates
N (7). We then perform cross-attention:

g = Woh, kj = Wghll, vj = Wyhil. (8)

The attention weight assigned to candidate j is nor-
malized only over the geometrically matched set, and the
geometry-addressed memory feature is aggregated as:

exp (qiT kil \/&)
S w0 (@ ki /Vd) )

GCA _ E
0; = QU5

JEN(9)

aij =

When multiple historical views observe the same tar-
get region, attention adaptively aggregates their comple-
mentary appearance information. If AV/(¢) is empty, we set
oiGCA = 0, allowing the pretrained video model to synthe-
size unobserved content from its generative prior.
Lightweight Residual Injection. GCA is inserted after
the original self-attention at selected DiT blocks, as shown
in Fig. 3. Its output is projected back to the backbone fea-
ture space and injected through a residual connection:

BT = hT + WoofA, (10)
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Table 1. Quantitative comparison on DL3DV-Evaluation and WorldScore-Static. GEAR performs favourably across the metrics. Best

results are in bold and second are underlined.

DL3DV-Evaluation ‘ WorldScore-Static

Content Photo. Style Subjective Revisit Revisit
Method SSIM 1 LPIPS | FVD | TransErr | RotErr | ATE | ‘ Align. 1 Cons. 1 Cons. + Quality SSIM + LPIPS |
Lyra2 0.3359 0.5097 975.89 0.0157 0.1721 0.2514 0.6319 0.9357 0.8600 0.5017 0.3941 0.3218
Spatia 0.3081 0.5422 1074.13 0.0617 0.6973 1.1204 0.6331 0.8588 0.8600 0.5012 0.4407 0.3541
WorldStereo 0.3061 0.5502 846.46 0.0239 0.1717 0.2212 0.7003 0.0837 0.8300 0.5013 0.6253 0.2193
UCM 0.3412 0.6007 1431.67 0.0377 0.5184 0.6410 0.6773 0.9692 0.7300 0.5005 0.3412 0.4890
HY-WorldPlay 0.2452 0.6213 1385.23 0.0508 0.6854 0.9634 0.5104 0.7939 0.1900 0.5018 0.2433 0.7288
Lingbot-World 0.2608 0.6168 1309.27 0.0417 0.5988 0.7449 0.5564 0.0889 0.6800 0.5006 0.2495 0.7677
Infinite-World 0.2532 0.6399 1582.43 0.1072 0.8473 2.3744 0.6302 0.9728 0.7000 0.5011 0.2536 0.7098
GEAR 0.3645 0.4459 837.59 ‘ 0.0116 0.1228 0.0436 ‘ 0.7423 0.9732 0.8700 0.5018 ‘ 0.6489 0.2019

where Wy projects the feature back to the DiT feature
space. The backbone self-attention retains its pretrained
spatiotemporal modeling, while GCA supplies a sparse
geometry-addressed correction that anchors target features
to relevant historical evidence.

3.5. Robust Training with Degraded History

During training, target chunks are conditioned on ground-
truth history, whereas autoregressive inference relies on pre-
viously generated observations. This train—inference dis-
crepancy causes generation errors to enter the history mem-
ory and progressively accumulate over long rollouts.

To expose the model to imperfect yet semantically con-
sistent history, we introduce degraded-history augmenta-

tion. With probability pgeg, We corrupt the historical la-
tents zy with a randomly sampled low noise level 7, ~
U0, Trax):

ex ~N(0,I). (11)

We then apply one reverse-flow step with the current model
to obtain the degraded history:

23 = (1 — 7n)zy + Then,

2y = sglzy; — Thve (23, Th)]- (12)

The resulting Z; replaces zy as the conditioning context,
while keeping the flow-matching objective for the target
chunk unchanged. This exposes the model to the mild dis-
tortions encountered during rollout and improves robustness
to accumulated history errors in long-horizon inference.
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3.6. Long-Horizon Inference

For long-horizon inference, we adopt a streaming strat-
egy that bounds the historical context through keyframe re-
trieval and continuously updates the memory.

Keyframe History Retrieval. As the rollout progresses,
retaining all historical frames introduces increasing compu-
tational cost and substantial view redundancy. We there-
fore retrieve a compact history according to its geometric
coverage of the upcoming target chunk. Specifically, we
project each historical frame’s local geometry onto the tar-
get views, and greedily select frames that maximize newly
covered regions. Meanwhile, the initial frame and the lat-
est frame are retained to preserve scene identity and inter-
chunk continuity. The retrieved history frames are thus
ngt - [Hﬁrsta Hcoveragea Hlast] .

Streaming Memory Update. After each chunk is gener-
ated, new frames are appended to history bank with camera
parameters and depths estimated by a frozen 3D foundation
model [22]. Invisible Octree is simultaneously updated with
newly observed geometry. This retrieve—generate—update
procedure is repeated for subsequent chunks, enabling long-
horizon autoregressive generation.

4. Experiments

4.1. Experimental Setup

Dataset. We train GEAR on DL3DV-10K [23], a large-
scale real-world dataset with diverse camera trajectories.
Each sequence is divided into 55-frame clips at a resolu-
tion of 480 x 832. We employ Depth Anything 3 [22] to
estimate camera poses and per-frame depths, and generate
video captions with Qwen3-VL-8B-Instruct [4].

We construct training samples under two conditioning
modes. In image-to-video (I2V) mode, we train on the
first 32 frames, with the initial frame providing the ge-
ometry for initializing the Invisible Octree and establish-
ing correspondences with the target views. In history-to-
video (H2V) mode, the first 32 frames constitute the his-
tory bank, from which nine keyframes are retrieved follow-
ing Sec. 3.6; the remaining 23 frames serve as generation
targets. The retrieved keyframes are used to construct the
multi-source patch correspondence cache, while the com-
plete history bank is used to build the global Invisible Oc-
tree for visibility-aware correspondence filtering.
Implementation Details. We adopt Wan2.1-12V-
14B [34] as the pretrained backbone and keep all original
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parameters frozen. To adapt the backbone to frame-aligned
VAE latents, we introduce rank-32 LoRA adapters [12],
and we insert GCA modules with a hidden dimension of
640 into every even-indexed DiT block (262M parameters
for GCA, only 1.9% of the backbone). The LoRA adapters
and GCA modules are jointly optimized for 10K iterations.

During training, 12V and H2V samples are drawn with
probabilities of 30% and 70%, respectively. Starting from
iteration 8K, degraded-history augmentation is further ap-
plied to H2V samples with a probability pqe, = 40% and
Tmax = 0.3. We optimize the model using AdamW on 32
GPUs with a learning rate of 1 x 10~* and a linear warm-up
over the first 1K iterations.

4.2. Quantitative Evaluation

Baselines and Metrics. We compare GEAR with re-
cent camera-controlled long-horizon video generation
methods equipped with memory mechanisms. Explicit
3D baselines include Lyra2 [30], Spatia [50], HY-
WorldStereo [49], and UCM [43], while implicit base-
lines include HY-WorldPlay [31], Lingbot-World [29], and
Infinite-World [40].

We first evaluate all methods on DL3DV-
Evaluation [23]. Given the same initial frame, each method
autoregressively generates subsequent frames along the
ground-truth camera trajectory. We report SSIM [37],
LPIPS [48], and FVD [36] to evaluate frame-level fidelity
and temporal quality. For camera-control accuracy, we
recover camera poses from the generated videos using
ViPE [13] and align them with the ground-truth trajectories
using the Umeyama transformation [35]. We then report
TransErr, RotErr, and Absolute Trajectory Error (ATE).

We further evaluate long-horizon revisitation on 50 ran-
domly sampled scenes from the WorldScore Static set [7]
using closed-loop camera trajectories. We report Content
Alignment, Subjective Quality, Style Consistency, and Pho-
tometric Consistency, together with Revisit SSIM and Re-

visit LPIPS, which are computed between the generated re-
visit frame and the reference observation at the matched
camera pose to assess the recovery of previously observed
scene content.

Quantitative and Qualitative Comparison. As shown
in Tab. I, GEAR performs favorably across the evalu-
ated metrics. Our method reduces ATE by 80.3% com-
pared with strongest baseline, demonstrating improved tra-
jectory adherence, as further illustrated in Fig. 9. GEAR
achieves the best content alignment, photometric consis-
tency, style consistency, and revisit performance on World-
Score, which demonstrates GEAR faithfully recovers pre-
viously observed content after long temporal gaps without
compromising overall generation quality.

The qualitative comparisons in — S——"
Fig. 6 and 7 further demonstrate
the advantages of GEAR overex- . -~ .
isting methods. Lyra2 provides
competitive camera control but
develops visual degradation and
increasing trajectory drift under o
rapid or extended camera mo- ;
tion, while Spatia and World- —mm_
Stereo exhibit progressive scene
distortions, consistent with their

— GI  — ViPEaligned

vulnerability to accumulated re-
construction errors. UCM ini-
tially preserves coherent appear-
ance but gradually deviates over

Flgure 9. Camera align-
ment. GEAR achieves the
best camera alignment on
DL3DV-Evaluation.

extended rollouts. HY-WorldPlay

and Lingbot-World struggle with both camera control and
revisitation, whereas Infinite-World maintains compara-
tively stable appearance but insufficiently follows the pre-
cise trajectory. In particular, WorldStereo and Lingbot-
World exhibit abrupt appearance changes and pronounced
flicker during camera rotations, consistent with their low



Table 2. Ablation study on DL3DV-Evaluation. We ablate the
contribution of each key component of GEAR.

Variant SSIMt LPIPS | FVD | |TransErr | RotErr | ATE |

w/o GCA 0.1324  0.6549 1201.32| 0.0406 0.4732  0.3471
w/ Dense Attention 0.2749  0.5995 913.64 0.0351 0.4347  0.2924
w/o Invisible Octree 0.3350 0.4869 878.28 0.0153 0.1551 0.0729
w/o Degraded History ~ 0.3459  0.4763 1165.99 | 0.0127 0.1492  0.0664
w/ Corres. Disturbance 0.3597  0.4513  842.15 0.0121 0.1273  0.0464

GEAR 0.3645  0.4459 837.59‘ 0.0116 0.1228  0.0436

w/o GCA

w/ GCA

4
History Conditions Roaming Time¢ ——mM

Figure 10. Ablation of GCA. GCA improves temporal stability
and adherence to the prescribed camera trajectory.

Photometric Consistency scores. These limitations be-
come more pronounced during minute-long explorations
with rapid camera motion (Fig. 7): most baselines exhibit
severe visual degradation and develop increasing camera
drift. GEAR maintains coherent appearance and accurate
camera control, supporting the effectiveness of separating
visual memory from geometric addressing for long-horizon
generation. Please refer to our project page for addi-
tional scenes and more extensive video comparisons.

4.3. Ablation Study

We evaluate the contribution of each key component of
GEAR:

Without Geometric Correspondence Attention (GCA).
We train an ablated variant without GCA while retaining the
backbone’s dense attention over the concatenated history
and target tokens. As shown in Fig. 10, disabling GCA’s
residual injection increases temporal instability and devi-
ation from the camera motion. The quantitative degrada-
tion in Tab. 2 further confirms the contribution of GCA to
camera-control accuracy and long-horizon consistency.

Variant with Dense History Attention. To isolate geo-
metric addressing from the additional capacity of GCA, we
train a variant that retains the same GCA module and pa-
rameter count but replaces correspondence-restricted atten-
tion with dense attention over full retrieved historical con-
text tokens. The resulting degradation in camera control
and visual fidelity (Tab. 2) confirms the importance of our
sparse, geometry-addressed memory retrieval.

Without Invisible Octree. Under large viewpoint
changes as shown in Fig. 5, the projectable yet occluded

—
| — correct Corres.

Shift + 128 px.

& | — Perturbed Corres.

Target Token

Condition O Condition 5

Condition 3

E - 3 ~.,1 - =,
Disturb Corres. Case wi/o Corres. Disturb SSIM Error Map
Figure 11. Ablation of Correspondence Disturbance. We per-

turb candidates in multi-observed target regions by 64—128 pixels
while retaining only 2-3 valid matches out of 9 conditions. The
figure visualizes one such perturbation and the resulting error map;
GCA recovers the target content with minimal deviation from the
undisturbed result.

correspondences not only introduce local appearance errors
but also propagate structural inconsistencies through the
autoregressive history. The Invisible Octree suppresses this
error propagation by rejecting candidates that conflict with
accumulated visibility evidence.

Without Degraded-History Augmentation. As shown
in Fig. 8, training exclusively with ground-truth history
leads to droplet-like floaters and visual degradation during
long-horizon rollout. Degraded-history augmentation mit-
igates these artifacts by exposing the model to imperfect
historical observations, substantially improving robustness
and visual stability over extended generation.

Robustness to Correspondence Disturbance. Depth er-
rors accumulated during autoregressive rollout may intro-
duce inaccurate history-to-target correspondences. For tar-
get regions observed in multiple historical frames, we retain
only 2-3 valid observations out of 9 and perturb the rest by
64—128 pixels to simulate such errors. Despite these strong
perturbations, GEAR maintains comparable performance as
shown in Fig. 11 and Tab. 2, indicating that the learned at-
tention of GCA suppresses feature-inconsistent distractors
and preserves valid historical evidence.

5. Conclusion

We introduced GEAR, a geometry-enabled attention rout-
ing framework for long-horizon camera-controlled video
generation. GEAR uses per-frame geometry to establish
local history-to-target token correspondences, and lever-
ages lightweight Geometric Correspondence Attention to
retrieve and integrate relevant historical features during de-
noising. By treating geometry as an address rather than
persistent memory, GEAR avoids error accumulation from
global 3D fusion while enabling minute-long generation
with precise camera control and consistent scene persis-



tence.

GEAR currently relies on an external 3D model

for depth estimation, introducing additional computational
overhead. A promising direction for future work is to jointly
learn geometry and memory addressing within the genera-
tive model for more robust long-horizon generation.
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Geometry as Address: Routing Attention to Visual Memory for Long-Horizon
Camera-Controlled Video Generation

Supplementary Material

This appendix provides additional details and results for
GEAR. Appendix A describes the complete streaming gen-
eration procedure (A.1), including frame-aligned encoding
(A.2), correspondence construction (A.3), visibility filtering
(A.4), keyframe retrieval (A.5), and depth updates (A.6).
Appendix B reports dataset preprocessing, training settings,
and inference costs. Appendix C details the evaluation pro-
tocols and baseline configurations. Appendix D presents
additional qualitative comparisons and long-horizon gen-
eration results. Additional video results and visualiza-
tions of our method details are available on our project
page: https://zju3dv.github.io/geometry-
as—address/.

A. Additional Method Details
A.l. End-to-End Streaming Generation

We summarize the complete inference procedure in Al-
gorithm 1. At generation step ¢, the history bank con-
tains the observed frames, their frame-aligned VAE la-
tents, camera parameters, and estimated depths: B; =
{(Is, 25,5, Dg) Yt _, where ¢cs = (K,,Ts) denotes the
camera intrinsics and pose. The Invisible Octree O; accu-
mulates visibility evidence from the complete history bank.

For each upcoming camera chunk, we retrieve a compact
set of historical frames according to their geometric cover-
age of the target views, while retaining the first and latest
frames for scene identity and inter-chunk continuity. Each
retrieved frame independently provides a local mesh con-
structed from its depth map. Rasterizing this mesh under
the source and target cameras yields face-ID maps, from
which we build a multi-source patch correspondence cache.
We then project the Invisible Octree into each target view
and remove candidates marked as occluded by the result-
ing visibility mask. The retrieved history latents, noisy tar-
get latents, and filtered correspondence cache jointly con-
dition the DiT model throughout Nyepoise = 25 denoising
steps. Finally, we decode the generated latents, estimate
their depths with Depth Anything 3 [22], append the new
observations to the history bank, and update the Invisible
Octree before processing the next chunk.

A.2. Frame-Aligned VAE Encoding

GCA requires the geometric correspondences constructed
in Sec. 3.2 to address latent tokens associated with spe-
cific camera views. The original Wan VAE [34] encodes
the first video frame separately but temporally compresses
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subsequent frames by a factor of 4. Consequently, a latent
frame after the first generally aggregates observations cap-
tured at different camera poses. Assigning a single pose
to that latent frame cannot provide an exact geometric in-
terpretation for all observations. The ambiguity becomes
more pronounced under rapid camera motion, when the ag-
gregated frames may depict substantially different scene re-
gions. Thus, correspondences computed from frame-level
depth and camera parameters cannot be unambiguously
transferred to temporally compressed latent tokens.

Following [6, 39], we instead apply the pretrained Wan
VAE’s single-frame encoding path independently to every
video frame. Each frame is treated as a separate one-frame
input, bypassing temporal compression while retaining the
VAE’s spatial encoding:

Zf:gWan(If)’ f:L"'aFv (13)

where Ewa,, denotes the VAE applied to an individual
frame. This produces F' latent frames for F' video frames,
so each latent frame has a unique associated image, depth
map, and camera pose. Within that frame, each spatial latent
token also has a well-defined location on the image grid.
We can therefore rasterize per-frame geometry at the latent
resolution and use the resulting source—target patch corre-
spondences to index historical tokens directly during GCA.
The generated latents are likewise decoded frame by frame
to preserve the same alignment at inference.

A.3. Geometry-Addressed Correspondence Con-
struction

Depth back-projection and mesh connectivity. For a
historical frame s, let Dy be its estimated depth map and
Cs = (K s TS) its camera parameters. We construct a sep-
arate local mesh G5 = (Vj, F§) from this observation. For
each pixel p = (u, v) with a finite, positive depth, we back-
project its pixel center into world coordinates:

u+%
Xs(p) = T:1 Ds(p)K;1 v+t ) (14)
1

where T’ denotes the world-to-camera transform and homo-
geneous coordinates are understood. Each valid pixel con-
tributes one vertex. We then split each 2 x 2 image-grid cell
along a fixed diagonal to form two candidate triangles. This
retains the spatial resolution of the depth map during mesh
construction rather than smoothing depth discontinuities by
first downsampling into the latent grid.


https://zju3dv.github.io/geometry-as-address/
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Algorithm 1 End-to-end streaming generation with GEAR

Require: History bank B; = {(I, zs, s, Ds)},_,; future cameras ¢y 1.7; text condition y; Invisible Octree Oy; chunk

length k

Ensure: Generated frames jt+1:T and updated history bank B

1: while ¢t < T do

2: T+ {t+1,...,min(t+k,T)}

3: H < RETRIEVEKEYFRAMES (B, {cy fueT) > Greedy target-view coverage; retain first and latest frames
4: for all s € H do

5: G + BUILDLOCALMESH(Dj, ¢5) > Back-project depth and connect neighboring pixels
6: Fs + RASTERIZEFACEIDS(G, ¢, Hp, Wy)

7 end for

8: Initialize C[u, s,i] < L foru € T, s € H, and target patches i

9: forallu € T do

10: M™ « PROJECTINVISIBLEOCTREE (O, ¢, > Target-view invisible mask
11: for all s € H do

12: F,_,,, + RASTERIZEFACEIDS(Gy, ¢, Hp, Wy)

13: Cs—u < MATCHFACEIDS(Fy, Fy_y,) > Store matched source-patch coordinates
14: Cs_sy < FILTEROCCLUDED (Cy_,,, M)

15: Write valid matches from C,_,,, into C[u, s, ;]

16: end for

17: end for

18: ZH {ZS}SE’H; 2 ~ N(O’ I)

19: Choose a denoising schedule 1 =79 > 7 > -+ > 755 =0
20: forn =0,...,24do
21: 0™ < wp(2™), 7, | 230, {€uYueT, Y, C) > GCA uses the filtered cache
22: (D« SOLVERSTEP(z(™ 0™ 1, 7, 1)
23: end for
24 27+ (), [ « DECODEFRAMEWISE(27)
25. Dy + DEPTHANYTHING3(I)
26: forallu € T do
27: Buy < Bu_1 U{(Iy, 2u, cu, Dy)}
28: end for
29: Omax 7 ¢ UPDATEINVISIBLEOCTREE(O, {(ﬁ“, cu) bueT)

30: t < maxT

31: end while
32: return Iy, 1.7, Br

Invalid-depth and discontinuity filtering. A candidate
triangle is discarded if any of its vertices has an invalid
depth. We also remove triangles that would connect sur-
faces across a sharp depth discontinuity. Specifically, for a
triangle f with pixel vertices p1, p2, p3, we retain it only if

max ‘Ds(pi) _Ds(pj)| Tdis
(pi.ps)eB(f) min(Dy(p;), Dy(pj)) =

15)

where E(f) contains its three edges and 74;s. is the relative
depth-discontinuity threshold. This filtering prevents trian-
gles from spanning foreground—background boundaries and
producing correspondences through unsupported geometry.
Meshes are constructed independently for each historical
frame; their vertices and faces are not fused across obser-
vations.
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Dual-view face-ID rasterization. As shown in Fig. 12,
for each selected source frame s and target frame ¢, we
transform the vertices of the same local mesh G into
the respective camera clip spaces and rasterize them with
nvdiffrast [17] at the latent resolution H, x W:
Fy :R(Gs§cs)7 Fo sy :R(Gs§ct)' (16)
The rasterizer’s depth test assigns each covered latent-grid
location the ID of its nearest visible triangle; a zero ID de-
notes background. We use these discrete IDs without inter-
polating them and express both maps in a common image-
coordinate convention before matching.
Because the two maps refer to the same source mesh,
a valid shared face ID defines a source—target patch corre-



Figure 12. Visualization of Geometry-Guided Patch Correspondence Construction. Local geometry from each historical observation
is used to build a history-to-target patch correspondence cache at latent resolution. Guided by this cache, GCA allows each noisy target
token to attend only to its geometrically matched historical memory tokens as keys and values.

spondence:

where 7 and j index target and source latent-grid locations,
respectively. Face IDs are matched only within each source
mesh; the source-frame index is retained when combining
matches from multiple historical views. The resulting cache
stores the matched source-patch coordinates for each target
patch and source frame, with unmatched entries marked in-
valid. These per-source candidates are subsequently filtered
using the target-view Invisible Octree mask before they are
accessed by GCA.

A 4. Invisible Octree Construction and Streaming
Update

Octree states. We maintain an Invisible Octree O as a
sparse proxy for accumulated visibility evidence along the
camera trajectory. Each allocated node v is assigned one of
three states: free, invisible, or partially visible. A free node
lies entirely in observed free space along the relevant cam-
era rays, whereas an invisible node lies entirely behind the
observed depth surface and has not yet been resolved by an
observation. A partially visible node intersects the bound-
ary between these regions, or contains a mixture of visible
and invisible space.

Given a camera with depth map D, let [z, , ;7] be the
depth range of v in camera space, and let ™™ and d™#* be
the minimum and maximum valid depths over its projected
footprint. A node containing no observed surface points is
classified as

free, 27 < d™n or no valid

sw) =4 depth in the footprint, (18)
invisible, zy > dy,
partially visible, otherwise.

Free and invisible nodes are terminal for the current visi-
bility update. Partially visible nodes are recursively subdi-
vided until their children can be classified or the maximum
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resolution is reached. Only invisible leaf nodes can be re-
visited using subsequent camera observations.

Initialization from the first view. Given the first cam-
era c¢; and depth map D;, we set the octree’s world-space
bounds according to the scene scale and initialize a coarse
grid with Ny;, = 24 cells per axis. A one-cell-thick back-
ground shell of invisible cells encloses the full scene to ac-
count for regions with invalid depth estimates.

Both the global invisible octree O and a global visible
mesh GV, triangulated from back-projected depth, are ini-
tialized from the first frame. Octree nodes are classified
against depths rendered from GV, ensuring consistency be-
tween the two global proxies. For the first chunk, classifica-
tion starts from the coarsest grid and recursively refines the
octree up to a resolution equivalent to 210 cells per axis. The
two structures serve complementary purposes: O represents
currently unresolved invisible space, whereas GV'* repre-
sents surfaces that have already been observed. The global
visible mesh is used only for visibility comparison; the
source-specific local meshes used to construct GCA corre-
spondences remain independent. We visualize the octree
subdivision and update process in Fig. 13.

Identifying regions to update. For a newly generated
frame with camera c; and estimated depth D;, we first ren-
der both global proxies into its view. We build a BVH over
the invisible octree leaves and ray-cast it to obtain the depth
di™v(p) of the first invisible voxel along each camera ray.
Separately, we rasterize GV'® to obtain its visible-surface
depth d}(p). Their depth ordering identifies image regions
where previously invisible space appears in front of the sur-
face already represented by the global visible mesh. With
a small comparison tolerance e, the corresponding update
mask can be written as

M (p) = K[d™ () + e < d™(p)] . (19)
Only pixels with a valid current depth and a valid invisible-
voxel intersection are considered for this comparison. We
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Figure 13. Visualization of the Invisible Octree update process. Partially visible voxels are recursively subdivided until each node
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becomes fully visible or fully invisible, or the maximum voxel resolution is reached. With increasing resolution, the Invisible Octree

progressively approximates the true invisible regions in the target view.

use D, within M,' P o reclassify the corresponding octree
region by the same depth-based procedure used during ini-
tialization. Previously invisible nodes can therefore be re-
fined as new observations reveal their contents. We further
back-project and triangulate the masked depth observations
and incorporate the resulting surfaces into GV, Restrict-
ing both updates to newly exposed regions prevents estab-
lished visibility evidence from being repeatedly overwritten
by depth estimates from later generated frames.

Visibility-aware correspondence filtering. The global
Invisible Octree and visible mesh are updated after each
generated chunk as the camera progresses along its trajec-
tory. For each target camera, we project the accumulated
global proxies into the target view and compare their depths
to determine the target-view invisible mask. This mask is
then applied directly to the source—target correspondence
cache, removing candidates that fall within regions deter-
mined to be occluded before GCA accesses the correspond-
ing historical tokens. Importantly, neither global proxy pro-
vides appearance features to the generator. Appearance in-
formation remains entirely within the historical frame la-
tents, while @ and GV* provide only visibility informa-
tion for filtering their geometrically addressed correspon-
dences.

A.S. Keyframe History Retrieval

For each target chunk, we retrieve historical frames based
on their coverage of the views to be generated. Let 7 de-
note the target frames in the chunk, and let Q = {(u,?) |
u € T,i € Q,} be the set of their spatial locations. For
each historical frame s, we project its depth-derived local
geometry into every target view. After filtering occluded
projections with the target-view Invisible Octree mask, we
obtain a coverage set V, C Q.

We retain the first and latest historical frames to provide
scene identity and continuity across chunks. Starting from
these frames, we greedily add the candidate with the largest
marginal contribution to target-view coverage. To limit re-
dundant selection from densely observed regions, we track
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how many selected frames cover each target location g:

ng(S) =Y _Wla € Vi,

seS

A(s | 8) =) H[ng(S) < Neoveredl,

qeEVs

(20)

where S is the current set of selected frames and Novered =
3. At each iteration, we select the remaining frame with the
largest A(s | S) until the history budget is reached. Once
a target location has been covered three times, further cov-
erage of that location contributes no additional score. This
encourages the selected conditions to span the upcoming
target views while retaining multiple observations where
available.

A.6. Depth Update for Streaming Generation

After generating each video chunk, we estimate the depths
of its decoded frames using Depth Anything 3 [22]. Esti-
mating the new frames in isolation could introduce incon-
sistencies with the geometry stored in the history bank. We
therefore include uniformly sampled historical frames as
anchors. For a history bank containing Ny;s frames, we
use the sampling interval Niygerval = max (1, | £zt | ) and
select historical frames at this interval in temporal order. We
jointly feed the anchor frames and newly generated frames
to DA3, together with their corresponding camera intrinsics
and extrinsics. We use its pose-conditioned mode so that
depth estimation is informed by the prescribed camera tra-
jectory. We retain only the depths of the newly generated
frames; the depths already stored in the history bank are left
unchanged. These new depth maps are then appended to
the bank and used to update the visibility proxies for subse-
quent chunks.

B. Dataset and Implementation Details

Dataset preprocessing. We train on DL3DV-10K [23] af-
ter filtering scenes with pronounced motion blur or insuf-
ficient illumination, retaining approximately 6.5K scenes.
Each retained sequence is divided into consecutive, non-
overlapping 55-frame clips at a resolution of 480 x 832.
We use Depth Anything 3 [22] to obtain per-frame camera



Table 3. Training configuration. Rank-32 LoRA adapters and
GCA modules are trained jointly on the frozen Wan2.1-12V-14B
backbone.

Setting Value

Backbone Wan2.1-12V-14B [34]
Training resolution 480 x 832

LoRA rank 32

GCA hidden dimension 640

GCA placement Even-indexed DiT blocks
Numerical precision BF16 mixed precision
12V / H2V sampling ratio 30% / 70%

Retrieved history keyframes 9

Optimizer AdamW

Peak learning rate 1074

Learning-rate warm-up 1K iterations

Training iterations 10K

Global batch size 32

Hardware 32 GPUs

Table 4. Inference cost. Denoising time is measured per step
under matched inputs.

Operation Scope Cost
Wan2.1-14B Per step, One GPU 33.8s5/39.9GB
Wan2.1-14B with GCA  Per step, One GPU  34.5s (+2.1%)/40.9GB
Depth Anything 3 48-frame call 14s

Invisible Octree update 23-frame chunk 34s

poses and depths, and Qwen3-VL-8B-Instruct [4] to gen-
erate video captions. For history-to-video (H2V) training,
the first 32 frames form the history bank, from which nine
keyframes are retrieved; the remaining 23 frames serve as
generation targets. After filtering and processing, the re-
sulting dataset comprises approximately 30K high-quality
video clips.

Training configuration. We use Wan2.1-12V-14B [34]
as the pretrained backbone and freeze its original parame-
ters. Rank-32 LoRA adapters and GCA modules are jointly
trained, with GCA inserted after self-attention in every
even-indexed DiT block. Each GCA module has a hidden
dimension of 640. We zero-initialize its output projection
Wo, so that the GCA residual is initially zero and does not
perturb the pretrained backbone features at the start of train-
ing. The complete training settings are summarized in Ta-
ble 3.

Inference configuration and computation cost. We use
25 denoising steps with a classifier-free guidance scale of
5. Table 4 reports the denoising time per step, depth-
estimation latency, and Invisible Octree update time. We
measure backbone-only and GCA-enhanced denoising on
a single GPU using identical input dimensions and history
configurations. Depth-estimation latency is measured for
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a 48-frame inference call, while Invisible Octree update
time is reported per 23-frame generated chunk. GCA adds
only 1.9% to the backbone parameter count with minimal
denoising overhead. We implement Invisible Octree man-
agement and updates in Warp [25] to enable parallel exe-
cution on the GPU. Both coverage-based history retrieval
and rasterization-based correspondence construction can be
efficiently parallelized on the GPU, introducing negligible
computational overhead during inference.

C. Evaluation Protocols

C.1. Baseline Configuration and Method Compari-
son

Baseline availability. We discuss AnchorWeave [38] as
a related method, but exclude it from quantitative compar-
isons since its inference weights were not publicly available
at the time of evaluation.

Depth and camera-scale alignment. DL3DV-
Evaluation [23] provides camera trajectories whose
scale may differ from that of the depth predicted by base-
lines. Such a mismatch changes the effective magnitude of
the prescribed camera motion and can confound camera-
control comparisons. To establish a common geometric
scale, we estimate multi-view depths for each evaluation
scene using Depth Anything 3 [22]. For the explicit
memory methods requiring an initial-frame depth map,
we align their predicted depth to the DA3 estimate of the
first frame by least-squares scale fitting over valid pixels.
We also provide the same aligned initial-frame depth to
the geometry-based baselines. For UCM [43], we replace
the depth estimator used in its original implementation
with pose-conditioned DA3, as used by Lyra 2.0 [30]
and GEAR in our evaluation, because depth estimated
without conditioning on the supplied camera poses may be
inconsistent with the evaluation trajectory.

Implicit-memory baselines. For HY-WorldPlay [31],
Lingbot-World [29], and Infinite-World [40], we normalize
camera translations according to scene scale before infer-
ence while preserving the prescribed camera rotations and
relative motion. Infinite-World [40] accepts discrete action
inputs rather than continuous camera poses; following its
processing protocol, we convert consecutive relative camera
transformations into the corresponding action sequence. Its
trajectory-adherence results should therefore be interpreted
in light of this action discretization.

Geometry-based correspondence methods. Similar to
our method, UCM [43] and Lyra 2.0 [30] leverage esti-
mated geometry to establish correspondences between his-
torical observations and target viewpoints, without fusing
these observations into a persistent global 3D representa-
tion. The key distinction lies in how the resulting corre-
spondences are incorporated into the generation process.



Spatia Generation

Figure 14. Visualization of the 3D pixel condition and generated frames of Spatia. Even with relatively clean 3D pixel-aligned
conditioning, Spatia exhibits visible temporal instability and image degradation. Under more complex camera trajectories and noisier 3D
pixel-aligned conditioning, frame jitter emerges in the first generated chunk, followed by a complete breakdown of visual content in the

second.

Roaming Time

v

Figure 15. More results across a broader range of data.

Following PE-Field [5], UCM projects historical observa-
tions into relevant target views and warps their positional
encodings, allowing historical and target tokens to inter-
act through geometry-aware attention. To limit computa-
tion, each historical frame is assigned a single relevant tar-
get viewpoint for this warping. Lyra 2.0 instead forward-
warps canonical source coordinates and depth from multi-
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ple retrieved frames, encodes the resulting correspondence
maps, and adds their embeddings to DiT tokens. These de-
signs provide geometric cues for memory access, but do
not explicitly restrict each target patch to attend to its set
of matched historical patches.

GEAR stores the source coordinates of valid history-to-
target patch correspondences and uses them to gather histor-



ical features as keys and values for Geometric Correspon-
dence Attention. A target patch can draw on multiple his-
torical observations, while the Invisible Octree filters can-
didates that are projectable but occluded in the target view.
The resulting attention output is injected through a residual
branch during denoising. This provides direct access to the
visual content of geometrically matched memory patches
while keeping depth errors local to individual source views.

In the comparisons in Figs. 6 and 7, UCM preserves
coherent views early in the rollout but exhibits increas-
ing camera drift and visual degradation under longer or
faster camera motion. Lyra 2.0 is the strongest geometry-
correspondence baseline in these examples, yet also de-
grades under substantial viewpoint changes. These observa-
tions are consistent with the quantitative results in Table 1.

Globally fused 3D memory methods. Spatia [50] recon-
structs historical observations with MapAnything [15], up-
dates a persistent scene point cloud, and renders it from tar-
get viewpoints to produce spatial guidance for subsequent
video generation. As shown in Fig. 14, this can recover con-
vincing observations on some relatively simple rotational
trajectories in WorldScore-Static. In the more challenging
DL3DV-Evaluation examples and long-horizon trajectories,
however, we observe scene distortion and loss of previously
visible content, in some cases beginning within the first gen-
eration window and becoming more severe in subsequent
rollouts. These failures are consistent with errors in the ac-
cumulated point cloud being repeatedly rendered into the
conditioning signal. GEAR avoids this source of persistent
geometric error by retaining visual observations as frame
latents and using their independently estimated geometry
only to address memory.

D. Additional Qualitative and Video Results

We present additional qualitative results on DL3DV-
Evaluation (Fig. 17, 18, 19), WorldScore-Static
(Fig. 20, 21, 22), and the Long-Horizon dataset (Fig. 16),
together with further results demonstrating the perfor-
mance of our method across a broader range of data
(Fig. 15). Please refer to our project page: https:
//zju3dv.github.io/geometry—as—address/
for richer and more dynamic visualizations.
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Figure 16. Qualitative comparison of minute-long challenging camera trajectories results
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Figure 20. Qualitative comparison of WorldScore-Static results.
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