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Figure 8. Qualitative comparison on RealEstate10K dataset. We showcase indoor and outdoor scenes comparing various methods. LIVE
demonstrates stable visual quality during rollouts. Full videos and additional examples are provided in Appendix 7.2.

5.2. Ablation Studies

We conduct comprehensive ablation studies on the
RealEstate10K test set to validate the key design choices
in LIVE. Results are summarized in Table 3.
Effect of Cycle-consistency Objective. Removing the
reverse generation step leads to substantial performance
degradation. This validates our core hypothesis illustrated
in Figure 3: direct supervision on forward rollouts is in-
feasible due to semantic divergence between rollouts and
ground truth. The cycle-consistency objective addresses
this by requiring the model to generate back toward the orig-
inal GT, creating a valid training signal that accommodates
distributional diversity while constraining error accumula-
tion within recoverable limits.
Effect of Context Noise Strategy. We compare three noise
injection strategies for the rollout context: (1) no noise,
(2) fixed-scale noise, and (3) random timestep sampling
(LIVE). Without noise, the model shows acceptable short-
horizon performance but degrades at longer sequences.
Fixed-scale noise provides marginal improvement, while
our random timestep sampling achieves the best results.
This validates the analysis in Sec 4.1 Step 2: after reversing,
context quality improves monotonically, allowing trivial re-
covery by attending to higher-quality neighboring frame.
Random per-frame noise breaks this pattern, forcing model
to learn robust recovery from diverse error distributions.
Effect of Progressive Training Curriculum. Directly set-

ting p = 1 throughout post-training underperforms our pro-
gressive curriculum that gradually decreases p from T to
pmin. Abruptly exposing the model to the maximum roll-
out length creates an overly difficult task before sufficient
error tolerance develops. Progressive rollout extension al-
lows gradual capability building, starting from easy recov-
ery with mostly GT context, then progressively increasing
the rollout proportion to expose harder error patterns. This
enhanced recovery capability produces better rollouts, ul-
timately enabling the model’s error tolerance to converge
smoothly toward its recovery capacity.

6. Conclusion

In this work, we introduce LIVE, a long-horizon inter-
active video world model that addresses the fundamental
challenge of error accumulation in autoregressive genera-
tion. By enforcing a cycle-consistency objective through
diffusion loss, LIVE explicitly bounds long-horizon error
propagation without relying on teacher-based distillation.
We further present a unified perspective that connects TF,
DF, and LIVE, and derived a progressive training curricu-
lum that stabilizes optimization while preserving genera-
tion quality. Extensive experiments demonstrate that LIVE
achieves strong performance and robust generalization on
long-horizon interactive video world modeling benchmarks,
significantly extending the effective rollout horizon beyond
the training window. In future work, we will further scale
up LIVE on large-scale and diverse datasets.
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Teacher Forcing (TF)
l Training: use 100% GT as context.

l Inference: use the model’s own 

predicted frames as context.
—> train–test distribution mismatch.

Diffusion Forcing (DF)
l Training: add noise to the GT context to 

simulate imperfect conditioning.

l noisy GT ≠ real rollout

Self Forcing (SF)
l Training: use a teacher model to distill 

sequence-level distribution matching.

l This requires a pretrained interactive 

teacher model.
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LIVE Key Insight: Cycle Consistency
n We require the model to use its own real rollout as context, and then recover the initial frame 

through reverse actions. In this way, the model learns a process in which the quality gradually 
improves, while the context distribution is consistent with that at inference time.

n Minimizing the recovery loss → implicitly constrains the error bound of the forward rollout.

LIVE: Long-horizon Interactive Video World Modeling
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Figure 2. Comparison of autoregressive training paradigms. Teacher Forcing (TF) uses ground truth context during training, causing train-
inference mismatch. Diffusion Forcing (DF) injects noise but fails to model real rollout errors. Self-Forcing (SF) employs sequence-level
distillation with unbounded error accumulation. Our LIVE performs forward rollout then reverse recovery with frame-level diffusion loss,
bounding errors through the cycle-consistency objective.
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Figure 3. Rollout from GT produces semantically diverse con-
tent, making direct supervision infeasible. LIVE addresses this
by requiring the model to generate back toward the original GT,
enabling valid supervision through the cycle-consistency objective.

frames interact simultaneously, achieving impressive tem-
poral consistency and motion quality. However, they are
constrained to fixed-length generation and lack frame-level
interaction control, while facing computational complexity
that scales quadratically with sequence length, making them
unsuitable for real-time interactive world modeling.

Autoregressive Video Generation. Autoregressive meth-
ods synthesize videos sequentially by conditioning on pre-
ceding context (Harvey et al., 2022; Li et al., 2024; Xie
et al., 2025; Teng et al., 2025; Henschel et al., 2025). Ap-
proaches include discrete token-based autoregression (Wu
et al., 2024; Kondratyuk et al., 2023; Guo et al., 2025a)
and diffusion-based frameworks (Chen et al., 2025; Gu
et al., 2025). This paradigm naturally supports interactive
world modeling where environments are simulated step-by-
step (Feng et al., 2024; Parker-Holder et al., 2024; Valevski
et al., 2024; Zhang et al., 2025b; He et al., 2025; Che et al.,
2024). Several works adopt causal attention with sliding
windows for real-time generation (Decart et al., 2024; Cheng
et al., 2025; Huang et al., 2025a), while facing error accu-

mulation challenges during long-horizon inference.

Mitigating Exposure Bias. Teacher Forcing (Gao et al.,
2024; Jin et al., 2024; Zhang et al., 2025a) conditions on
ground truth during training but causes exposure bias at in-
ference when models encounter their own imperfect rollouts.
Diffusion Forcing (Chen et al., 2024; Song et al., 2025; Chen
et al., 2025; Yin et al., 2025; Gu et al., 2025) injects noise
into ground truth context during training to approximate
rollout distributions, yet noised ground truth still funda-
mentally differs from actual rollouts. Self-Forcing (Huang
et al., 2025b) and its extensions (Yang et al., 2025; Cui et al.,
2025) align the model’s rollout distribution with that of a pre-
trained bidirectional teacher during training, which slows
down error accumulation but still suffers from degradation
beyond training rollout lengths. Moreover, the reliance
on pre-trained teachers complicates extension to interac-
tive video generation models. Concurrent work (Po et al.,
2025) constructs corrective trajectories from the model’s
rollouts to teach it to recover from its mistakes. Another ap-
proach (Guo et al., 2025b) simulates rollouts via resampling
ground truth, yet this still differs from genuine rollouts.

3. Preliminaries
3.1. Interactive Video World Modeling

We consider video world modeling as learning the condi-
tional distribution p(x1:T |c1:T ), where x1:T = (x1, . . . , xT )
denotes a sequence of T video frames and c1:T =
(c1, . . . , cT ) represents conditioning information for each
frame (e.g., camera poses, actions).

Video diffusion models learn to denoise Gaussian noise
through an iterative process, where a forward diffusion pro-
cess gradually adds noise to the data:

q(xti |xti→1) = N (xti ;
√
1→ ωixti→1 ,ωiI), (1)
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Figure 6. Post-training performance from a converged DF checkpoint. Continued DF training stagnates with oscillating metrics, while
LIVE achieves substantial improvements that amplify at longer horizons. LIVE converges to comparable FID across 128-frame and
200-frame generation, demonstrating uniform quality regardless of rollout length.

with t independently sampled for each frame k from the
noise schedule, xgt(k) denoting the GT frame (repeated
from the p prompts), and x̃<k,rev,ω representing the reversed
rollout context with injected noise. Specifically, x̃<k,rev,ω

consists of the subset of frames from x̃p+1:T,rev,ω in Eq. 12
preceding position k.

Implicit Error Bounding. The cycle-consistency objective
creates an implicit incentive to bound forward distortion
through the recovery objective. Define Dctx = D(xk, x̃k)
as the distortion between rollout and GT at frame k, and
Drec = 1

p

∑p
k=1 D(xk, x̂k) as the average recovery distor-

tion over the p prompt frames. The training objective mini-
mizes Drec, which encourages:
(1) Maintaining forward distortion D(xk, x̃k) within
bounded range to enable recovery from rollout context;
(2) Optimizing ωε to recover GT frames from imperfect
rollout context, directly reducing Drec via gradient descent.

Consequently, gradient optimization learns to maintain
D(xk, x̃k) within a bounded range, preventing the mono-
tonic degradation that plagues AR diffusion inference.

4.2. Progressive Training Curriculum

Unified Training Objective. LIVE unifies existing training
paradigms by controlling the GT ratio p → [1, T ], encom-
passing: (1) Teacher Forcing (p = T , perfect GT context
x<k); (2) Diffusion Forcing (p = T , noisy GT context
x̂<k = x<k + ω); (3) LIVE (p < T , imperfect rollout con-
text x̃<k with accumulated errors). By controlling p, our
framework supports both pre-training and post-training: dur-
ing pre-training, the model uses p = T since it has not yet
learned to generate rollouts; during post-training, as shown
in Figure 5, we progressively decrease p to adapt the model
to increasing error levels.

Error Tolerance. When p is large, the context consists pri-
marily of GT frames with small distortions, making recovery
relatively easy; as p decreases, more rollout frames enter
the context, accumulating larger errors and making recov-
ery increasingly difficult. Through gradually exposing the

model to harder recovery tasks, this strengthens its ability
to recover from imperfect contexts (Error Tolerance). This
enhanced capability, in turn, produces better rollouts with
reduced errors, enabling robust long-horizon generation.

5. Experiments
Implementation Details. All experiments are conducted on
a cluster of 32 NVIDIA H100 GPUs with a batch size of 64.
Our model architecture follows the NFD (Cheng et al., 2025)
774M configuration. For RealEstate10K, we train from
scratch following DFoT (Song et al., 2025) settings at 256↑
256 resolution with a frame skip of 2. For UE Engine Videos
datasets (Yu et al., 2025), we initialize from RealEstate10K
pre-trained weights and apply the same frame skip of 2. Our
model use a fixed context window of 32 frames during both
training and evaluation. Additional implementation details
are provided in Appendix A.1.

Datasets and Baselines. We evaluate on three diverse
benchmarks: (1) RealEstate10K: A large-scale dataset of
real estate videos featuring diverse camera motions. We re-
port results on the complete test set. (2) UE Engine Videos:
Following Context-as-Memory (Yu et al., 2025), we use
their dataset containing 100 videos of 7,601 frames across
12 scenes with camera pose annotations, collected from
realistic game engine environments (UE engine). We ran-
domly select one video per scene (12 videos total) as the test
set. (3) Minecraft: We train on the WorldMem (Xiao et al.,
2025) dataset and collect 300 video-action pairs from Mine-
Dojo (Fan et al., 2022) for evaluation, testing long-horizon
generation in interactive environments. We compare LIVE
against multiple baselines including CameraCtrl (He et al.,
2024), DFoT (Song et al., 2025), Geometry Forcing (Wu
et al., 2025), and NFD-TF/DF (Teacher Forcing/Diffusion
Forcing) (Cheng et al., 2025), assessing generation quality
using PSNR, SSIM, LPIPS, and FID metrics. We focus our
comparison on methods without interactive teacher model
distillation. Training large-scale bidirectional teacher mod-
els (Huang et al., 2025b) remains important future work
beyond our current computational budget.
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Table 1. RealEstate10K full test set results across different rollout lengths. LIVE achieves state-of-the-art performance, with particularly
large gains at longer sequences demonstrating superior long-horizon generation capability.

Method Real-
time

0→64 frames 0→128 frames 0→200 frames ↑256 frames
PSNR ↓ LPIPS ↔ SSIM ↓ PSNR ↓ LPIPS ↔ SSIM ↓ PSNR ↓ LPIPS ↔ SSIM ↓ PSNR ↓ LPIPS ↔ SSIM ↓

CameraCtrl (He et al., 2024) ↗ 14.09 0.3829 0.4366 11.69 0.5224 0.3651 10.25 0.6115 0.3181 9.48 0.6585 0.2886
DFoT (Song et al., 2025) ↗ 15.65 0.3053 0.4989 12.55 0.4601 0.3936 10.86 0.5613 0.3287 10.02 0.6128 0.2921

GF (Wu et al., 2025) ↗ 16.37 0.2450 0.5567 12.69 0.4190 0.4534 10.59 0.5400 0.3969 9.91 0.5936 0.3796

NFD-TF (Cheng et al., 2025) ↭ 16.87 0.2571 0.5503 13.59 0.4302 0.4448 11.63 0.5526 0.3724 10.58 0.6222 0.3281
NFD-DF (Cheng et al., 2025) ↭ 16.59 0.2558 0.5723 13.82 0.3922 0.5015 12.21 0.4956 0.4598 11.51 0.5506 0.4397

LIVE ↭ 18.11 0.2215 0.5810 15.91 0.3298 0.5096 14.57 0.4163 0.4630 13.89 0.4682 0.4400

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.

Method
0→64 frames 0→128 frames 0→256 frames ↑400 frames

PSNR ↓ LPIPS ↔ SSIM ↓ PSNR ↓ LPIPS ↔ SSIM ↓ PSNR ↓ LPIPS ↔ SSIM ↓ PSNR ↓ LPIPS ↔ SSIM ↓
UE Engine (Realistic Game Engine)

NFD-TF (Cheng et al., 2025) 17.16 0.3387 0.4953 14.95 0.4597 0.4245 12.97 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 12.27 0.5799 0.3956 11.02 0.6456 0.3760

LIVE 17.83 0.3145 0.5204 15.85 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 ↓ LPIPS ↔ SSIM ↓ PSNR ↓ LPIPS ↔ SSIM ↓ PSNR ↓ LPIPS ↔ SSIM ↓ PSNR ↓ LPIPS ↔ SSIM ↓
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

Table 3. Ablation studies on RealEstate10K test set evaluating the
impact of key components in LIVE.

Variant
0→64 frames 0→200 frames

PSNR ↓ LPIPS ↔ SSIM ↓ PSNR ↓ LPIPS ↔ SSIM ↓
Effect of Cycle-consistency Objective
w/o Cycle 13.99 0.4041 0.4597 11.18 0.6024 0.3564

Effect of Context Noise Strategy
No Noise 17.76 0.2310 0.5752 13.83 0.4573 0.4487

Fixed Noise 17.48 0.2392 0.5551 14.09 0.4444 0.4508

Effect of Progressive Training Curriculum
Fixed p = 1 16.78 0.2747 0.5265 13.58 0.4800 0.4279

LIVE 18.11 0.2215 0.5810 14.57 0.4163 0.4630

5.1. Main Results

Error Accumulation Analysis. Figure 1 demonstrates
LIVE’s core advantage. Training models on RealEstate10K
with TF (Teacher Forcing), DF (Diffusion Forcing),
DFoT (Song et al., 2025), GF (Geometry Forcing) (Wu et al.,
2025), and LIVE (TF, DF, and LIVE use the same model
architecture (Cheng et al., 2025)), we evaluate FID at 32, 64,
128, and 200 frames. LIVE maintains stable FID around 10
across all lengths, while all baselines degrade dramatically
beyond 64 frames, validating that our cycle-consistency
objective successfully bounds error accumulation.

Figure 6 shows post-training from a converged DF check-
point. Continued DF training stagnates with oscillating
metrics, while LIVE achieves substantial gains that amplify
at longer sequences. Critically, LIVE converges to com-
parable FID for both 64-frame and 200-frame generation,
maintaining uniform quality across rollout horizons.

Quantitative Results. Tables 1 and 2 show that LIVE
achieves substantial improvements over all baselines across
three benchmarks, with particularly large gains at longer
rollout lengths. Our method shares identical architecture
and inference procedures with NFD (Cheng et al., 2025),
isolating training strategy as the sole differentiator. While
DF improves upon TF by injecting noise during training,
it remains insufficient for long-horizon generation since
noised ground truth fails to match the distribution of gen-
uine rollouts with accumulated errors. LIVE addresses this
limitation by training directly on imperfect rollouts with
the cycle-consistency objective, achieving bounded error
accumulation through end-to-end diffusion optimization.

Qualitative Results. Figures 8 and 7 present qualitative
comparisons on UE Engine and RealEstate10K datasets. On
UE Engine, we compare models with identical architecture
trained using TF, DF, and LIVE, demonstrating LIVE’s
superior generation quality. On RealEstate10K, our method
maintains consistent visual quality over extended rollouts
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