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Abstract: We introduce SANA-WM, an efficient 2.6B-parameter open-source world model natively trained for one-
minute generation, synthesizing high-fidelity, 720p, minute-scale videos with precise camera control. SANA-WM
achieves visual quality comparable to large-scale industrial baselines such as LingBot-World and HY-WorldPlay, while
significantly improving efficiency. Four core designs drive our architecture: (1) Hybrid Linear Attention combines
frame-wise Gated DeltaNet (GDN) with softmax attention for memory-efficient long-context modeling. (2) Dual-
Branch Camera Control ensures precise 6-DoF trajectory adherence. (3) Two-Stage Generation Pipeline applies
a long-video refiner to stage-1 outputs, improving quality and consistency across sequences. (4) Robust Annotation
Pipeline extracts accurate metric-scale 6-DoF camera poses from public videos to yield high-quality, spatiotemporally
consistent action labels. Driven by these designs, SANA-WM demonstrates remarkable efficiency across data, training
compute, and inference hardware: it uses only ~213K public video clips with metric-scale pose supervision, completes
training in 15 days on 64 H100s, and generates each 60s clip on a single GPU; its distilled variant can be deployed
on a single RTX 5090 with NVFP4 quantization to denoise a 60s 720p clip in 34s. On our one-minute world-model
benchmark, SANA-WM demonstrates stronger action-following accuracy than prior open-source baselines and achieves
comparable visual quality at 36 x higher throughput for scalable world modeling.
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Figure 1 | SANA-WM teaser. From one image and an action trajectory, SANA-WM generates minute-scale 720p
worlds with precise control, 64-GPU training, and single-GPU inference.

1. Introduction

World models are becoming a key interface for embodied simulation and interactive environments [ 1, 2, 3, 4, 5, 6, 7, 8].
We study camera-controlled world modeling: given a first frame, text, and a 6-DoF camera trajectory, the model
synthesizes a one-minute 720p video that follows the input motion while preserving scene identity. Recent open-source
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systems achieve minute-scale, action-conditioned rollouts [0, 7, 8, 9], but typically require large models, large-scale
data, long training schedules, and multi-GPU inference. A tempting lower-cost alternative is to distill long-rollout
models from short-video generators, but such short-horizon teachers provide limited supervision for minute-scale scene
persistence and trajectory following. We therefore ask: can we natively train a high-fidelity, camera-controllable,
one-minute world model while keeping data, training, and inference costs accessible?

We introduce SANA-WM, a 2.6B-parameter open-source video world model designed around efficiency as a first-class
objective. SANA-WM is trained for one-minute generation using only ~213K public video clips with metric-scale pose
supervision and 15 days on 64 H100 GPUs. At inference time, it supports three single-GPU variants: a bidirectional
generator for high-quality offline synthesis, a chunk-causal autoregressive generator for sequential rollout, and a few-step
distilled autoregressive generator for faster deployment. Fig. | shows representative generations, and Fig. 2 summarizes
the training and inference pipeline. The improvements mainly lie in four key components.

Efficient Native One-Minute Backbone. One-minute 720p generation stresses both token count and long-context
modeling, so SANA-WM pairs a high-compression LTX2 tokenizer [10] with a hybrid Linear DiT backbone. The
backbone combines frame-wise Gated DeltaNet [ | 1] blocks for efficient recurrent context aggregation with periodic
softmax attention for exact long-range recall. This design keeps minute-scale context affordable while preserving the
modeling capacity needed for scene persistence and camera-conditioned motion.

Dual-Branch Camera Control. Precise action-conditioned world modeling requires generated videos to faithfully
follow continuous action trajectories, rather than merely aligning with text prompts. SANA-WM therefore uses a
dual-rate camera conditioning design: a latent-rate UCPE branch [12] captures global trajectory structure, while a
raw-frame Pliicker mixing branch restores fine camera motion inside each temporal VAE stride. This lets the model
preserve control accuracy despite aggressive video compression.

Two-Stage Visual Refinement. To further improve visual quality, SANA-WM adopts a two-stage generation pipeline
with a dedicated refinement stage. We adapt an independent refiner to operate on long SANA-WM outputs, correcting
structural artifacts and sharpening details across the full minute. This refinement stage is used as a quality-improvement
pass after stage-1 generation.

Robust Data Annotation and Evaluation Benchmark. To train camera-controlled videos without proprietary action
labels, we build a robust annotation pipeline that recovers accurate metric-scale camera poses from public videos using
pose and geometry estimators [13, 14, 15]. After filtering, this pipeline yields ~213K video clips with precise metric-
scale pose annotation. Since existing benchmarks do not target minute-scale world modeling, we build a one-minute
benchmark for action following, visual quality, and efficiency. It contains 80 initial scenes generated by Nano Banana
Pro [16] across four scene types, each paired with two revisit trajectories.

Experiments show that SANA-WM achieves higher accuracy in action-following than prior open-source baselines, with
comparable visual quality, while delivering up to 36 x higher generation throughput. Most importantly for accessibility,
it reduces minute-scale generation to a single-GPU inference setting: the bidirectional and chunk-causal variants fit
within one H100, and our distilled variant brings 1-minute video generation to 34s on a single RTX 5090 with NVFP4
quantization.

In summary, our contributions are: (i) a natively one-minute-trained, 720p, action-controllable world model with
accessible training and inference cost; (ii) an efficiency-oriented architecture combining high-compression video latents,
hybrid GDN/softmax long-context modeling, and dual-branch camera control; (iii) a long-video second-stage refiner
that improves stage-1 visual quality; and (iv) a robust data annotation and evaluation pipeline for long-horizon world
modeling.

2. Related Work

Long-video generation and interactive world models. Large video generators increasingly use diffusion or flow-
transformer backbones over compressed spatiotemporal latents, with representative systems including Stable Video
Diffusion, Sora, CogVideoX, Wan, HunyuanVideo, MovieGen, Cosmos, LTX-Video/LTX2, and SANA-Video [10,

, 18,19, 20, 21, 22, 23, 24, 25]. Long-duration generation is commonly approached through autoregressive or
block-wise rollout, diffusion forcing, streaming training, and memory- or cache-aware inference [25, 26, 27, 28, 29].
World-model research spans several related but distinct settings: latent predictive models for control and planning [, 30],
representation-centric predictive models that learn visual or video abstractions without directly generating pixels [31, 32,

], and generative simulators that roll out observations under actions or conditions [2, 3, 6, 7, 8, 9, 34, 35, 36, 37, 38, 39,
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, 41,42, 43, 44]. Interactive world models extend video generation toward action-conditioned simulation, supporting
keyboard, gamepad, camera, text, robot, or mixed controls over long rollouts [2, 4, 5, 6, 7, 9, 38, 39, 44, 45, 46, 47, 48,

, 50]. A parallel line studies explicit memory, scene persistence, and geometry-aware state for revisits and long-horizon
consistency, including BEV or occupancy-based driving simulators, camera-aware memories, reconstruction-based
methods, and spatially persistent 3D/4D world-generation systems [5, 47, 48, 49, 50, 51, 52, 53, 54, 55, 56, 57, 58].

Camera control, geometry, and action spaces. Action-conditioned world models differ substantially in their control
interface. Some systems use robot or embodied actions [4, 45], some use keyboard or gamepad controls for games [2,

, 38, 39], and others use language, events, or mixed high-level commands [44, 46]. Camera-controlled generation
is closely related to novel-view synthesis and geometric video generation: CameraCtrl and MotionCtrl add camera-
control modules to pretrained video diffusion models, CamCo combines Pliicker conditioning with epipolar constraints,
and ViewCrafter and SEVA use generative view synthesis to produce target-camera video from one or more input
views [59, 60, 61, 62, 63]. Camera representations include raw extrinsics and intrinsics, epipolar or geometric constraints,
dense Pliicker raymaps [64], and relative or unified camera positional encodings such as UCPE [12, 65]. Longer
camera-controlled rollouts further benefit from camera-pose memory, spatial warping, or persistent 3D/4D scene
representations [5, 47, 48, 49, 50, 56, 57, 58]. Pose and depth recovery methods such as VIPE, Pi3/Pi3X, MoGe-2,
VGGT, and WinT3R are complementary tools for estimating metric geometry from public videos or generated rollouts
rather than video generators themselves [13, 14, 15, 66, 67].

Efficient sequence models for long visual horizons. Standard softmax attention remains effective and can be
accelerated by kernels such as FlashAttention [68], but its memory and compute grow with context length. Efficient
long-context modeling has therefore moved beyond pure softmax attention toward linear attention, kernelized attention,
gated linear attention, state-space models, convolutional mixers, test-time-training layers, and delta-rule recurrences [1 1,

, 70, 71,72,73, 74,75, 76, 77]. Recent long-context language architectures combine recurrent, linear, or state-space
layers with occasional exact-attention or sparse modules to recover selected long-range information while keeping
most layers efficient [78, 79, 80, 81]. Beyond language modeling, these efficient mechanisms are also entering visual
generation: SANA and SANA-Video use linear-attention backbones for image and video diffusion generation, while
high-compression tokenizers such as DC-AE, DC-VideoGen, and LTX-style VAEs reduce the number of visual tokens
processed by the generator [10, 24, 25, 82, 83, 84].

Data, annotation, and metrics. Camera-controllable world modeling depends on data with reliable geometry, diverse
motion, and long-horizon scene coverage. Existing sources include internet video datasets, real-estate and spatial-video
collections, 3D captures, embodied-scene datasets, game or synthetic environments, and image-generation pipelines
for controlled benchmark construction [16, 85, 86, 87, 88, 89, 90]. For filtering and enhancement, prior work uses
shot detection, video quality assessment, optical flow, 3D Gaussian reconstruction, and diffusion-based restoration
tools [91, 92, 93, 94, 95]. Evaluation commonly combines perceptual video quality, learned perceptual similarity,
generated-video distribution metrics, and recovered-camera trajectory accuracy [14, 96, 97, 98, 99].

3. Method

SANA-WM is a world model designed to generate minute-long high-resolution videos with precise camera control
under strict efficiency constraints. Scaling to this regime introduces three key challenges: (i) the prohibitive compute
and memory cost of modeling 720p sequences; (ii) accurate, high-frequency action conditioning on continuous 6-DoF
camera trajectories; and (iii) degraded visual quality when a base generator is trained under limited data and compute.
To address these, SANA-WM builds on SANA-Video [25] with three complementary designs: a hybrid GDN/softmax
attention architecture for efficient long-context modeling, dual-rate camera conditioning for coarse-to-fine trajectory
control, and a second-stage refiner for minute-length video to improve fidelity.

3.1. Progressive Training Strategy

We train progressively from short clips to minute-scale videos, increasing sequence length and introducing architectural
components in four stages:

Stage 1: Efficient VAE Adaptation. To make minute-scale video modeling computationally feasible, we replace the
baseline VAE [20, 84] with LTX2-VAE [10] to leverage its superior spatiotemporal compression ratio. Given changed
channel dimensions, we discard the original patchify layer and final output projection, and re-initialize them from scratch
to align with the LTX?2 space. Full-model fine-tuning adapts the model to this new latent distribution in 50k steps. The
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Figure 2 | SANA-WM Architecture. Text, video, and pose tokens pass through alternating GDN and softmax attention
blocks. Geometry-aware components (UCPE attention and Pliicker mixing) are integrated to enable pose-conditioned

generation, followed by a refiner to improve visual quality.
representation is 2.0x smaller than ST-DC-AE and 8.0x smaller than Wan2.1-VAE, improving training and inference

efficiency.

Stage 2: Hybrid Architecture Adaptation. To improve the efficiency—quality trade-off of the backbone, we adapt the
pre-trained SANA-Video model to the Hybrid GDN-Softmax architecture (Sec. 3.2). This architecture change is first
optimized on short video clips, where training is cheaper and failure modes are easier to diagnose, before scaling to

longer sequences.

Stage 3: Minute-Scale Extension and Action Conditioning. After stabilizing the architecture, we extend the sequence
length to minute-scale videos to enable long-horizon temporal modeling. In parallel, we incorporate Dual-Branch
Camera Control (Sec. 3.3) to support metric 6-DoF trajectory conditioning, allowing explicit control over camera
motion.

Stage 4: Chunk-Causal Fine-Tuning and Few-Step Distillation. Starting from the one-minute bidirectional camera-
control model, we further fine-tune a chunk-causal variant for autoregressive rollout. We then use self-forcing distilla-
tion [28] to reduce sampling to four denoising steps. For deployment, we add attention-sink tokens and local temporal
windows to the softmax attention layers, keeping softmax memory and per-chunk latency constant with respect to rollout

length.

3.2. Memory-Efficient Long-Context Modeling

As background, SANA-Video [25] uses ReLU-based cumulative linear attention in place of causal softmax attention.
For latent frame ¢ > 0 with S = H,W, spatial tokens, let Q;, K, V; € RP*S collect the per-head queries, keys, and
values, and let ¢(-) = ReLU(-). Unlike softmax attention, which forms pairwise weights from Q, K <;, cumulative

linear attention accumulates key—value outer products before applying the current queries:

o = (Z VT¢(KT)T> $(Qi) = (Ar2 + Vig(Ke) ") ¢(Qu).- M
T7=0

ALA
Eq. | shows only the unnormalized numerator for brevity; the standard linear-attention denominator is omitted. With
A = 0, the cumulative numerator state AF* € RP*P is updated once per latent frame after aggregating all

spatial-token outer products, so memory stays constant.

Limitations of Cumulative Linear Attention. This compact state has no explicit decay or saliency mechanism: stale
features accumulate with the same effective weight as more recent ones. At the minute scale, the unbounded growing
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state causes drift and degrades training stability.

From Token-wise GDN to Frame-wise GDN. Gated DeltaNet (GDN) [ |] augments the same recurrent state with a
decay gate and a delta-rule correction:

Si =%Si—1 + (vi — vSi_1k;) Bk, , 0; = S;q;. (2)

Here S; € RP*P is the token-wise recurrent state, q;, Ki, v; € RP are the normalized query, normalized key, and value
vectors, 3; € [0, 1] is an update gate, and ; € (0, 1] is a decay gate. The correction term updates only the residual
between the target value and the current state prediction, while ; forgets obsolete content. Standard GDN scans one
token per recurrent step. Our video model instead scans one latent frame per step. For frame ¢, let Qm K, V, € RP*S
collect the query features, key features, and values used by frame-wise GDN; our additional key scaling is defined in the
stabilization step below. Let y, € (0, 1] be a frame-level decay, and let 8, = diag(f5;1,. .., Bt,s) be per-token update
gates. The frame-wise state update becomes

S =81 M; + Uy, M; = (I - KtﬂthT) ) U, = Vt,BthT, O, = StQt- 3

Here S;, M,, U, € RP*P are frame recurrent state, transition matrix, and additive update, respectively, and O; €
RP>*S contains the output tokens for frame ¢. Thus the recurrent state remains D x D, while one recurrent step consumes
all S spatial tokens from a latent frame.

Algebraic Stabilization for Spatial Explosion. Since S; is repeatedly multiplied by M, the transition should be
non-expansive. Let K; = [k; s]5_; = ReLU(RMSNorm(K;)) and A; = K;8;K, . The unscaled key energy is

ke, I3, 4)

S
tr(At) = Z Bt,s
s=1

Since A, is positive semidefinite, Ayax(A¢) < tr(A¢); an O(S) trace can make I — A, expansive. We therefore scale

only the keys:
1

VDS
With RMS-normalized keys and 3, 5 € [0, 1], tr(KtﬂthT) < 1,hence |[M2s <% < 1; 1/\/5 matches token-wise
GDN L2 key normalization, and the extra 1/+/.S averages over spatial tokens.

K, =K;- (5)

Bidirectional and Chunk-Causal GDN Variants. We use the same recurrence bidirectionally by summing forward
and reversed-time scans. For chunk-causal inference, we partition latent frames into chunks, keep the forward scan
global, and reset the reversed scan at chunk boundaries, giving each chunk local future context without leakage.

Hybrid GDN/Softmax Attention. To enhance long-video generation performance, we further fine-tune the GDN model
by replacing every fourth block with standard softmax attention [68], while retaining the original QKV and output
projections.

3.3. Dual-Branch Camera Control

We use dual-rate geometric conditioning: latent-frame UCPE [12] captures global 6-DoF pose, while raw-frame Pliicker
mixing compensates motion inside each VAE stride.

Coarse Branch: Ray-Local UCPE. For each latent token at frame ¢ and spatial cell s, let T2V = [R; | o] be the
camera-to-world pose and let A; be the camera intrinsic matrix. We unproject the corresponding pixel with A; and
transform it by T;fQW, obtaining a world-space ray with camera center o, € R3 and unit direction d; s € R3. We build a
ray-local basis z = norm(dy ), x = norm(u; x z), and y = z X x, where u, is the camera vertical axis and norm
denotes Ly normalization. This defines a homogeneous ray transform D, , € R**4 from world coordinates to the
ray-local frame. Following UCPE [12], we split each camera-branch attention-head vector into geometric channels and
standard RoPE channels. For token ¢ = (¢, s), define D; = D; ; and let RoPE; be the standard spatiotemporal rotary
operator for token ¢. We apply the ray-local transform to the geometric channels and RoPE to the remaining channels:

Q¢ = (D] ® RoPE;)Qs,
(K¢, V¢) = (D! @ RoPE;) (K§, V), 6)
0¢ = (D; ® RoPE; ') GDNam (Q¢, K, V©),,
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Figure 3 | Data construction pipeline. We collect open-source video and static 3D sources, annotate metric-scale
camera poses, augment DL3DV with 3DGS-rendered trajectories, and filter/caption the resulting clips into a 213K-clip
training corpus.

where superscript ¢ denotes the camera branch, Q¢, K¢, V¢ € RP are per-head camera-branch query/key/value vectors,
and - denotes the pose-transformed representation. The operator & denotes a block-diagonal composition over the
UCPE and RoPE channel groups; D; is applied blockwise to 4-D homogeneous coordinate groups within the UCPE
channels. The camera branch uses its own QKV projections but shares the frame-wise GDN gates with the main branch;
its zero-initialized projection is added to the main attention output.

Fine Branch: Raw-Frame Pliicker Mixing. The coarse UCPE branch operates at the latent-frame rate, whereas
each latent token summarizes eight raw frames and their distinct camera poses. For raw frame r and pixel p, let
TV = [R, | o,] and A, denote the raw-frame camera pose and intrinsics, with camera center o, € R? and unit ray
direction d,.,, € R3. We compute pixel-wise Pliicker raymaps p,., = (d;., 0, x d,.,,) € R® from T¢*¥ and A,.. For
each latent frame, we pack the eight raw-frame raymaps within one VAE temporal stride into a 48-channel tensor and
pass it through a zero-initialized 3D patch embedder. A zero-initialized per-block projection then adds this embedding
immediately after each self-attention output, preserving the pretrained model at initialization.

3.4. Second Stage Refiner

Following LTX-Video [24], we add a second-stage refiner to improve stage-1 SANA-WM visual fidelity. The refiner is
trained on paired latents (xy, Xy, ), where x; is a stage-1 or degraded latent and x}, is the high-fidelity target. We use
truncated-o flow matching: x, is perturbed with a large starting noise (ogtart = 0.9), and the model learns to map this
noisy source toward xj,, encouraging refinement over full reconstruction. We condition on text, camera, and a reference
image, concatenate the reference to the sequence, and exclude it from the loss to preserve stage-1 appearance. For
minute-long refinement, we initialize from the 17B LTX-2 model and train LoRA adapters on paired synthetic data plus
real videos processed by downsampling and upsampling; details are in App. A.

4. Data Pipeline

We build a robust annotation pipeline that re-annotates seven open-source video sources with metric-scale camera poses,
yielding a 213K-clip corpus; Fig. 3 summarizes the construction flow, and Tab. | lists the resulting data.

Sources and pose annotation. Our annotation engine is based on VIPE [13], but we found its original depth estimation
unstable on long videos. We therefore replace the depth backend with Pi3X [14] and MoGe-2 [15]: Pi3X provides
long-sequence-consistent depth, while MoGe-2 provides accurate per-frame metric scale. This yields robust metric-scale
poses for long videos in the wild. We also adapt VIPE to enable per-frame intrinsic optimization for more robust internet
video annotation. For sources with provided poses, such as Sekai-Game [90] and DL3DV [86], we keep the ground-truth
trajectories and use Pi3X to recover metric scale. OmniWorld [89] is a special case: because it provides ground-truth
depth, we use GT depth inside VIPE and use MoGe-2 for metric-scale recovery. Engine details are in App. B.1.

3DGS augmentation. Following HY-WorldPlay [6], we augment static 3D scene data with rendered camera trajectories.
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Table 1 | Training data overview after filtering.

Source Type Duration Clips Pose Source
Spatial VID-HQ [87] Real 10s 158,369  VIPE + Pi3X/MoGe-2
DL3DV [86] Real 10s 5,691 GT pose + Pi3X
DL3DV [86] GS Refined  Synthetic 60s 14,881 GT pose + Pi3X
OmniWorld [89] Synthetic 60s 1,720 VIPE + GT depth
Sekai [90] Game Synthetic 60s 3,560 GT pose + Pi3X
Sekai [90] Walking-HQ Real 60s 9,767  VIPE + Pi3X/MoGe-2
MiraData [88] Real 60s 18,987  VIPE + Pi3X/MoGe-2
Total 212,975

DL3DV [86] contains static 3D captures rather than native one-minute videos, so we fit one FCGS [94] 3D Gaussian
Splatting reconstruction per scene, design diverse one-minute camera paths, and render long videos with known intrinsics
and extrinsics. We then refine the rendered videos with DiFix3D [95] to reduce splatting artifacts (App. B.2).

Filtering and captioning. We follow SANA-Video [25] for basic visual filtering, including aesthetic quality, motion
magnitude, optical-flow consistency, and scene-cut removal. We further add camera-specific filters on field of view,
focal consistency, pose smoothness, and scale variation (App. B.3). For captioning, we follow LingBot-World [7]: when
action conditions are available, we use scene-static captions that describe objects, layout, and appearance while omitting
camera actions such as “pan left” or “move forward.” This prevents text from leaking trajectory supervision and forces
motion control through the pose branch.

5. Experiments

5.1. Implementation Details

Backbone configuration. SANA-WM utilizes a Diffusion Transformer (DiT) architecture with 20 transformer blocks
(dmode1=2240, 20 heads). To balance global dependency modeling and efficiency, we interleave 15 frame-wise GDN
blocks with softmax attention blocks at layers {3, 7,11, 15, 19}. Every block incorporates dual UCPE + Pliicker mixing
camera conditioning, and the LTX2 VAE uses C'=128 latent channels for high spatio-temporal compression [10, 11, 12,
64, 100].

Training scale. Our final model is trained on the 213K metric-pose clips described in Sec. 4. The one-minute stage is
trained on 961-frame clips with the standard flow-matching objective [101]. For 961-frame (60s) sequences, Context-
Parallel (CP) training shards the latent sequence along time. For efficiency, we use custom fused Triton kernels for
GDN scan and gate operations. The model is trained on 64 H100 GPUs for approximately 15 days; architectural details,
hyperparameters, and the training schedule are in App. C.1 and App. C.2.

5.2. Evaluation Setup

Benchmark construction. For evaluation, we build a 60- SIMPLE SMOOTH ONE-WAY PLANAR PATHS

second world-model benchmark with 80 initial images gen- S-Curve Room Lookaround  Side Detour
erated by Nano Banana Pro [ 1 6] across four scene categories: <% B ° e
game, indoor, outdoor-city, and outdoor-nature (20 per cat- ¢ $ s |
egory). Bach image is paired with Simple and Hard revisit HARD  L0OOPS. CROSSINGS, AND LONG RETURNS ®
trajectories (Fig. 4); construction details and examples are Spiral Orbit Double Loop Zigzag
in App. D.1 and App. D.2. > g o e
Protocol and metrics. The main table uses each model’s “? ‘i\/ Q‘l N
multi-step, undistilled AR setting. We report VBench [96] © START @@ END —» VIEW

scores for visual quality and Umeyama [99]-aligned

Pi3X [14] pose accuracy for action following; revisit mem- gy, 4 | Representative benchmark trajectories. BEV
ory (PSNR/SSIM/LPIPS [‘)7]) and lqng-term degra@atlgn paths for four Simple/Hard examples.

AIQ are reported in App. E.1, with metric details in

App. D.3.
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Table 2 | Quantitative comparison on our 1-min benchmark. Bold Res marks 720p. Pose Acc. reports R in degrees, plus
T/CMC; VBench reports eight dimensions plus Overall. Mem/Tput are peak GB and videos/hour on 8 H100s. Green
highlights mark top-three entries.

Pose Acc. () VBench (1) Efficiency

Method Param Res #G R T CMC SC BC TF MS AQ IQ DD OC Overall Mem| Tputt

Simple-Trajectory Split

Infinite-World [8] 1.3B 480p 16.55 1.98 2.08 79.48 87.79 97.35 98.78 51.99 69.34 88.75 12.28 79.18 535 59
LingBot-World [7] 14B+14B 480p 10.47 2.01 2.05 93.77 95.46 97.13 98.34 64.06 73.18 41.25 11.78 81.82 454.1 0.6
HY-WorldPlay [6] 8B 480p 17.89 2.36 2.45 65.95 81.97 94.63 96.01 40.28 53.05 91.25 13.83 68.82 2155 1.1

Matrix-Game 3.0 [9] 5B 720p
SANA-WM 2.6B  720p
SANA-WM + refiner 2.6B+17B 720p

12.96 1.83 1.92 81.62 90.04 94.37 97.64 52.24 66.94 97.50 13.29 7853 1062 3.1
7.59 1.59 1.63 87.46 91.87 94.99 97.69 55.70 69.69 72.50 11.54 79.29 51.1 24.1
4.50 1.39 1.41 88.62 93.21 96.18 98.61 58.05 72.12 61.25 11.12 80.62 747 22.0

— — 00 0 00 —

Hard-Trajectory Split

Infinite-World [8] 1.3B 480p 1 41.31 249 2.84 78.61 86.98 96.46 98.68 52.12 71.22 98.75 12.36 79.51 535 5.9

LingBot-World [7] ~ 14B+14B 480p 8 18.99 1.65 1.81 91.79 94.41 96.10 97.82 62.79 72.60 62.50 12.06 81.89 454.1 0.6

HY-WorldPlay [6] 8B 480p 8 3546 2.34 2.64 68.33 83.06 9531 96.71 41.76 53.71 91.25 13.94 7046 2155 1.1

Matrix-Game 3.0 [9] 5B 720p 8 18.79 1.67 1.82 82.10 89.99 93.94 97.60 52.92 68.03 98.75 13.65 78.79 106.2 3.1

SANA-WM 2.6B  720p 1 10.02 1.66 1.72 85.93 90.89 94.36 97.49 53.82 69.12 92.50 12.10 79.60 51.1 24.1

SANA-WM + refiner 2.6B+17B 720p 1 834 139 144 87.26 92.55 95.54 98.49 56.67 71.38 91.25 11.34 81.89 747 22.0
5.3. Main Results

Camera control accuracy. Tab. 2 compares against recent world-model baselines [0, 7, 8, 9] and shows that SANA-WM

gives the strongest action following on both trajectory splits. The refined output obtains the best RotErr, TransErr, and
CamMC, with RotErr 4.50°/8.34° and CamMC 1.41/1.44, improving over both large 480p and 720p baselines.

Visual quality. With the second-stage refiner, SANA-WM attains 80.62/81.89 VBench Overall on the Simple-/Hard-
Trajectory splits, close to LingBot-World (81.82/81.89) while generating 720p videos on one GPU per clip.

Inference efficiency. SANA-WM fits in 51.1 GB and reaches 24.1 videos/hour; with the refiner, the full pipeline
remains within the 80 GB H100 budget (74.7 GB) and reaches 22.0 videos/hour, still 3.7 x faster than the fastest visible
480p baseline. Although LingBot-World supports 720p, minute-long 720p inference is unaffordable under our §-H100
evaluation budget; the closest-efficiency baseline, Infinite-World, runs at 480p.

Revisit memory and temporal stability. After refinement, SANA-WM reaches 14.46/14.80 dB revisit PSNR, ranking
second on Simple and first on Hard among the visible methods. The refiner also reduces long-horizon visual drift: AIQ
drops from 3.79/3.09 for stage-1 AR outputs to 1.17/0.31, avoiding the severe late-window degradation observed for
HY-WorldPlay (23.59/25.88); full per-method numbers are in App.

15s 25s 35s 45s 60s

Prompt: A first-person view
of a wide rural landscape
under an overcast sky,
where a dirt path splits the
scene into distinct
agricultural zones. To the
left, dense green crops fill
the foreground, while a
green tractor works in the
distance on the golden
fields. On the right, a fenced
pasture contains grazing
sheep and cattle scattered
across the grass.

HY-WorldPlay Matrix-Game 3.0 LingBot-World

Figure 5 | Qualitative comparison of four Hard-Trajectory 60-second videos. Green borders denote SANA-WM, with
transparent action overlays in the bottom-left corners. Zoom in for details.
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SANA-WM (Fig. 5) preserves scene identity and viewpoint-consistent structure under hard actions, whereas baselines
often blur, change layout, or collapse; additional examples are in App. E.3.

5.4. Ablation Studies

Deployment efficiency path. Fig. 7 (a) isolates the internal SANA-WM speed path under the 60-second 720p protocol,
from the 60-step H100 autoregressive generator to 4-step distillation, attention-sink deployment, and NVFP4 quantization.
Note that the attention-sink variant means that we use the first latent frame as the attention sink with local window
attention on softmax attention layers only, so that the memory consumption remains constant.

Progressive-training ablation. Tab. 3 isolates progressive upgrades at a 5 s horizon on VBench-12V [96] with identical
data and inference settings. LTX2 [10] is quality-neutral (+0.0012 Total) but cuts peak memory from 8.9 to 5.4 GB and
latency 3.4 the hybrid 15-GDN/5-softmax backbone raises Total to 0.853 while keeping memory at 5.7 GB.

Table 3 | Progressive-training ablation on VBench-12V. Scores are official rollups; efficiency is single-H100 bf16 timing,
with per-dimension scores in App. E.2.

Model Attention Tokenizer Qualityt I12V1 Totalt Mem (GiB)] Lat(ms)] Tput (steps/s) T
Sana-Video cumulative linear ~ Wan 2.1/ 480p 0.7683 0.9073  0.8378 8.90 1266.6 0.79
+LTX2 VAE  cumulative linear LTX2/720p 0.7697 0.9082  0.8390 5.40 371.7 2.69
+ Hybrid attn.  GDN + softmax ~ LTX2/720p 0.7834 0.9226  0.8530 5.68 433.2 2.31

GDN Kkey scaling. We evaluate training stability under identical conditions: 81-frame sequences and an all-GDN [1 1]
architecture initialized from a shared LTX2-VAE [10] cumulative-linear checkpoint. As shown in Fig. 6, our 1/ VDS
scaling is the only variant that ensures stable convergence. In contrast, both the Ly (1/ v/D) and no-scale baselines
suffer from immediate gradient instability, triggering NaN events at steps 16 and 1, respectively.

Table 4 | Camera-conditioning ablation on OmniWorld. FVD [98] — Ours (1/VDS) — 1/VD (L2) — No Scale
and Umeyama-aligned Pi3X metrics are shown. m 25 % NaN @ 1t step
2.0 1 ) h ste
Camera Encoding FVDJ] RotErr] TransErr] CamMC| § [N/ SAxan @ toth step
1.5
No control 348.93 16.93 0.2347 0.4937 .g
Pliicker only 33945  16.02 0.2340 0.4742 g 107
PRoPE 326.70 6.29 0.1857 0.2629 £ 0.5 TSIV VNAAANA NN
UCPE only 314.88 7.73 0.1350 0.2453 . . : T :
UCPE+Pliicker  320.80  6.21 0.1162 0.2047 - 20 30 40 50

Training Step
Figure 6 | Training stability ablation.

Camera conditioning. Tab. 4 ablates camera conditioning on our held-out OmniWorld [89] validation split with 5s clips
after 10k fine-tuning steps. Input-level Pliicker [64] gives only small gains, attention-level PRoPE [65] and UCPE [12]
greatly improve control, and the dual UCPE + Pliicker mixing branch gives the lowest Pi3X [14] errors with competitive
FVD [98].

SANA-WM -#- Hybrid GDN-Softmax =#- Cum. linear =-e- Softmax only
H100, 60 steps | OOM =~ 50 H100 80 GB OOM
i 1.00 B 5 X
+ distill R O e |
H100, 4 steps 21 4 H % /.. E, 60 K
+ sink Ax ' 0.75 o B
45 = . i
H100, 4 steps _3 s '8 e 1.8x slower GE) 40 -
T : “— 38xoverall —4& PR g ’./’ IZAX mem
. Wlosink [ To0n T iy B ¢ 2 20 A -~
RTX 5090, 4 steps | _ — ~_ _ _ A zZ [s] -
RIX 50904 g . Dm3es 0.25 {4 £
E , 4 steps T T T T T T T T T T T T T T
+NVFP4 WoimaaE 2 L) Lx 510 20 30 40 50 60 510 20 30 40 50 60
RTX 5090, 4 steps Video duration (s) Video duration (s)
(a). 60s efficiency ablation (b). Latency & GPU Memory comparison on H100

Figure 7 | Efficiency ablation and scaling. (a) 60s single-GPU VAE/DIT latency by stage; bars are scaled for readability.
(b) H100 latency and memory scaling: recurrent variants grow compactly, while all-softmax OOMs at 60s.

Efficiency scaling. Fig. 7 (b) reports AR recurrent single-step H100 latency and memory with matched resolution,
camera conditioning, and FFN settings. The recurrent/linear variants keep compact clean-context states, while all-
softmax grows its KV cache and runs out of memory at 60s.
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6. Conclusion

We introduced SANA-WM, a camera-controlled world model for practical minute-scale 720p generation. By combining
hybrid GDN—-softmax modeling, dual UCPE + Pliicker conditioning, metric-pose annotation, and a long-video refiner,
SANA-WM makes limited-compute training and single-GPU rollout compatible with 720p visual quality and 6-DoF
control. Experiments on revisit-heavy 60s trajectories show stronger camera following than open baselines and support
a practical workflow: search trajectories efficiently with the stage-1 model, then refine promising rollouts for higher
fidelity.

Limitations, social impact, and future work. SANA-WM remains scale-limited, lacks explicit 3D scene memory, and
can drift in dynamic scenes, rare viewpoints, or longer rollouts. Its efficiency broadens access to simulation, embodied
Al and robotics research; practical deployment should document provenance, model scope, and evaluation settings
clearly, while future work should scale models/data, explore robot action or point-tracking controls, strengthen persistent
scene memory, and develop robust real-time or streaming refiners.
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A. Long-Video Refiner

Truncated-o flow matching. Given a stage-1 latent x; and its high-fidelity target xj, we train the refiner using a
truncated-o flow-matching formulation that models the transformation from a noised version of x; to x,.

We first construct a source point by perturbing x; with Gaussian noise:
T = (1 _Ustart)xl + Ostart€, € NN(O,I) 7

We then sample o; ~ p(c) from a shifted-logit-normal distribution truncated to (0, o), and define the interpolation

coefficient
Ot

a= _ (®)
O start
The intermediate state is given by linear interpolation between the clean target x5, and the source point x1:
zy = (1 — a)xp + axq, 9)
where « € (0, 1], ensuring that all training states lie on the segment connecting xj, and x;.
The target velocity is defined as
xry —x
vt = (10)
O start
and the model is trained to predict this velocity via a mean-squared error:
2
Lrefiner = Eat,e ”7)0(1'1570'1570) _v*||27 (11)

where ¢ denotes the conditioning inputs.

Reference conditioning. To preserve identity and appearance consistency, we prepend a clean slice of the target latent
xp, (at o = 0) as reference tokens to the input sequence. These tokens act as fixed key-value anchors via a block-wise
attention mask, and are excluded from the flow-matching loss.

Implementation details. We set o, = 0.909375, following the base model. The noise level o, is sampled from
a shifted-logit-normal distribution with truncation at og,. The refiner is trained with a rank-384 LoRA applied to
attention (Q)/K/V/O) and feed-forward projections under FSDP2.

The LoRA-only adaptation keeps refiner finetuning lightweight compared with full 17B-parameter optimization. Directly
finetuning the distilled few-step refiner was unstable in our experiments, so we instead train the LoRA on the multi-step,
non-distilled LTX-2 base model and then zero-shot merge the learned adapters into the original distilled few-step model.
This transfers the long-video behavior learned by the LoRA while preserving the distilled inference schedule: the refiner
uses the LTX-2 stage-2 distilled sigmas [0.909375,0.725,0.421875, 0], i.e., only three Euler denoising steps. As a
result, the refiner improves visual fidelity with limited impact on end-to-end throughput.

To isolate the effect of adapting the refiner to long SANA-WM videos, we run an additional ablation that reuses the
same Stage-1 SANA-WM latents and replaces our refiner with the original LTX-2.3 refiner applied directly to the
full 60-second latent sequence. Tab. 5 shows that the original short-video refiner is not sufficient in this regime: it
substantially reduces perceptual quality, late-window imaging quality, and camera-control accuracy. The adapted refiner
therefore provides the quality and control needed for minute-scale world modeling, rather than merely serving as a
generic second-stage decoder. We present the qualitative visualization results in Fig.

B. Data Pipeline Details

B.1. Modified VIPE Pose Engine

We modify VIPE’s [13] depth estimation and bundle adjustment (BA) stages while retaining its SLAM front-end (feature
tracking, keyframe selection).

11
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SANA-WM +Refiner SANA-WM

+Refiner

Figure 8 | Qualitative comparison between SANA-WM and SANA-WM with the proposed refiner across long-horizon
rollouts. Each column shows frames sampled from 10s to 50s, and red boxes highlight local regions where the refiner
improves visual fidelity, object structure, and temporal consistency.

Table 5 | Refiner ablation on the 60-second world-model benchmark using the same Stage-1 SANA-WM latents. VBench
columns follow Tab. 2: SC, BC, TF, MS, AQ, IQ, DD, OC, and Overall. In Pose Acc., R is rotation error (°), T is
translation error, and CMC is camera-motion consistency. 1Qs0_go is VBench imaging quality on the last 10-second
window, and AIQ is the first-window score minus the last-window score (J is more stable).

VBench (1) Pose Acc. () Temporal IQ
Split  Refiner SC BC TF MS AQ 1IQ DD OC Overal R T CMC IQ50-60 AIQ

Original LTX-2.3 94.25 95.89 99.59 99.59 39.73 38.16 0.00 11.39 7137 8.65 232 235 3570 3.73
Ours (long-video) 88.62 93.21 96.18 98.61 58.05 72.12 61.25 11.12 80.62 4.50 139 141 7221 1.17

Original LTX-2.3 93.15 95.78 99.60 99.60 40.70 37.17 0.00 11.77 71.16 27.38 229 2.52 33.69 4.65
Ours (long-video) 87.26 92.55 95.54 98.49 56.67 71.38 91.25 11.34 81.89 834 139 144 73.03 0.31

Simple

Hard

Depth model upgrade. The original VIPE uses Metric3D-Small for single-frame depth. We replace it with Pi3X [14]
(multi-frame consistent 3D structure) fused with MoGe-2 [15] (metric-scale anchor). The two are fused by solving
for a per-frame scale factor s minimizing >, w; (s - dP¥% — @M°9®)2 with inverse-depth weights w; = 1/d;, smoothed
temporally via exponential moving average (momentum 0.99).

Per-frame intrinsics optimization. The original VIPE assumes a single set of intrinsics shared across all frames. We
extend BA to treat (f5, fy, ¢z, ¢y) as independent variables per frame, stored as an (V, V, D) tensor (frames x views X
intrinsics dimension). Each frame’s intrinsics are a separate variable in the optimization, enabling accurate calibration
on internet video with non-square pixels and varying focal lengths.

Dataset-specific annotation modes. (1) Default (internet video): full pipeline with Pi3X+MoGe-2 depth, SLAM, and
per-frame BA. (2) GT-depth (OmniWorld): GT depth replaces predicted depth in SLAM; MoGe-2 recovers metric
scale by aligning GT point clouds. (3) GT-pose (Sekai Game, DL3DV): Pi3X predicts structure; Umeyama Sim(3)
alignment [99] recovers the metric scale factor from GT trajectories, with 80th-percentile inlier filtering.

B.2. 3DGS Augmentation Pipeline

Following HY-WorldPlay [6], we augment static-scene datasets such as DL3DV [86] by rendering novel one-minute
videos from pre-fitted FCGS [94] 3D Gaussian Splats. For each DL3DV scene, we load the FCGS reconstruction and its
training cameras, compute the camera-position centroid, median scene radius, height range, and PCA directions, and use
these statistics to keep synthetic cameras inside the observed capture region. We generate 40 candidate trajectories per
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scene: 10 trajectories stay close to the original training views via spline interpolation over sampled camera waypoints,
while 30 trajectories are drawn from diverse motion families including orbit, spiral, dolly, fly-through, random walk,
crane/boom, pendulum, and compound paths. Each trajectory is scaled by the median camera distance, anchored near a
sampled training camera, reoriented toward the Gaussian centroid for forward-facing scenes, clamped to the original
camera coverage zone, and smoothed with o & Npumes/200.

Before rendering a full clip, we run a splat-coverage test using subsampled Gaussian centers. Every tenth frame must
project enough splats into the camera frustum for at least 70% of sampled frames, and a 32x 32 tile coverage check
rejects views where more than 65% of image tiles are empty. After FCGS rendering, we additionally discard clips
with more than 30% near-blank frames. Finally, rendered clips are refined frame-by-frame with the no-reference
DiFix3D [95] pipeline (single diffusion step, prompt “remove degradation”, timestep 199, guidance scale 0). The refined
set is further filtered based on saturation, scene cuts, VMAF motion, and first-frame black-pixel ratio.

B.3. Per-Dataset Quality Filter Thresholds

We apply a unified scoring pipeline before training-data selection. For visual and motion quality, we measure mean color
saturation, FFmpeg VMAF motion, UniMatch optical-flow magnitude, DOVER technical/aesthetic quality, and scene
cuts from PySceneDetect. For long videos, UniMatch samples frame pairs every 0.5s across the first 60s, and DOVER
is averaged over non-overlapping 5s chunks. We also run a Qwen3.5 VLM [102] pass to count people, vehicles, and
animals in each scene and to flag clips that are visually poor, overly dark, or otherwise unsuitable. Tab. 6 summarizes
the per-dataset thresholds; each metric value must fall within the specified range for a clip to be retained. VLM Entity
denotes the allowed count of people, vehicles, and animals, while VLM Quality denotes the accepted range of the
VLM quality flag. In addition, camera-specific filters are applied uniformly across all datasets. Given frame resolution
(W, H) and intrinsics ( f5, fy, ¢z, ¢y), we compute horizontal and vertical fields of view as 6, = 2arctan(W/(2f,))
and 0, = 2arctan(H/(2f,)), and require both to lie in [25°,120°]. The f,/ f, divergence is the symmetric normalized
focal mismatch, | f, — fy|/((fz + fy)/2), which must be at most 0.20. For metric scale, let {s;}{_; be the per-frame
scale factors estimated during pose annotation; we compute the coefficient of variation as std(s;)/(mean(s;) + ¢) and
reject clips with value above 2.0.

Table 6 | Per-dataset quality filter thresholds. Ranges denote [min, max| acceptable values. “—” indicates the filter is
not applied for that dataset.

Dataset VMAF Motion  UniMatch DOVER Color Sat.  Scene Cuts VLM Entity VLM Quality

OmniWorld [0.5, 100] [3,100]  [0.35,1.0] — — [0, 10] [0.5,1.5]

Sekai Game [0.5, 50] [3,80]  [0.25,1.0] — — [0,10] [0.5,1.5]

Sekai Walking [0.5, 50] [3,50]  [0.35,1.0] [0, 180] — [0,25] [0.5,1.5]

MiraData [0.5, 50] 3, 80] [0.4,1.0]  [0,180] <1 — —

DL3DV-GS 6, 50] 3, 80] [0.4,1.0]  [0,180] <1 — —

SpatialVID [0.5, 50] [3,80]  [0.35,1.0] [0, 180] — [0, 10] [0.5,1.5]

C. Implementation Details

C.1. Detailed Implementation and Training Efficiency

Architectural Specifics. The SANA-WM backbone is designed for long-horizon stability. The 20 transformer blocks
use a head dimension of D=112 and interleave 15 frame-wise GDN blocks with softmax blocks at {3,7,11, 15, 19}.
Every block uses dual UCPE + Pliicker mixing camera conditioning. The interleaved softmax blocks allow the model to
anchor long-term spatial consistency, while the GDN blocks provide efficient frame-by-frame evolution.

Context-Parallel (CP) Training. To make 961-frame training feasible, we shard the latent sequence across P GPUs.
Each rank p holds frames Z, = {pT/P,...,(p+1)T/P—1}. Since the GDN update (Eq. 3) is affine, each shard
computes a transition composite C,, and an input composite H,,:

Sgl)d = nge)nrt

C,+H,, where C,= H M,. (12)
tez,

We all-gather these compact summaries (rather than full activations) and compose them as an exclusive prefix:

So=0, S,.1=S5,C,+H, SP

start

=8, (13)

13



SANA-WM : Efficient Minute-Scale World Modeling with Hybrid Linear Diffusion Transformer

This recovers the mathematically exact initial GDN state for each rank with minimal communication overhead.

Halo Exchange for Convolutions. While the recurrent scan uses prefix-sum composition, the temporal convolutions in
GDN and FFN blocks require boundary context. For a kernel size K, rank p exchanges K — 1 frames with its neighbors
to form a halo-augmented sequence X (P, ensuring the output Y ) matches the unsharded version exactly. For chunk
causal finetuning, we use zero padding at the global sequence boundaries and enforce causality by omitting the right-side
halo where applicable.

Fused Triton Kernels. We implement high-performance kernels using OpenAl Triton to fuse multiple operations:
RMSNorm, ReLU, key scaling, UCPE/ROPE preparation, and the GDN recurrent scan. This fusion significantly reduces
memory bandwidth bottlenecks and provides autograd support, contributing to about 1.5x to 2x efficiency gain.

C.2. Training Hyperparameters

Before DiT training, we adapt the LTX2 VAE on the SANA-Video SFT training data for about 50K steps, which takes
roughly 3.5 days on 64 H100 GPUs. The main DiT training stages and compute budgets are summarized in Tab. 7;
together, they require about 15 days on 64 H100 GPUs. During minute-scale long-video training (Stages 3 and 4), we
precompute VAE latents to remove the cost of online VAE encoding. Stages 1-2 use a per-GPU batch size of 1, while
CP size 2 in Stages 3—4 corresponds to 0.5 clips per GPU and an effective global batch size of 32 on 64 GPUs.

Table 7 | Training schedule and hyperparameters for the progressive DiT/backbone training pipeline. All stages use
AdamW, BF16 mixed precision, and gradient clipping at 0.5.

Stage 1 Stage 2 Stage 3 Stage 4
Purpose Frame-wise GDN Hybrid Attention Minute-Scale Video + CamCtrl SFT
Training data SANA-Video SFT data SANA-Video SFT data SANA-WM data (Sec. 4) ~50K high-quality clips
Clip duration Ss Ss 1 min 1 min
Batch/GPU 1 1 0.5 0.5
CP size - - 2 2
Effective global batch 64 64 32 32
Learning rate 5x 1075 5x 1075 1x107° 1x107°
Training steps 30K 30K 31K 10K
Compute budget ~2.75 days ~2 days ~8 days ~2.5 days

D. Benchmark Details

D.1. Benchmark Construction

Our benchmark starts from 80 first-frame conditioning images at 1280720 resolution, generated by Nano Banana
Pro [16] and balanced across four scene categories: game-style, indoor, outdoor-city, and outdoor-nature (20 scenes
each). Each scene is then annotated by a Qwen3.5 VLM [102] with a scene-static first-person prompt that describes
layout, materials, lighting, and autonomous world dynamics while avoiding camera-motion language.

We use two trajectory splits. The Simple split contains 10 smooth navigation templates with arcs, S-curves, backtracking,
and figure-eight returns. The Hard split contains 10 stress-test templates with larger yaw changes, vertical motion,
extreme pitch, whip-pan events, double loops, and crane-like moves. Each template is specified as 11-15 waypoints
with position, yaw, pitch, time, and revisit metadata. Given a target duration and frame count, we interpolate positions
with centripetal Catmull-Rom splines and rotations with quaternion Squad interpolation. We then apply arc-length
reparameterization for approximately uniform speed, Laplacian position smoothing, and angular-velocity clamping
at 12°/s, producing smooth frame-level camera trajectories rather than piecewise constant action chunks. The main
benchmark uses the 60-second versions of both splits: each split contains 80 scenes at 16 fps, giving 960 video frames
and 961 SANA-WM camera frames. For each generated path, we also store revisit pairs where the camera nearly
returns to the same viewpoint (position distance < 0.5 m and viewing-angle difference < 20°); these pairs support the
revisit-memory metric described below.

To adapt these template trajectories to each scene and avoid invalid camera motion, we estimate camera intrinsics and
metric depth from the conditioning image with Pi3X [14]. The resulting median depth provides a scene-scale proxy:
travel distance is limited to 60% of the median depth, with a global maximum speed of 0.4 m/s, so indoor scenes
move more slowly while outdoor scenes can traverse farther. Pi3X also provides a downsampled metric point cloud
for boundary checking. For collision avoidance, each candidate trajectory is checked against this point cloud with a
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0.3 m margin; if a camera center collides with the scene, the maximum speed is reduced by 30% and the trajectory
is regenerated for up to three retries. For reproducibility, the benchmark package records scene metadata, prompts,
calibrated intrinsics, metric camera trajectories, collision status, smoothness statistics, revisit pairs, and model-specific
action or camera-control inputs generated from the same underlying trajectories.

D.2. Benchmark Examples

Representative Initial Frames
Four scene categories used for first-frame-conditioned world-model evaluation

Game

j ~ !
I i
Indoor ‘

Nature

Figure 9 | Representative first-frame conditioning images from the benchmark. Each row shows examples from one
scene category, illustrating the diversity of geometry, lighting, and visual style used for evaluation; zooming in reveals
the fine-grained scene details.

D.3. Evaluation Protocol

All methods are evaluated from one generated video per benchmark scene under the same split-specific protocol. Because
different baselines use different native frame rates, revisit evaluation remaps frame indices by timestamp: a reference
frame index ¢ at 16 fps is read from generated frame round(i fyigeo/16). The benchmark exports model-specific
camera-control inputs from the same underlying trajectories, including discrete action labels, pose tracks, camera-control
tensors, and calibrated intrinsics. This keeps first frames, prompts, and trajectories fixed while allowing each baseline to
run in its native interface.

Visual quality. We run VBench [96] in custom-input mode using the benchmark prompts. For the main tables, we report
the video-quality and prompt-consistency dimensions that are valid for custom-input evaluation: subject consistency
(SC), background consistency (BC), temporal flickering (TF), motion smoothness (MS), aesthetic quality (AQ), imaging
quality (IQ), dynamic degree (DD), and overall consistency (OC), together with the aggregated VBench Overall score.
Scores are cached per dimension and aggregated following the VBench normalization and weighting convention, with
dynamic degree weighted by 0.5 in the quality group.

Camera accuracy. We estimate camera poses from each generated video using Pi3X [14]. The ground-truth trajectory
is loaded from the benchmark camera annotations, relativized to the first frame, and sampled consistently with the
evaluated video. The recovered Pi3X trajectory is aligned to the ground truth by Umeyama Sim(3) alignment [99]. Let
P; = [R¢|t,] be the ground-truth pose and P; = [R,|t;] be the aligned Pi3X pose for frame ¢. We report

T ~
1 180  _,f .. [tr(R/Ry) -1
RotErr = T E - cos (chp (2, -1,1 ,

t=1

T T
1 ~ 1 ~
TransErr = T t§:1 lt: — tell2, CamMC = T tEﬂ IP: — Pyl r,
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Representative Benchmark Trajectory Templates

Ground projections with 60-second height profiles; hard templates add vertical and pitch-heavy motion

S-Curve Orbit Backtrack L-Return Figure-Eight Room Loop
o.) m [ ] N [ ] [ ]
(]
. A )
Simple I ) J &
° ° ° ° ° °
Staircase Whip Pan Double Loop Elevator Spiral Crane

l : | )
v — v N

e stat e end height profile below each ground projection

Hard ‘ l Y
| [ @ ¢
] A\Va

Figure 10 | Representative benchmark trajectory templates. The Simple split includes smooth symmetric or revisiting
planar paths, while the Hard split adds vertical motion, loop closures, and pitch-heavy viewpoints. Each panel shows the
ground-plane projection with a 60-second camera-height profile below, making out-of-plane motion visible beyond a
BEV path alone.

where || - || is the Frobenius norm, RotErr is in degrees, and all three metrics are lower-is-better.

Revisit memory. For each scene, we sort the stored revisit pairs by their quality score and evaluate at most five
closest pairs. Each pair compares two generated frames at nearly identical camera viewpoints using PSNR, SSIM,
and LPIPS [97]; higher PSNR/SSIM and lower LPIPS indicate better scene memory under loop closure. The reported
split-level numbers are averages over all valid pairs and scenes.

Temporal degradation. To measure long-horizon visual drift, we split each 60-second video into non-overlapping
10-second windows and run VBench on each window. The main temporal-stability statistic is AIQ, the imaging-quality
score in the first window minus the imaging-quality score in the last window; lower values indicate less degradation over
the minute.

E. Additional Results

E.1. Revisit memory and temporal stability (full table)

Tab. & expands the brief revisit and temporal-stability discussion in Sec. 5.3. Revisit metrics test whether a model
preserves scene identity when the camera returns to a nearby viewpoint, while AIQ measures late-window visual
degradation over a full minute. The results show that SANA-WM remains competitive on loop-closure memory at 720p,
and the second-stage refiner consistently reduces long-horizon drift, especially on the Hard-Trajectory split.

E.2. Progressive-training ablation: VBench-I2V per-dimension breakdown

Tab. 10 expands the rolled-up scores of Tab. 3 into the nine VBench-I12V dimensions, split into the three 12V-specific
axes (camera_motion, i2v_subject, i2v_background) and the six general video-quality axes (subject_consistency,
background_consistency, motion_smoothness, dynamic_degree, aesthetic_quality, imaging_quality). The decomposition
shows that the LTX2 VAE swap preserves quality while greatly improving efficiency, and the hybrid backbone improves
the long-range consistency and 12V dimensions beyond the starting Sana-Video baseline.

E.3. Additional Qualitative Results

Fig. 11 provides additional Hard-Trajectory examples beyond the main qualitative figure. These cases emphasize
viewpoint consistency under large camera motion: SANA-WM better preserves global layout and object identity
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Table 8 | Revisit memory and temporal stability on the 60-second benchmark. PSNR/SSIM/LPIPS use same-pose pairs;
AIQ compares VBench imaging quality between the first and last 10-second windows. Bold Res marks 720p, and green
highlights mark top-three entries per split.

Revisit consistency Temporal degradation

Method Param Res #G PSNRtT SSIM?T LPIPS| IQo-10 T IQs0-60 T AIQJ
Simple-Trajectory Split

Infinite-World [8] 13B 480p 1 12,60 0.284  0.595 73.93 67.22 6.72
LingBot-World [7] 14B+14B 480p 8 1459 0366 0.394 73.46 73.42 0.04
HY-WorldPlay [6] 8B 480p 8 12.83 0321 0616 70.08 46.50 23.59
Matrix-Game 3.0 [9] 5B 720p 8 1229 0.326  0.553 69.07 66.66 2.41
SANA-WM 26B  720p 1 1416 0.333 0458 72.63 68.84 3.79
SANA-WM + refiner 2.6B 720p 1 1446  0.292 0.479 73.37 72.21 1.17

Hard-Trajectory Split

Infinite-World [&] 13B  480p 1 12.04 0.248 0.617 73.79 69.63 4.16
LingBot-World [7] 14B+14B 480p 8 14.08 0332 0.436 73.66 73.09 0.58
HY-WorldPlay [6] 8B 480p 8 1372 0.328  0.654 70.21 4433 25.88
Matrix-Game 3.0 [9] 5B 720p 8 12.17 0317  0.556 69.24 68.92 0.32
SANA-WM 26B  720p 1 14.10  0.327  0.469 72.58 69.49 3.09
SANA-WM + refiner 26B 720p 1 1480 0312 0458 73.34 73.03 0.31

Table 9 | SANA-WM bidirectional and autoregressive stage-1 comparison on the 60-second benchmark. The top panel
follows the main quantitative table; the bottom panel reports the revisit-memory and temporal-stability metrics used in
Tab. 8. Both variants use the same 2.6B 720p backbone and are measured as single-GPU rollouts for efficiency.

Pose Acc. ({) VBench (1) Efficiency

Split Mode Param Res #G R T CMC SC BC TF MS AQ IQ DD OC Overall Mem| Tputf

Simple Bidir. 2.6B 720p 1 3.11 1.08 1.09 90.34 93.31 95.65 98.24 58.54 72.32 45.00 11.63 79.39 492 29.5
Simple AR 26B 720p 1 7.59 1.59 1.63 87.46 91.87 94.99 97.69 55.70 69.69 72.50 11.54 79.29 51.1 24.1
Hard Bidir. 2.6B 720p 1 3.17 1.08 1.09 87.23 91.50 94.92 97.96 55.02 70.56 83.75 11.93 80.18 492 29.5
Hard AR 26B 720p 1 10.02 1.66 1.72 85.93 90.89 94.36 97.49 53.82 69.12 92.50 12.10 79.60 51.1 24.1

Revisit consistency Temporal degradation

Split  Mode PSNRT SSIMt LPIPS| IQo.10 1 IQso.c0 T AIQJ

Simple Bidir.  13.74 0.346 0.425 73.50 71.25 225
Simple AR 14.16 0.333 0.458 72.63 68.84 3.79
Hard Bidir.  13.78 0.342 0.432 72.95 70.82 2.13
Hard AR 14.10 0.327 0.469 72.58 69.49 3.09

across the minute-long rollout, whereas baselines often blur details, change scene structure, or collapse toward weak
motion under the same action sequence. The examples are selected to complement the aggregate pose, VBench, and
revisit-memory results rather than to introduce a separate evaluation protocol.

E.4. 3D Reconstruction Visualization

Fig. 12 provides an additional qualitative probe of the geometry contained in SANA-WM rollouts. The three examples
are benchmark results: each video is generated from a Nano Banana Pro [16] first frame and then reconstructed with
Pi3X [14] from the generated frames. The recovered structures and camera paths indicate that the videos contain
coherent 3D cues over minute-long camera-controlled rollouts, beyond frame-wise image quality alone.

F. Broader Impact

SANA-WM is intended to make long-horizon world modeling more accessible for simulation, embodied Al, robotics
research, and interactive content prototyping. By reducing the training corpus size, training compute, and inference
hardware needed for one-minute 720p rollouts, the system can lower the barrier for academic groups and smaller labs to
study camera-controlled video generation, long-horizon scene consistency, and action-conditioned evaluation. The same
efficiency may also reduce the marginal computational cost of generating evaluation data or synthetic rollouts, although
total environmental cost still depends on how widely and how repeatedly the model is used.

The main potential negative impacts are those common to high-quality video generation and simulation systems.
Generated videos may be mistaken for real observations if provenance is not documented, and simulated rollouts may
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Table 10 | VBench-I2V per-dimension scores (1, 0—1) for the visible progressive-training stages of Tab. 3. Same
checkpoints, prompts, seeds, sampler, and inference settings as the main table. I2V-specific dims: camera_motion (CM),
i2v_subject (IS), i2v_background (IB). General quality dims: subject_consistency (SC), background_consistency (BC),
motion_smoothness (MS), dynamic_degree (DD), aesthetic_quality (AQ), imaging_quality (IQ). Green highlights mark
the best value per column.

12V-specific General quality
Model CM IS 1B SC BC MS DD AQ 1Q
Sana-Video 0.4755 09312 0.9545 0.8267 0.8841 0.9613 0.9976 0.5738 0.6376
+LTX2 VAE 0.3942  0.9309 0.9622 0.8346 0.9048 0.9560 0.9902 0.5395 0.6636

+ Hybrid attention  0.4343  0.9450 0.9693 0.8564 0.9114 0.9611 0.9602 0.5649 0.6765

Table 11 | Public license or terms status for existing assets and external tools used by SANA-WM. “Project terms”
indicates that the official release uses a custom or non-standard access agreement rather than a standard SPDX-style

license.

Asset / tool

Use in this work

Public license or terms status

Spatial VID-HQ [87]
DL3DV-10K [86]
OmniWorld [89]
Sekai [90]
MiraData [88]

ViPE [13]

Pi3X /Pi3 [14]

MoGe-2 [15]

FCGS [94]
DiFix3D [95]

Qwen3.5 VLM [102]
Nano Banana Pro [16]

LTX-2/LTX-2.3 [10]

Real-video training source

Static 3D scenes, GT poses, and 3DGS aug-
mentation

Synthetic/game data and held-out camera-
control validation

Game and walking-video training sources
Long real-video training source

Camera-pose annotation engine

Pose/depth recovery and evaluation
Metric-scale depth prior

3D Gaussian Splatting reconstruction for
DL3DV augmentation

Refinement of 3DGS-rendered videos

Content filtering and scene-static captioning
Generation of first-frame evaluation images

LTX2 VAE and long-video refiner initializa-
tion

CC-BY-NC-SA 4.0; gated Hugging Face access requires agreement to non-
commercial terms.

Custom DL3DV project terms; access requires accepting the dataset terms
rather than a standard open-source license.

CC-BY-NC-SA 4.0 on the public Hugging Face release.

Public project/data release; no standard license was clearly specified on the
project page we checked, so use should follow the project access terms.
Public project release; the repository lists GPL-3.0, while source videos
may remain subject to their original hosting terms.

Apache-2.0 code release, with third-party components under their respective
licenses.

BSD-3-Clause code; public model weights are released for non-commercial
use (CC BY-NC 4.0).

Public Microsoft MoGe release; repository licensing includes permissive
MIT/Apache-style terms, while model-weight terms should be checked
from the model card.

Public research code; no standard license was clearly specified on the project
page we checked.

NVIDIA research release; model/code use is governed by NVIDIA terms
for research and development/non-commercial use.

Apache-2.0 public model/code release.

Google/Gemini product terms apply; generated images are marked with
SynthID according to Google’s product documentation.

LTX-2 Community License Agreement for model weights, code, and related
materials.

be over-interpreted as faithful predictions in safety-critical settings such as robotics, autonomous driving, or physical
planning. The model also inherits biases and coverage limitations from its public video sources, generated benchmark
images, and filtering/captioning tools, so performance should not be assumed to transfer uniformly across cultures,
environments, rare viewpoints, or sensitive human-centered scenes. Practical deployments should therefore document
data provenance, generation settings, intended use, and known failure modes; retain watermarks or other provenance
signals when available; avoid presenting generated videos as real-world evidence; and verify downstream decisions with
real data and task-specific safety checks. Tab. | | summarizes the public license or terms status of the main existing
assets and tools used by our pipeline.

G. Existing Assets and Tool Terms

For transparency, Tab. 1| summarizes the public license or terms status we found for the main existing assets and
external tools used in our data construction, annotation, evaluation, and refinement pipeline. We cite the original projects
and follow their release terms; the benchmark images and prompts are used as internal evaluation inputs rather than as a
separately released dataset in this submission.
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Prompt: A first-person view of a
serene library interior featuring a
large wooden table in the immediate
foreground, upon which rests an
open hardcover book, a spiral
notebook, and a black pen. The
perspective is fixed, looking past the
study surface toward rows of tall,
dark wood bookshelves densely
packed with colorful volumes.
Natural light streams through high
arched windows in the background.

©
s
2
5
o
)
g
5
o
3
°
£
5
Q@
X
8
s
I
o
=
s
s
g
I

Prompt: A first-person view of a
narrow, muddy trail winding through
a dense, rain-drenched tropical
forest, where broad palm fronds and
ferns crowd the path on both sides.
Rain falls visibly in vertical streaks,
glistening on wet leaves and
saturating the earthy ground littered
with fallen branches and decaying
foliage. The canopy overhead filters
soft atmosphere that blurs distant
tree trunks into a green-gray haze.
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Prompt: A first-person view of a
serene alpine lake at dawn, where
jagged mountain peaks rise
symmetrically across the water’s
edge, their snow-dusted ridges
mirrored in the glassy surface. A thin
veil of mist hovers just above the
lake, softening the transition
between water and forested slopes.
The foreground is strewn with dark
stones and pebbles along the shore,
interspersed with green grass.

Figure 11 | Qualitative comparison on 3 Hard-Trajectory 60-second videos. Green borders mark SANA-WM, with
transparent action overlays in the bottom-left.
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Figure 12 | 3D-aware qualitative demo on three benchmark videos generated by SANA-WM. Each example is a
60-second rollout conditioned on a Nano Banana Pro first frame; the accompanying 3D reconstruction is produced by

Pi3X from the generated video.
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