LIVE: Long-horizon Interactive Video World Modeling
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Experiments Stable Long-Horizon Rollouts
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CameraCtrl (He et al., 2024) | x | 14.09 03829 04366 | 11.69 05224 03651 | 1025 06115 03181 | 948  0.6585 0.2886 Ground Rollout ( ‘I Frames Noise at
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NFD-TF (Cheng et al., 2025) | v 16.87  0.2571 0.5503 | 13.59  0.4302 0.4448 | 11.63  0.5526 0.3724 | 10.58  0.6222 0.3281 | | |
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Table 2. Results on interactive game environments. LIVE achieves consistent improvements over baselines on both realistic game engine
videos (UE Engine) and interactive gameplay (Minecraft), demonstrating strong performance for interactive world modeling.

| 0~64 frames | 0~128 frames | 0~256 frames | >400 frames
|PSNR{ LPIPS | SSIM |PSNR+ LPIPS | SSIM 1 |PSNR+ LPIPS | SSIM 1 |PSNR+ LPIPS | SSIM 1

UE Engine (Realistic Game Engine)

NFD-TF (Cheng et al., 2025) | 17.16  0.3387 0.4953 | 1495  0.4597 0.4245 | 1297 0.5702 0.3625 | 11.80 0.6318 0.3286
NFD-DF (Cheng et al., 2025) | 17.15  0.3357 0.5062 | 14.71  0.4586 0.4441 | 1227 05799 03956 | 11.02  0.6456 0.3760

LIVE | 17.83 03145 0.5204 | 1585 0.4210 0.4600 | 14.04 0.5214 0.4085 | 12.96 0.5794 0.3834

Method

| 0~32 frames | 0~64 frames | 0~128 frames | 0~200 frames
|PSNR 1 LPIPS | SSIM t|PSNR1 LPIPS | SSIM |PSNR{ LPIPS | SSIM |PSNR{ LPIPS | SSIM 1

Minecraft (Interactive Gameplay)

NFD-TF (Cheng et al., 2025) | 16.09  0.3474 0.6224 | 14.62  0.4067 0.5930 | 13.06  0.4781 0.5560 | 12.10  0.5255 0.5311
NFD-DF (Cheng et al., 2025) | 17.39  0.2888 0.6401 | 15.54 0.3586 0.6036 | 13.52 0.4469 0.5594 | 12.34  0.5091 0.5332

LIVE | 17.87  0.2698 0.6558 | 16.31  0.3271 0.6291 | 14.90  0.3877 0.6037 | 14.02  0.4299 0.5885

Method
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