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ABSTRACT

Predictive world models that simulate future observations under explicit camera
control are fundamental to interactive Al. Despite rapid advances, current sys-
tems lack spatial persistence: they fail to maintain stable scene structures over
long trajectories, frequently hallucinating details when cameras revisit previously
observed locations. We identify that this geometric drift stems from reliance on
screen-space positional embeddings, which conflict with the projective geome-
try required for 3D consistency. We introduce ViewRope, a geometry-aware
encoding that injects camera-ray directions directly into video transformer self-
attention layers. By parameterizing attention with relative ray geometry rather
than pixel locality, ViewRope provides a model-native inductive bias for retriev-
ing 3D-consistent content across temporal gaps. We further propose Geometry-
Aware Frame-Sparse Attention, which exploits these geometric cues to selec-
tively attend to relevant historical frames, improving efficiency without sacrificing
memory consistency. We also present ViewBench, a diagnostic suite measuring
loop-closure fidelity and geometric drift. Our results demonstrate that ViewRope
improves long-term consistency while reducing computational costs.

1 INTRODUCTION

Developing pose-conditioned visual world models—predictive simulators that generate future ob-
servations under an explicit viewpoint trajectory—is fundamental to interactive Al systems (Ha &
Schmidhuber, 2018; |Hafner et al., 2023} |Yang et al., 2025bj [Zhang et al., 2025c). Despite remark-
able progress in open-domain video diffusion models (Wan et al.l 2025 Kong et al., 2025} |Google
DeepMind, 2025} Bao et al 2024), current generators fail to maintain long-term geometric con-
sistency: as viewpoints evolve, they do not preserve stable scene structures that can be revisited.
This deficiency becomes most apparent in loop-closure trajectories (e.g., rotate-away-rotate-back),
where the camera returns to a previously observed viewpoint after traversing elsewhere. A consis-
tent world model should reconstruct identical structures and appearances upon revisiting. Instead,
existing generators frequently hallucinate new details or drift, revealing the absence of a reliable
mechanism for retaining and retrieving 3D-consistent content over time.

Existing approaches typically address this challenge through two strategies. The first enlarges con-
text via external retrieval or memory—selecting historical frames based on field-of-view overlap or
maintaining explicit 3D spatial structures (Yu et al 2025a; [Wu et al.| [2025; [Huang et al., [2025a;
Oshima et al., 2025). However, these mechanisms rely on pixel-level concatenation or external
data structures rather than being integrated into the model’s internal representation natively; this
often incurs substantial compute and can become brittle when histories are long or camera motion is
complex. The second employs geometry-first pipelines such as 3D Gaussian Splatting (Kerbl et al.}
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2023)) and specialized novel-view synthesis transformers (Jin et al.|[2024;|Gao et al.|[2024a; |Li et al.,
2025b)—which enforce strict 3D consistency but typically sacrifice open-domain flexibility.

We trace this failure to a bottleneck in positional modeling. Most video transformers parameterize
space—time structure in screen coordinates (x,y,t) via learned absolute/relative embeddings (Su
et al., |2023). However, under camera rotation and translation, correspondence is dictated by pro-
jective geometry: the same 3D point can map to widely separated image locations across time, and
conversely, nearby pixels need not be co-visible. As a result, screen-space positional bias is mis-
aligned with the invariances required for view-consistent generation, inducing geometric drift that
compounds over long trajectories and becomes most evident at loop closure when the camera revis-
its previously observed viewpoints (Sec.[d). The central challenge is thus to equip transformers with
a mechanism to identify and reuse the same physical content across temporally distant tokens whose
image-plane coordinates are decorrelated by camera motion—without resorting to explicit 3D scene
reconstruction or compromising open-domain generative flexibility.

Our key insight is that long-horizon view consistency is governed by angular correspondence of
viewing directions, rather than locality in the image plane—and that this geometric prior can be
embedded directly into the attention mechanism without external memory structures. Under cali-
brated camera motion, two tokens are likely to be informative to each other when their associated
camera rays are co-visible (i.e., intersect the same physical content), even if they are separated
by long temporal gaps and occupy unrelated pixel coordinates. Motivated by this principle, we
propose ViewRope, a geometry-aware positional encoding that injects patch-level viewing-ray di-
rections into self-attention through ray-based rotary transformations of the query/key features. In
contrast to standard 2D/3D RoPE, which encodes pixel-space offsets, ViewRope parameterizes at-
tention as a function of relative ray geometry, enabling the attention mechanism to retrieve and
reuse consistent 3D content from long histories without external modules. Unlike explicit memory
approaches that maintain external data structures, ViewRope realizes geometric correspondence im-
plicitly through attention itself, offering a lightweight and complementary mechanism. To further
support long-context generation, we introduce Geometry-Aware Frame-Sparse Attention, which
leverages geometry-conditioned relevance to select a small set of co-visible historical frames, replac-
ing quadratic dense attention with geometry-driven sparsity while preserving loop-closure fidelity.

To evaluate view consistency directly, we introduce ViewBench, a diagnostic benchmark tailored
to camera-conditioned long-horizon generation. Unlike generic perceptual metrics (e.g., FVD/IS)
that primarily measure frame quality, ViewBench targets loop-closure trajectories such as rotate-
away-rotate-back and quantifies revisit fidelity and geometric drift. Experiments show that our
approach improves view-consistency on ViewBench, particularly at moderate rotation angles (30°—
75°), while remaining efficient, narrowing the gap between geometry-rigid 3D pipelines and open-
domain diffusion generators. Our contributions are summarized as follows:

* ViewRope: a geometric positional encoding that injects parch-level camera-ray directions into
attention, yielding a model-native inductive bias for long-term geometric consistency.

* Geometry-Aware Frame-Sparse Attention: an efficient, geometry-conditioned retrieval mecha-
nism selecting co-visible past frames, enabling consistent long-video generation with low latency.

* ViewBench: a targeted evaluation suite for quantifying view-consistency and loop-closure behav-
ior in camera-conditioned video generation models.

2 RELATED WORK

2.1 CONDITIONING TRANSFORMERS ON CAMERA GEOMETRY

Camera conditioning is essential for binding geometric viewpoint information to visual tokens
in multiview and video transformers. A dominant approach is to encode camera parameters
into raymaps—per-pixel 6D embeddings containing ray origins and directions or Pliicker coordi-
nates Mildenhall et al.|(2020); Zhang et al.| (2024);|Gao et al.|(2024b); Jin et al.| (2024); |Weber et al.
(2025). Concatenating these raymaps to input tokens allows models to condition on both intrinsics
and extrinsics [Zhang et al.| (2024). However, raymaps typically rely on a global reference frame,
which can be arbitrary and hinder generalization |[Mildenhall et al.[(2019); |Guizilini et al.| (2024).
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To mitigate this, recent methods employ relative attention-level encodings that leverage the geo-
metric relationship between views. CaPE and GTA embed relative SE(3) pose by applying trans-
formations directly to attention mechanisms [Safin et al.| (2023); [Miyato et al.| (2024)); [Kong et al.
(2024). PRoPE [Li et al.| (2025b) models the complete relative projective transformation, encoding
both camera intrinsics and extrinsics within the attention mechanism to better ground visual tokens
in 3D space. While these methods improve view synthesis and avoid global frame dependency,
they operate at per-camera granularity—all patches within a single view share the same encoding—
lacking fine-grained within-view geometric modeling. In concurrent work, RayRoPE (Wu et al.,
2026) predicts per-token depth and computes expected RoPE under depth uncertainty, adding depth
awareness at the cost of extra parameters. ViewRope is complementary: it prioritizes simplicity
with direction-only SO(3) encoding while achieving strong loop-closure performance; integrating
depth-aware encoding is a promising future direction.

2.2 INTERACTIVE WORLD MODELS

Recent interactive world models enable controllable simulation of physical environments by con-
ditioning video generation on user actions and historical context (Che et al. (2024); Zhang et al.
(2025¢); L1 et al.| (2025a). To support real-time interaction, the field has seen a paradigm shift from
bidirectional diffusion to causal or autoregressive architectures |Valevski et al.| (2024); Yin et al.
(2025); Yang et al| (2025a)); Huang et al.| (2025b), often utilizing KV-caching and distillation to
accelerate inference. While scaling training on massive gameplay datasets enables foundation mod-
els like Matrix-Game (Zhang et al., |2025¢) and Hunyuan-GameCraft |Li et al.| (2025a) to achieve
high-dynamic controllability, maintaining long-term spatial consistency—particularly during scene
revisits—remains a critical bottleneck (Lian et al., [2025)).

To address this limitation, recent works introduce explicit memory mechanisms. Context-as-
Memory (Yu et al) 2025a)) retrieves historical frames based on field-of-view overlap and con-
catenates them into the generation context. Memory Forcing (Huang et al., 2025a) incorporates
a geometry-indexed spatial memory to enforce coherence across extended horizons. More ambi-
tiously, Wu et al. (Wu et al., [2025) propose augmenting world models with explicit 3D point-cloud
memory inspired by human spatial cognition, while WorldPack (Oshima et al., 2025)) compresses
trajectory history via packing and selective retrieval. These memory-based approaches demonstrate
improved loop-closure consistency but rely on external data structures that are not native to the at-
tention mechanism. Our work instead embeds geometric correspondence directly into positional
encoding, enabling implicit memory retrieval through attention without auxiliary modules.

2.3 SPARSE ATTENTION WITH LONG SEQUENCE

The quadratic complexity of the self-attention mechanism with respect to sequence length poses a
significant challenge for modeling long sequences. To address this bottleneck, recent works have
explored sparse attention mechanisms that reduce computational cost by attending to only a sub-
set of tokens. In both language and vision domains, various sparse attention methods have been
proposed. These approaches typically rely on learnable schemes (Gao et al., 2025} DeepSeek-Al
et al} [2025), pattern-based selection (Lai et al., [2025; [Xi et al. [2025), or low-cost dynamic es-
timation (Zhang et al., 2025bja; [Zhu et al., 2025bza). However, in the setting of Autoregressive
Diffusion for video generation, sparse attention remains relatively underexplored. Current state-of-
the-art approaches typically rely on Sliding Window Attention to handle long temporal sequences.
For instance, LongLive (Yang et al., [2025a)) utilizes short window attention combined with frame
sinks to maintain efficiency and consistency during real-time interactive long video generation.

3 METHOD

3.1 PROBLEM FORMULATION

We study pose-conditioned video generation as a visual world model. Given an initial observation
X (or a short context x<) and a target camera trajectory, the model generates a future video x1.7
that is consistent with the specified viewpoint evolution.
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Let C1.1 = {(Ry,P;, K;)}]_, denote the camera trajectory, where R; € SO(3), P; € R3, and
K, € R3*3 represent camera rotation, translation, and intrinsics at time ¢, respectively. Optionally,
we map the trajectory to a low-level action prompt (e.g., turn, move) and provide a global text
description of the scene. We denote the resulting text/action conditioning by ). Our goal is to learn
the conditional distribution

po(x1.7 | X<0,C1:7, Y). ()

Standard video generators mainly enforce local temporal coherence, which only constrains adjacent
frames. For a generic photometric/perceptual distance d(-, ), this is captured by

T
Etemp(g) = Eprg Z d(xt7 thl) . (2)
t=2

Such objectives do not prevent long-horizon geometric drift under camera motion, because screen-
space proximity is not aligned with physical correspondence.

In contrast, a pose-conditioned world model must satisfy a loop-closure requirement: if the camera at
time ¢ revisits (approximately) a viewpoint observed at some k < ¢, then the rendered observations
should agree up to projective geometry on their co-visible region. Concretely, define the revisit
indicator

Wtk = I[(A(Ct,Ck) S 5) s k< t7 (3)

where A(-,-) measures pose similarity (e.g., rotation/ translation discrepancy under calibrated in-
trinsics) and ¢ is a tolerance threshold. When w; , = 1, the generated frames x; and x;, should
be photometrically consistent on their co-visible region €2, ;. Let W, denote the projective warp
from ¢ to k (see Appendix |B|for details). We formalize this via a loop-closure loss:

T
L(60) = Exw[zzwt,k Y () — xWher(w)) . @

t=1 k<t ueQ;

where p(-) is a robust penalty. Note: Eq. (4) is not directly optimized during training; it formalizes
the consistency requirement that motivates our architectural design.

The difficulty is that this loop-closure objective couples frames across arbitrarily long temporal
gaps: achieving loop closure requires retrieving geometrically corresponding content from a long
history under causal (streaming) generation. Rather than explicitly optimizing a pixel-level consis-
tency loss, we parameterize py with a Diffusion Transformer (DiT) and inject 3D view geometry into
its attention mechanism, so that (i) attention scores become sensitive to relative viewing rays, and
(i1) the model can efficiently select and attend to the most geometrically relevant historical frames
while generating online.

3.2 VIEWROPE: VIEW-CENTRIC POSITIONAL ENCODING IN ATTENTION

We introduce View-centric Position Encoding (ViewRope), encoding each token’s 3D viewing di-
rection directly into the attention mechanism. Unlike 2D/3D positional embeddings or global pose
tokens, ViewRope assigns a per-patch rotation derived from camera intrinsics/extrinsics, so attention
can operate on relative view geometry at patch granularity.

Per-patch ray construction. For a patch centered at pixel coordinates (u, v) in camera/view i, we
compute its normalized viewing ray r; ,, € S? (the unit sphere) in the camera coordinate system
using intrinsics K;:
-1 T
K [u,v,1]
T w10, . 11T
IS w0, ] T2

We then build a local rotation Rllocualv € SO(3) that maps the canonical optical axis z = [0,0,1] T to
T u,v, Cchoosing the minimum—angl’e rotation (i.e., the rotation whose axis lies in the plane spanned
by z and r, computed via the Rodrigues formula). Combining with the camera extrinsic rotation
RS*™, we obtain a world-aligned view rotation:

&)

T uw

R; ., = R RS (6)

RTRON
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Figure 1: Method overview. (a) ViewRope computes per-patch viewing rays from intrinsics, con-
structs local rotations, and rotates query/key feature subvectors in attention. The resulting dot prod-
uct encodes relative angular relationships between viewing rays. (b) Geometry-Aware Frame
Sparse Attention estimates block (frame) relevance and selects top-k geometrically relevant his-
torical frames, replacing quadratic dense attention with geometry-driven sparsity.

Rotating query/key feature subvectors. Let q € R? and k € R? be query/key vectors for a
token. We reserve a subset of channels that can be grouped into m 3D subvectors (so 3m < d), and
rotate each subvector by R; 4, o

VR(q7 Ri,u,v) = Q', @)

where qg&?,”?, = R y,0q30:3043, £ = 0,...,m — 1. We apply the same transformation to keys.
Intuitively, this aligns a portion of the feature space with the physical viewing direction of each patch
in world coordinates.

Geometry-aware attention scores. Consider a query token from view ¢ at (u;, v;) and a key token
from view j at (u;,v;). Their rotated dot product becomes

<VR((L Ri,ui,vi)v VR(k7 Rj,uj,vj» = qTR;rul,'U, Rj,uj,vjk = qT (RZ_,'LL,UI ijujvvj) k (8)

The relative rotation R1 ;v Rjuy,v; captures the angular relationship between the two viewing
rays. This makes attention naturally sensitive to 3D view similarity, improving long-range recall
and loop closure consistency.

3.3 GEOMETRY-AWARE FRAME SPARSE ATTENTION

Long-context generation with dense attention scales quadratically with sequence length. To sup-
port streaming world-modeling over many frames, we adopt a frame-aligned block-sparse attention
scheme inspired by SampleAttention [20254). The key design is to set the block size B
to exactly match one latent frame, so blocks correspond to time steps. As ViewRope encodes 3D
viewing geometry in the attention space, we can directly estimate frame-level geometric relevance.

Let Q, K,V € REXPD be token sequences, partitioned into N blocks of size B (L = N B). Denote
block i as Q; € RP*P and block j as K;, V; € RE*P.

Block relevance estimation (stochastic). Instead of computing full block-to-block attention, we
sample a small set of token indices S C {1,..., B} of size K, (e.g., K; = 10) and estimate a
head-averaged affinity:

LA L 9)

We then apply a causal constraint via a block mask Mcausal (disallowing j > ¢ in the streaming
setting) by setting S;; = —occ when M = 0.
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Top-k block selection. For each query block 7, we select the top-k key blocks under S, j among
valid past blocks:

7; = TOpK({gZJ}J Af;;usal:1>. (10)
We always include j = ¢ to preserve local context. The final sparsity mask is
My, = 1 if(y 6'72 orj=i1) A Micj?‘usa' =1,
0 otherwise.

Y

Sparse attention computation. We compute attention for block ¢ only over selected blocks:

i (K ar,=13) "
Oi:SOftmaX<Q( 1 20,=1}) )V{j|1\/[i_i—1}' (12)

VD

With fixed k, the attention cost scales linearly with the number of frames, enabling efficient long-
horizon generation. We implement the sparse attention kernel with TileLang (Wang et al., 2025)),
following the optimization principles of FlashAttention (Dao| 2023).

Training vs. inference (streaming with cache). We utilize teacher-forcing (Arriola et al.| 2025)
to enable AR-generation. During training, historical frames are taken from ground-truth latents,
forming a clean KV cache; the current denoising step queries this cache with ViewRope-rotated
features and a top-k frame mask. During autoregressive inference, we maintain a KV cache of
previously generated latent frames and apply the same relevance estimation and top-k selection
at each denoising step, preserving causality while retrieving geometrically relevant history. The
detailed training and inference procedures are shown in Algorithm|[I]

3.4 PROGRESSIVE TRAINING PIPELINE

To stabilize adaptation to autoregressive streaming generation and long contexts, we employ a pro-
gressive schedule:

Stage I: Short-clip teacher forcing. Train on short clips (e.g., ~17 frames) with teacher forcing
to align the model with the autoregressive generation interface and caching behavior. Stage II:
Introduce ViewRope. Enable ViewRope while keeping clips short, allowing the model to learn
view-conditioned correspondence without the confound of very long contexts. Stage III: Enable
Frame Sparse Attention. Activate frame-aligned block sparsity to adapt the model to long-context
retrieval efficiently, while keeping sequence lengths moderate. Stage IV: Scale context length.
Increase training sequence length substantially under sparse attention, endowing the model with
long-horizon video generation and improved loop-closure consistency.

4 EXPERIMENTS

We conduct experiments to validate the effectiveness of ViewRope. All experiments use the same
backbone, training budget, and data to ensure fair comparison.

4.1 EXPERIMENTAL SETUP

Datasets and Benchmarks. We evaluate on ViewBench, a diagnostic benchmark we construct
to systematically evaluate view-consistency under camera motion. Existing datasets hold limi-
tations for expected and unified evaluation: Unlike existing datasets—Context-as-Memory (Yu
et al.,2025a) (yaw-only) and GF-Minecraft (Yu et al.,|2025b) (no geometric overlap annotations)—
ViewBench provides: (i) complete 3-axis rotation coverage (yaw, pitch, roll) with systematic angle
sampling; (ii) round-trip loop-closure (Lian et al,, [2025) trajectories; (iii) 10 photorealistic UES
environments. The training set contains 1k+ video sequences (~500k frames), and the evaluation
set consists of 600 separately collected samples with non-overlapping trajectories. ViewBench is
publicly available[ﬂ See Appendix |C|for detailed comparison and dataset specifications.

Metrics. We report metrics across three categories: 1) Visual Quality: PSNR, SSIM, LPIPS—
standard metrics for frame-level reconstruction quality; 2) Loop Closure Error (LCE): LPIPS

'https://github.com/jedward225/viewbench-dataset
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Table 1: Position encoding comparison on ViewBench. We report visual quality (PSNRT, SSIMT,
LPIPS]) and geometric consistency (LCEJ) for 30° and 75° view synthesis. Best in bold. Extended
comparisons with additional baselines (Pliicker, PROPE) are provided in Appendix D.3]

30 deg 75 deg

Method ‘ PSNR SSIM LPIPS| LCE| ‘ PSNR SSIM LPIPS| LCE|

3D RoPE 1709 04133 04219 04929 | 1478 03634 05501  0.4831
GTA 1733 04325 04165 04707 | 15.12 03784 05403  0.4723
ViewRope (Ours) | 17.53  0.4378  0.4080  0.4497 | 1527 03916  0.5398  0.4562

between the starting frame x( and the generated frame x; upon returning to the start pose, directly
measuring persistent spatial memory. Lower is better.

Baselines. We compare against position encoding methods that differ in how they encode camera
geometry: 1) 3D RoPE (Su et al.|[2023): Standard temporal-spatial RoOPE without camera geometry,
serving as a no-geometry baseline; 2) Pliicker (Zhang et al.| 2024): Additive conditioning with
6D Pliicker coordinates per pixel, encoding both ray origin and direction; 3) GTA (Miyato et al.,
2024): Relative SE(3) transformation applied to attention at per-camera granularity; 4) PRoPE (Li
et al., 2025b): Relative projective encoding capturing both intrinsics and extrinsics at per-camera
granularity. A key distinction is that Pliicker, GTA, and PRoPE all operate at per-camera level (all
patches in a view share the same encoding), while ViewRope operates at per-patch level (each patch
receives a unique rotation based on its individual ray direction). Due to training budget constraints,
the main comparison (Table E]) focuses on 3D RoPE, GTA, and ViewRope; extended comparisons
including Pliicker and PROPE are in Appendix [D.3]

Furthermore, we investigate the integration of ViewRope with various sparse attention mechanisms,
including our proposed Geometry-Aware Sparse Attention and sliding window attention, to validate
the effectiveness of our algorithm and demonstrate the efficiency improvements achieved through
sparse attention patterns.

Implementation Details. We build upon WAN 2.2 TI2V-5B (Wan et al.,[2025)), a text-and-image-to-
video diffusion transformer, and adapt it for streaming video generation via teacher-forcing training.
The training data combines Context-as-Memory (Yu et al.,[2025a), GF-Minecraft (Yu et al., 2025b),
and ViewBench at a 1:1:1 sampling ratio. All RoPE variants are applied to the same channels
for fair comparison. The ViewBench evaluation set is separately collected with non-overlapping
trajectories. See Appendix for detailed training configurations.

4.2 VIEW CONSISTENCY COMPARISON

Table [I] presents the quantitative comparison on ViewBench. We make three key observations:
(1) ViewRope achieves the best loop closure performance. ViewRope reduces LCE by around
4% compared to GTA, the strongest baseline. This demonstrates that per-patch ray encoding pro-
vides more precise geometric alignment than per-camera encoding when revisiting previous view-
points. (2) Geometry-aware encoding consistently outperforms absolute encoding. Both GTA
and ViewRope outperform 3D RoPE, confirming the findings of prior work (L1 et al.| [2025b}; | M1y-
ato et al.| [2024) that relative geometric relationships are more effective than absolute coordinates.
(3) ViewRope maintains competitive visual quality. Despite focusing on geometric consistency,
ViewRope achieves comparable or better PSNR/SSIM than baselines, indicating that the geometric
inductive bias does not sacrifice generation quality. We further compare with additional baselines
(Pliicker, PRoPE) under an extended training budget in Appendix where ViewRope’s per-patch
encoding consistently outperforms per-camera alternatives.

Comparison with State-of-the-Art Interactive World Models. We further compare ViewRope
with two leading interactive world model systems: Matrix-Game-2 (Zhang et al., [2025¢) and HY-
WorldPlay (Li et al.|[2025a). ViewRope consistently outperforms both baselines across all evaluated
rotation magnitudes (30°-75°). The improvement is most pronounced in loop-closure error (LCE):
ViewRope reduces LCE by 6.5% compared to HY-WorldPlay at 30°, 7.9% at 45°, and 11.4% at 75°,
demonstrating that per-patch geometric encoding provides stronger spatial memory than action-
conditioned approaches. Notably, the performance gap widens with increasing rotation angle, sug-
gesting that ViewRope’s ray-based attention becomes more beneficial for larger camera excursions
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Table 2: Sparse attention comparison on ViewBench. We report visual quality (PSNRT, SSIMT,
LPIPS]) and geometric consistency (LCE|) for 90° and 180° view synthesis. Best in bold.

Method 90 deg 180 deg

PSNR SSIM LPIPS| LCEJ] |PSNR SSIM LPIPS| LCE|
Sparse w/o ViewRope 1097 0.080 0.8887 0.8932 | 9937 0.0618 0.9286 0.9243
GTA w/ Sparse 8.603 0.0755 0.8316 0.8020 | 9.275 0.078 0.8062 0.7924

ViewRope w/ Sliding Window | 1520 0.3701 0.5513  0.6543 | 14.44 0.3406 0.6139 0.6598
ViewRope w/ Sparse (Ours) 15.61 0.4001 0.5382 0.5445 | 14.35 0.3458 0.6043 0.5609

where geometric correspondence is critical. Qualitative comparisons and extended results including
large-angle (90°-180°) trajectories are provided in Appendix

4.3 EFFICIENCY OF GEOMETRY-AWARE SPARSE ATTENTION

Experiments setup. To validate sparse attention, we continue training the models from Section
on 61-frame sequences with various sparse attention mechanisms (top-k=>5) for 6k steps, then on
201-frame sequences for 2k steps to enable longer sequence generation. We evaluate on 90° and
180° scenarios which require longer sequences.

Table 2] shows the results of sparse attention comparison on ViewBench. We make two key ob-
servations: (1) ViewRope w/ Sparse consistently outperforms other methods. ViewRope w/
Sparse outperforms all baselines, reducing LCE by 16% compared to sliding window attention.
This demonstrates that our geometry-aware sparse attention mechanism is more effective for long-
sequence view synthesis. (2) ViewRope stabilizes sparse training. We found that both naive
sparse attention (without geometric encoding) and GTA w/ Sparse suffer from loss divergence dur-
ing training, whereas ViewRope w/ Sparse maintains stable convergence throughout. We attribute
this stability to ViewRope’s ray-based rotations, which impose geometrically meaningful structure
on the Q/K dot products used for relevance scoring (Eq.[9). This structure yields more reliable frame
selection and, consequently, more stable gradient signals during sparse training.

Counterfactual Validation. To verify causal relevance, we replace the top-k selected frames with
alternatives: random selection degrades LCE from 0.5609 to 0.7027 (+25.2%), and explicitly ex-
cluding the selected frames causes even worse degradation to 0.7744 (+38.1%), confirming that our
geometry-aware selection identifies causally important frames.

Temporal Head Geometry Head Estimated Map

Figure 2: Visualization of attention specialization. Left: A standard temporal head focuses on
recent or temporally periodic frames. Middle: A geometry-aware head captures long-range spatial
overlap (evident in the antidiagonal activation during loop closure). Right: The aggregated attention
map illustrates how geometric cues guide sparse block selection.

Visualizing Geometric Relationships. To further substantiate that the model learns meaningful
geometric relationships, we visualize the attention maps for a loop closure sequence in Figure [2]
We observe that different attention heads specialize in distinct patterns: while common heads (left)
focus on temporal locality, specific geometry-sensitive heads (middle) emerge to capture spatial
overlap. Notably, these geometry heads exhibit high activation for temporally distant but spatially
aligned frames. This geometric signal is successfully integrated into the final estimated attention
map (right), thereby guiding the block selection mechanism to retrieve the correct historical context.

Efficiency Comparison. We evaluate computational efficiency. Sparse attention (top-k = 5) re-
duces training time from 27.66 sf/iter to 22.01 s/iter on 201-frame sequences, achieving a ~25%
acceleration compared to dense attention.
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sliding sparse sliding
window attention window

sparse
attention

Figure 3: Case study. Upper and lower sequences show ViewRope with Sliding Window and Sparse
attention, respectively.

Case Study. Figure [3] shows cases where ViewRope w/ Sparse outperforms other methods. In
Figure [3[a), the green column on the right side disappears after the turn under the sliding win-
dow method, while ViewRope maintains it well. In Figure [3(b), the blue wall on the right side
becomes blurry and exhibits noticeable drift and hallucinated details under the sliding window
method, whereas ViewRope accurately recovers the original scene structure. This demonstrates
that ViewRope’s geometry-aware sparse attention mechanism is more effective for long-sequence
geometry-aware retrieval.

4.4 ABLATION STUDIES

Channel Allocation for ViewRope. We ablate where to embed ViewRope within the 128-
dimensional 3D RoPE structure (T/H/W = 44/42/42 dims). Among four strategies tested (Table[7]in
Appendix [D.2), embedding in the T-dimension low-frequency bands (ch 32-44) performs best, as it
encodes view information without disrupting spatial representations in H/W. Replacing original 3D
RoPE or distributing ViewRope across all dimensions degrades performance.

Number of Retrieved Frames. Due to space constraints, we provide the ablation on the number of
retrieved frames (k) in Appendix[D.1] Increasing k generally improves visual quality (PSNR, SSIM)
by accessing more texture details, but geometric consistency (LCE) peaks at £k = 5, suggesting a
trade-off between texture richness and geometric precision.

5 CONCLUSION AND FUTURE WORK

We presented ViewRope, a geometric positional encoding that embeds per-patch camera-ray di-
rections into video transformer attention, enabling long-term 3D consistency—especially in loop-
closure scenarios. Combined with Geometry-Aware Sparse Attention, which selectively attends
to geometrically relevant history frames, our approach achieves state-of-the-art consistency on the
newly proposed ViewBench while substantially reducing computational cost. Limitations include
degraded performance under drastic scene transitions and large-angle trajectories (90°-180°), where
systems leveraging variable-frame-rate training and context-forcing distillation currently excel (see
Appendix [C.6). Future directions include self-forcing training (Huang et al, 2025b), depth-aware
encoding, and extension to more complex geometric environments.
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A APPENDIX

We provide the detailed training and inference pipeline with Frame Sparse Attention under Teacher
Forcing as shown in Algorithm|[T]

Algorithm 1 Training and Inference with Frame Sparse Attention under Teacher Forcing

1: Training Procedure: 1: Inference Procedure:
2: Input: Clean sequence Zo, Camera sequence C, 2: Input: First frame xo, Camera sequence C, Text
Text Y Yy

3: Noising: Add noise N to Zg to obtain Z; 3: for cin C do

4: pred < Model(Zo, Z+,C,)) 4 Initialize noise n;

5: L + FlowMatching_loss(pred, Zg, N) 5 for step in DenoiseSteps do

6: Inside Attention: 6: pred < Model(n¢, ¢, V)

7:  Imput: Clean Qo, Ko, Vo, Camera sequence 7 n; < ODE_Update(n;, pred)
C 8

s : Inside Attention:
8:  Input: Noise Q:, K;, V. 9: Given q¢, ko, vo (Clean KV Cache)
9: Qo, Q: + VR(Qo,C), VR(Q¢,C) 10: Sample indices Z randomly
10: Ko, K: « VR(Ko,C), VR(K¢,C) 11: e, ke — qe[Z], ko[Z]
11: Q7K7V(_ [QO7Q47[K07K47[V07V’] 12: S<—Qc'ch
12: Sample indices Z randomly 13: M <« TopK(softmax(s))
13: s« q[Z] - k[Z]" 14: o —
14: s < ApplyTeacherForcingMask(s) FrameSparseAttention(qz¢, ko, vo, M)
15: M « TopK(softmax(s)) 15:  end for
16: o < FrameSparseAttention(q, k, v, M) 16:  mnp < ng
17:  Model(no, ¢, cache=True) {Cache current
frame}
18: end for

A.1 TRAINING CONFIGURATION

We provide detailed training configurations for reproducibility.

Model and Resolution. We build upon WAN 2.2 TI2V-5B (Wan et al., 2025), a text-and-image-
to-video diffusion transformer with 5 billion parameters. The training resolution is 480 x 832 with
61 frames per clip. To convert the model into a streaming video generator, we use teacher-forcing
training to align the model with the autoregressive generation interface and KV-caching behavior.

Optimization. We train with a batch size of 64 for 6k steps, using the AdamW optimizer with

learning rate 5 x 10~° and linear warmup for 50 iterations. The training process takes approximately
2 days on 16 NVIDIA A100 GPUs.

Training Data. The training data consists of three sources:

* Context-as-Memory (Yu et al., 2025a)): ~760k frames of yaw-only camera motion sequences.
* GF-Minecraft (Yu et al.l 2025b): ~4M frames of gameplay videos with diverse actions.
* ViewBench: ~500k frames of synthetic sequences with complete 3-axis rotation coverage.

To obtain a balanced distribution of camera poses and scene geometries, we adjust the sampling rate
of each dataset to achieve a 1:1:1 ratio during training.

Fair Comparison. All RoPE variants (3D RoPE, GTA, ViewRope) are applied to the same chan-
nels of the latent representation to ensure fair comparison. The channel allocation follows the ab-
lation study in Section where ViewRope is embedded in the lowest frequency bands of the
temporal dimension (channels 32-44).

B Loopr CLOSURE FORMULATION

This section provides the formal definition of loop-closure consistency referenced in Section 3.1.
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Standard video generators enforce local temporal coherence via objectives of the form Liemp(0) :=

Exrpg 23:2 d(x¢,%¢—1)|, which only constrain adjacent frames and do not prevent long-horizon

geometric drift.

A pose-conditioned world model must additionally satisfy loop closure. Define the revisit indicator
wy = L(A(C,C) <€), k<t, (13)

where A(-, -) measures pose similarity and ¢ is a tolerance threshold.

Let W), .; denote the image warp induced by the relative camera motion and scene geometry. For a
pixel u = (u, v) with homogeneous coordinate @ = [u, v, 1] T, and a depth field D; at time ¢:

X;(u) == K; 't D;(u), (14)
X (u) := RyR; "Xy (u) + (P — RyR;'Py), (15)
Whet(u) := ﬂ'(Kk Xk(u)), (16)

where 7(-) denotes perspective division. The loop closure loss Lic(f) enforces x:;(u) =
X (Wht(u)) for u € 4 i, (the mutually visible region). We formalize this as:

Le(0) = Exupy | Y > wese Y p(xe(w) = x5 (Wree(w))) | (17

t=1 k<t ueQ, &

where p(+) is a robust penalty (e.g., Huber).

C VIEWBENCH BENCHMARK
This appendix provides additional details on ViewBench.
C.1 DATASET COMPARISON

Table [3|compares ViewBench with existing datasets.

Table 3: Comparison with existing datasets. ViewBench fills gaps in evaluating view-consistency
for interactive world models.

Property | CaM GF-MC ViewBench
Yaw v v v
Pitch X v v

Roll X X v
Loop-closure trajectories X X v
Controlled angle magnitudes X X v
Per-frame SE(3) c2w partial X v
Overlap annotations FOV-based X depth-based
Engine UES MC UES

C.2 SCENE ENVIRONMENTS
ViewBench comprises 10 photorealistic UES environments spanning indoor, outdoor, urban, and

natural settings (Table[d). The diversity in geometry, lighting, and texture ensures evaluation results
generalize across visual conditions.

C.3 CAMERA ROTATION RANGES

ViewBench trajectories are organized into two parts.

Part 1: Pure rotation. The camera is stationary and performs rotation-only motion covering all 7
axis combinations (3 single-axis + 3 dual-axis + 1 triple-axis). Each trajectory follows a rotate-away-

rotate-back loop-closure design, with rotation magnitudes sampled from {30°, 75°, 90°, 180°}. For
each of 10 scenes x 7 axis combinations, we generate 100 samples, yielding ~7,000 clips.
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Table 4: ViewBench scenes.

Scene | Type | Description
Abandoned_HongKong | Outdoor/Urban Mid-scale urban ruins
Abandoned_Mall Indoor Two-floor shopping mall
DeadCity Outdoor/Urban Derelict city, dark lighting
PostApocalypticCity Outdoor/Urban Large-scale post-apocalyptic
FPS_Template Outdoor/Desert Middle-Eastern battlefield
Container_Yard Outdoor/Industrial | Container stacking yard
Rome Outdoor/Historical | Roman-style architecture
SuburbsCityPack Outdoor/Suburban | Suburban street scene
ChineseAlley Outdoor/Cultural Chinese-style alleyway
UrbanDistrict_Gate Indoor-like Narrow shantytown alleys

Part 2: Rotation + translation. The camera moves within a compact exploration radius while
simultaneously rotating, mimicking interactive navigation. Each sequence is composed of actions
randomly drawn from four types: RotateOnly (in-place camera rotation), MoveOnly (pure WASD
translation without rotation), MoveAndRotate (simultaneous translation and rotation), and Orbit
(circular motion around a point of interest). All action types may include roll rotation with type-
specific probabilities and ranges.

C.4 DATA FORMAT

Each frame is annotated with a 4 x 4 camera-to-world (c2w) SE(3) matrix, Euler angles (pitch,
roll, yaw), position in centimeters, FOV (including the vertical one and the horizontal one), and
binary WASD key states. The rotation matrix follows a ZYX convention (R = R,(yaw) -
R (pitch) - R, (roll)) in UE5’s left-handed coordinate system (X-Forward, Y-Right, and Z-Up).
A post-processing pipeline converts ViewBench data into the action formats used by CaM and GF-
Minecraft, enabling unified evaluation. Depth-based frame overlap annotations are also provided for
attention recall analysis.

C.5 TRAINING AND EVALUATION SPLITS

Training. The training set combines Part 1 (pure rotation) and Part 2 (rotation + translation) data,
totaling 1,059 video sequences (~500k frames at 30 fps) across 10 scenes. During training, View-
Bench data is mixed with CaM and GF-Minecraft at a 1:1:1 sampling ratio. The evaluation set is
separately collected from the training set with non-overlapping trajectories, ensuring no data leakage
between training and evaluation.

Evaluation. The evaluation set consists of separately collected Part 1 pure-rotation loop-closure
trajectories from the same 10 scenes, totaling 600 samples. Each sample is downsampled to 16 fps
and contains 61 frames, providing a first frame, the full camera trajectory with per-frame SE(3)
poses, and ground-truth UE5-rendered video. We evaluate frame-level PSNR, SSIM, and LPIPS
against the ground truth, as well as Loop Closure Error (LCE):

LCE = LPIPS(xq, X7), (18)
where xg is the ground-truth first frame and X7 is the generated frame at the return pose. LCE

isolates the challenge of remembering previously seen content after an extended camera excursion.

C.6 COMPLETE BASELINE RESULTS ON VIEWBENCH

Table 5] presents results including large-angle (90°, 180°) trajectories.

Extended analysis of large-angle performance. At rotation magnitudes of 90° and above, HY-
WorldPlay outperforms ViewRope in LCE despite using a distilled 4-step model (Table [5). Two
system-level factors contribute to this gap. First, fitting large-angle round-trip trajectories into fixed-
length evaluation sequences increases the per-frame angular step well beyond what our model en-
counters during training, causing under-rotation at inference. HY-WorldPlay addresses this through
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Table 5: Complete baseline results on ViewBench across all rotation magnitudes. Best in bold.

Angle Model | PSNRT SSIMT LPIPS| LCE|

Matrix-Game-2 14.27 0.2806 0.5723 0.5553
30° HY-WorldPlay 17.04  0.4238 0.4697 0.4811
ViewRope (ours) | 17.53  0.4378 0.4080 0.4497

Matrix-Game-2 13.55 0.2535 0.6071 0.6175
45°  HY-WorldPlay 16.38  0.4085 0.5096 0.4944
ViewRope (ours) | 16.74 0.4130 0.4527 0.4545

Matrix-Game-2 13.46  0.2625 0.6084 0.6288
75°  HY-WorldPlay 15.19 0.3847 0.5643 0.5151
ViewRope (ours) | 15.27 0.3916 0.5398 0.4562

Matrix-Game-2 1241 0.1878 0.6684 0.7121
90°  HY-WorldPlay 16.56 0.4174 0.4970 0.4169
ViewRope (ours) | 15.61 0.4001 0.5382 0.5445

Matrix-Game-2 12.74  0.2033 0.6310 0.6732
180° HY-WorldPlay 14.82 03403 0.5978 0.4413
ViewRope (ours) | 14.35 0.3458 0.6043 0.5609

variable-frame-rate training and RL-based action post-training. Second, our teacher-forcing setup
leads to compounding errors over long autoregressive rollouts, whereas HY-WorldPlay employs
context-forcing distillation with self-correction. Notably, both factors are orthogonal to the posi-
tional encoding itself: ViewRope consistently improves LCE over GTA under identical training
conditions at every angle. Combining ViewRope with self-forcing (Huang et al.l 2025b) or RL-
based post-training to close this gap at extreme angles is a natural next step.

C.7 QUALITATIVE COMPARISON

We present qualitative comparisons between Matrix-Game-2.0 (M-G 2.0), HY-WorldPlay (HY-
World), and ViewRope (Ours) on ViewBench loop-closure trajectories. Each case shows the input
first frame (left) followed by keyframes sampled from the generated video. Arrow icons indicate
the camera rotation direction at each keyframe. The camera first rotates away from the starting
viewpoint and then returns, forming a closed loop.

Case 1: Yaw + Pitch in an urban street scene (Figured). The camera rotates upward and right-
ward, then reverses back to the starting view. M-G 2.0 produces severe brightness collapse mid-
trajectory, losing nearly all scene content in the dark frames. HY-WorldPlay maintains plausible
appearance but exhibits geometric drift—building structures shift position upon return. ViewRope
preserves both the scene structure and lighting conditions throughout the trajectory, yielding a return
frame closely matching the ground truth.

Case 2: Pure yaw in an Asian street scene (Figure[5). The camera pans left and then reverses
rightward to return. M-G 2.0 generates quite big hallucination, introducing new scene elements
(e.g., yellow trees) that are absent in the ground truth upon return. In this case, both HY-WorldPlay
and ViewRope accurately recover the original storefronts and street layout, demonstrating strong
long-term spatial memory.

Case 3: Pure pitch in a Roman architecture scene (Figure[6). The camera tilts downward to-
ward the ground and then pitches back up to the starting view. This tests vertical rotation consistency.
M-G 2.0 fails catastrophically on the return—the final frame shows a completely different indoor
scene with wooden structures, indicating total loss of scene identity. HY-WorldPlay maintains the
general scene category but produces blurry architecture and seemingly fails to return. Compara-
tively, ViewRope faithfully reproduces the arched stone structures visible in the starting frame.
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HY-World  M-G2.0 GT

Ours

Input Generated Videos

Figure 4: Case 1: Yaw + Pitch loop closure in an urban street. M-G 2.0 suffers from brightness
collapse. HY-WorldPlay exhibits geometric drift. ViewRope maintains structural and lighting con-
sistency.

HY-World  M-G 2.0 GT

Ours

Input Generated Videos

Figure 5: Case 2: Pure yaw loop closure in an Asian street. M-G 2.0 hallucinates entirely different
content on return. HY-WorldPlay introduces nonexistent elements. ViewRope recovers the original
scene faithfully.

D ADDITIONAL RESULTS

D.1 ABLATION OF NUMBER OF TOPK FRAMES

As shown in Table [] we report the ablation results of the number of topk frames on ViewBench.
We use the model trained with topk=5 and adjust the number of retrieved frames at inference time
to 1, 3, 10, and 20. Increasing the number of retrieved frames generally improves visual quality
metrics (PSNR, SSIM, and LPIPS), suggesting that accessing more reference frames provides richer
texture details for generation. However, we observe that the Loop Closure Error (LCE) achieves its
optimum at topk=5 and degrades as the number of frames increases further. This indicates that while
more context helps visual quality, the model, having been trained with topk=5, may be distracted by
the additional retrieved frames or struggle to effectively utilize the expanded context for long-term
geometric consistency.

D.2 ABLATION OF VIEWROPE CHANNEL ALLOCATION

Efficiently integrating ViewRope into the existing 3D RoPE architecture is a key design challenge.
The original model partitions RoPE into Temporal (T), Height (H), and Width (W) components, oc-
cupying 44, 42, and 42 dimensions respectively, totaling 128 dimensions. We investigate four strate-
gies for embedding ViewRope: (1) Embedding in the lowest frequency bands of the T dimension
(channels 32-44); (2) Embedding in the lowest frequency bands of H and W dimensions (channels
74-86 and 116-128); (3) Embedding in the lowest-frequency bands of H and W, while disabling the
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Figure 6: Case 3: Pure pitch loop closure in Roman architecture. M-G 2.0 generates a completely
different scene upon return. HY-WorldPlay produces blurry, inconsistent structures. ViewRope
accurately restores the original arched architecture.

Table 6: Ablation of number of topk frames on ViewBench. We report visual quality (PSNRT,
SSIMT, LPIPS|) and geometric consistency (LCEJ) for 90° and 180° view synthesis. Best in bold.

90 deg 180 deg
PSNR SSIM LPIPS| LCEJ] | PSNR SSIM LPIPS| LCE|

Top 1 13.01 03328 0.8230 0.8416 | 13.00 03337 0.8357  0.8109
Top 3 15.11 03792 0.5470 05777 | 1454 03559  0.6096  0.5413
Top 5 1571 03929  0.5267  0.5591 | 1492 03574  0.5991 0.5385
Top10 | 1553 0.3951 0.5386  0.5804 | 14.99 0.3548  0.5997  0.5956
Top20 | 16.17 0.4087  0.5240  0.5860 | 1492 0.3576  0.5976  0.5976

Top@k

corresponding 3D RoPE components to prevent interference; (4) Distributing ViewRope across all
dimensions (1-128).

Table 7: Ablation: ViewRope embedding strategies. Embedding in T-dimension low frequencies
yields the best performance.

Embedding Strategy \ Training Loss/
T-dim low-freq (ch 32-44) 0.0859
H/W-dim low-freq (ch 74-86, 116-128) 0.0861
H/W-dim low-freq (replace 3D RoPE) 0.0874
All dimensions (ch 1-128) 0.0894

As shown in Table [7] embedding in the lowest frequency bands of the T dimension yields the best
performance (0.0859), suggesting that the temporal dimension offers the most suitable capacity for
encoding view information without disrupting spatial representations governed by H and W. Re-
placing the original 3D RoPE with ViewRope leads to degradation (0.0874 vs. 0.0861), indicating
that original positional information remains complementary to our geometric encoding. Distribut-
ing ViewRope across all dimensions results in the highest loss (0.0894), likely due to excessive
interference with the backbone’s pre-trained frequency structure.

D.3 EXTENDED POSITION ENCODING COMPARISON

To further validate ViewRope’s advantage, we compare against Pliicker (Zhang et all, [2024) and
PRoPE under an extended training budget (10K base steps + 6K fine-tuning steps),
longer than the 6K steps used for the main results in Table[I] All methods in this table are trained
from the same checkpoint under identical conditions. We also evaluate a combined configuration
(PROPE + Per-Patch) that applies both per-camera projective encoding and per-patch ray rotation.

Key findings: (1) Per-patch ray rotation is the key differentiator—adding it improves LCE in both
families (ViewRope vs. GTA: 8.9% at 75°; PRoPE+Per-Patch vs. PRoPE: 11.2%). (2) All RoPE-
family methods outperform Pliicker-style additive conditioning. (3) ViewRope and PRoPE are com-
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Table 8: Extended position encoding comparison on ViewBench (LCE|). Per-Patch and Per-
Camera indicate encoding granularity. Best in bold.

Granularity LCE |
Method Per-Patch Per-Camera 30° 75°
Pliicker 0.4683 0.4552
GTA v 0.4716  0.4462
PROPE v 0.4517 0.4529
ViewRope (Ours) v v 0.4419  0.4063
PROPE + Per-Patch v v 0.4187 0.4022

plementary: combining them achieves the best LCE, yet ViewRope alone nearly matches this com-
bination (0.4063 vs. 0.4022), showing that per-patch granularity provides the dominant geometric
benefit.

D.4 ROBUSTNESS TO NOISY CAMERA PARAMETERS

To evaluate robustness under imprecise camera estimation (e.g., from SfM), we add Gaussian noise
(o € {1°,3°,5°}) to camera rotation Euler angles at inference time with frozen model weights.

Table 9: Robustness to noisy camera on ViewBench (synthetic).

Noise o | 30° PSNRT 30°LCE] | 75° PSNRt 75° LCE|

0° (clean) 18.20 0.4333 15.89 0.4034
1° 18.22 0.4322 15.92 0.4027
3° 18.13 0.4226 15.87 0.4142
5° 18.12 0.4381 15.87 0.4145

ViewRope is remarkably robust: even at ¢ = 5°, PSNR drops by only 0.08 dB with LCE virtually
unchanged. This robustness stems from two factors: (1) ViewRope encodes relative ray geometry
R; 1Rj), so per-frame perturbations largely cancel; (2) the diffusion prior provides natural smooth-
ing. State-of-the-art SfM (e.g., COLMAP) typically achieves rotation errors well below 1°, firmly
within ViewRope’s robust regime.
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