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Abstract. Autoregressive diffusion models have enabled high-quality
video generation, yet their sequential nature inherently suffers from error
accumulation. In long-horizon video synthesis, minor prediction devia-
tions compound over time, inevitably leading to unconstrained genera-
tive drift, structural collapse, and severe visual degradation. To address
this, we propose Cycle-World, a novel framework designed for stable and
temporally consistent long-video generation. Our approach tackles error
drift by enforcing strict temporal reversibility across both the training
and inference phases. Theoretically, we demonstrate that forward gener-
ative drift can be strictly bottlenecked by a cycle-consistency objective.
During training, we integrate an efficient reverse-prediction model to im-
plicitly embed causal constraints into the forward generator, compelling
it to produce reversible sequences that tightly adhere to the natural video
manifold. At inference time, we repurpose this frozen reverse model as a
runtime corrector. Through gradient-based cycle guidance, it iteratively
refines the generated latent representations, actively suppressing accu-
mulated errors before they are committed to the historical context. Ex-
tensive experiments on the VBench benchmark demonstrate that Cycle-
World’s dual-phase synergy significantly mitigates error drift, achieving
state-of-the-art overall generation quality and long-horizon temporal con-
sistency in 60-second synthesis.

Keywords: Video generation - Cycle consistency - Error accumulation

1 Introduction

The field of video generation has witnessed unprecedented advancements re-
cently, driven by powerful models such as Sora [36,37], Seedance [12,41], and
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Fig. 1: High-fidelity, long-horizon video generation with Cycle-World. By
effectively bottlenecking generative drift via temporal reversibility, our framework
strictly suppresses structural hallucinations inherent in forward-only models. Cycle-
World maintains state-of-the-art visual quality, strict physical conservation, and tem-
porally consistent object states over extended generation horizons.

Kling [44], alongside pioneering open-source efforts like Wan [45], Hunyuan-
Video [29]. While these models primarily rely on bidirectional or full-sequence
architectures that achieve remarkable visual quality, their non-causal nature
fundamentally limits their flexibility for open-ended, sequential, and interac-
tive generation. As the community pivots towards the paradigm of World Mod-
els [17,25,34,42], there is a critical consensus that real-time interactivity, con-
tinuous generation, and causal reasoning are indispensable. Consequently, the
field is experiencing a paradigm shift towards causal, autoregressive generation
models [16, 23,56, 60].

However, this shift towards causal autoregressive models introduces severe
bottlenecks in long video generation. A primary challenge is the train-inference
mismatch, often leading to rapid accumulation of errors. Traditionally, models
are trained using Teacher-Forcing, which strictly relies on ground-truth past
frames, causing significant exposure bias: during inference, the autoregressive
model relies on its own past predictions, where minor deviations — unseen dur-
ing training — propagate and amplify. To bridge this gap and mitigate drift, the
community has continuously evolved towards more robust training paradigms.
This progression spans from the introduction of Diffusion Forcing [5] to re-
cent advanced train-inference alignment strategies, such as Self-Forcing [23] and
LongLive [50].

Nevertheless, we observe that even with these sophisticated mitigations,
forward-only generation still suffers from a more fundamental and destructive
issue: structural hallucinations. While existing progressive methods effectively
suppress generic noise accumulation, they operate strictly in a unidirectional,
forward-time manner. Crucially, they lack temporal cycle consistency—the
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explicit temporal constraints required to ensure that a generated state logically
allows its past to have happened, such that past states could be reversely pre-
dicted from future states. Without this bidirectional verification, the models lack
the physical constraints necessary to maintain continuous object states. Conse-
quently, they are prone to severe video distortion and non-physical artifacts—
such as characters clipping through solid objects, entities spontaneously appear-
ing, or objects vanishing without a trace. Unlike generic noise, these structural
hallucinations represent irreversible violations of real-world physics that abruptly
destroy the integrity of the generated sequence.

To fundamentally address these irreversible structural hallucinations, we pro-
pose Cycle-World, a unified framework that enforces physical consistency via
temporal reversibility. Our core motivation is grounded in a fundamental premise:
if a generated causal sequence obeys real-world dynamics, it must be temporally
reversible. Based on this insight, we first establish the Cycle-Bounded Drift
(CBD) theorem, formally proving that the unconstrained error accumulation in
forward autoregressive synthesis can be strictly bottlenecked by minimizing the
reverse reconstruction error. Guided by this theoretical guarantee, we translate
the mathematical bound into a practical Cycle-Consistent Learning (CCL)
paradigm. By introducing a reverse-prediction branch, we explicitly constrain the
forward generator to produce inherently reversible latents, enabling it to fore-
see and suppress non-physical artifacts during training. Furthermore, to extend
the applicability of our theory to pre-trained models and resource-constrained
scenarios, we propose Cycle-Guided Inference (CGI). This inference-time
strategy repurposes the reverse model as a runtime critic to iteratively refine la-
tents, offering a plug-and-play solution that significantly boosts stability without
the need for expensive architectural modifications.

Extensive experiments conducted on VBench validate the effectiveness of
our framework. Cycle-World significantly mitigates error drift, achieving state-
of-the-art visual fidelity, semantic consistency, and overall temporal stability in
long-video generation, as shown in Fig. 1.

In summary, our main contributions are threefold:

— We establish the Cycle-Bounded Drift (CBD) theorem, a theoretical
framework demonstrating that unconstrained generative drift and struc-
tural hallucinations in forward autoregressive synthesis can be strictly bot-
tlenecked by enforcing temporal reversibility.

— We propose a Cycle-Consistent Learning (CCL) paradigm. By intro-
ducing a novel reverse-prediction cycle-consistency loss (Leyeie ), we explicitly
constrain the forward causal generator to internalize physical conservation
and maintain long-term structural integrity.

— We introduce Cycle-Guided Inference (CGI), a zero-shot runtime op-
timization strategy. By repurposing the frozen reverse model as a runtime
critic, CGI utilizes iterative gradient-based latent refinement to actively rec-
tify non-physical artifacts, significantly enhancing long-term generation qual-
ity without architectural modifications to the forward model.
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2 Related Work

2.1 Video Generation

Diffusion models [14,35,43], particularly Diffusion Transformers (DiT) [38], have
established the prevailing paradigm for video generation [21,29,45,51,59], achiev-
ing remarkable visual fidelity. This rapid progress spans various specialized ca-
pabilities, including multimodal customized generation [4, 19, 20], and native
high-resolution synthesis [22,48], and spatiotemporally consistent video process-
ing [27,32]. Furthermore, recent advancements have expanded into joint audio-
visual generation, leveraging cross-modal interactions and cross-task synergy
to achieve synchronized multi-sensory synthesis [18,30,33,46,57]. However, de-
spite these visual and multimodal achievements, their reliance on non-causal,
bidirectional attention for concurrent frame denoising restricts their flexibility
for open-ended generation. Conversely, pure autoregressive (AR) models [15, 28]
offer sequential flexibility via discrete next-token prediction but suffer from irre-
versible information loss during latent compression and suboptimal generation
diversity.

To bridge this gap, recent works explore hybrid Autoregressive Diffusion
architectures [10,11,23,26,56], which temporally decompose generation by con-
ditioning future frames on past context. Despite their promise, these models
suffer from severe exposure bias. During iterative inference, conditioning on im-
perfect prior predictions causes minor deviations to amplify continuously. This
catastrophic error accumulation constitutes the primary bottleneck our work
addresses.

2.2 Long Video Generation

Early long-video approaches relied on generating overlapping clips [8, 39, 47]
or performing temporal interpolation between sparse keyframes [3,53]. While
extending the generation window, these heuristic designs fail to achieve true,
infinitely long streaming synthesis. Consequently, the focus has shifted toward
native causal modeling. However, traditional training paradigms for these mod-
els often employ Teacher Forcing [40,49], which inevitably introduces a severe
distribution discrepancy between the training and inference stages. To allevi-
ate this issue, Diffusion Forcing [5] proposes joint denoising optimization for
tokens with independent noise levels, which SkyReels-V2 [6] further integrates
with Multi-modal Large Language Models to facilitate infinite-length, cinematic
video synthesis. CausVid [56] extends distribution matching distillation [54, 55]
to the video domain to mitigate error accumulation in AR generation. To resolve
exposure bias and bridge the train-test gap, Self-Forcing [23] innovatively sim-
ulates inference conditions directly during training by executing autoregressive
rollouts with a Key-Value cache, optimizing the model conditioned on its own
historically generated outputs. Most recent cutting-edge works build upon this
foundation. LongLive [50], for instance, adopts streaming long-sequence fine-
tuning to strictly maintain end-to-end "train-long-test-long" consistency.
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Fig.2: Overview of Cycle-World. We mitigate generative drift in autoregressive
video synthesis by enforcing temporal reversibility. (a) Training (CCL): The forward
generator Gy and reverse model R are jointly optimized. A latent cycle-consistency loss
(Leyete) explicitly penalizes physically irreversible trajectories. (b) Inference (CGI):
The frozen Ry acts as a runtime corrector. By evaluating cycle discrepancy (D), it per-
forms iterative gradient-based latent refinement to actively prune accumulated errors
before they enter the historical context.

3 Methodology

The overarching goal of Cycle-World is to mitigate the unconstrained gen-
erative drift and structural hallucinations inherent in long-term autoregressive
video synthesis. To achieve this, we introduce a novel framework grounded in
the principle of temporal reversibility—the intuition that physically valid and
structurally sound video dynamics must be accurately reversible. As illustrated
in Figure 2, our approach addresses this challenge through a cohesive pipeline en-
compassing theoretical grounding, cycle-consistent learning, and inference-time
optimization. Specifically, we first establish the Cycle-Bounded Drift (CBD)
theorem (Sec. 3.1), a theoretical foundation demonstrating that the forward
generative error can be strictly constrained by minimizing a reverse-prediction
cycle-consistency error. Guided by this insight, we propose a Cycle-Consistent
Learning (CCL) paradigm (Sec. 3.2). In this phase, we introduce a reverse-
prediction model Ry to enforce a cycle-consistency loss (Lcycre) on the forward
causal generator Gy, explicitly penalizing irreversible structural hallucinations.
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Finally, to combat out-of-distribution perturbations during open-ended genera-
tion, we introduce Cycle-Guided Inference (Sec. 3.3). Under this strategy, we
repurpose the frozen reverse model as a runtime corrector. By actively evaluat-
ing cycle discrepancy, it performs iterative gradient-based latent refinement to
prune non-physical artifacts before they are committed to the historical context.

3.1 Theoretical Foundation: Bounding Generative Drift via
Temporal Reversibility

Let Z = {z1,22,...,2n5} denote the ground-truth latent sequence of a natural
video, where each z, is a latent chunk. In standard autoregressive synthesis, a
forward causal generator Gy sequentially predicts Z,, conditioned on the previ-
ously generated context Z.,. Because this sequential generation is inherently
unconstrained, minor prediction deviations compound at each step n, leading to
unbounded generative drift and structural collapse in long video synthesis.

We theoretically argue that this generative drift can be strictly constrained
by enforcing temporal reversibility. Because natural video dynamics obey phys-
ical laws and spatiotemporal causality, they are inherently reversible. If a gen-
erated frame Z,, severely deviates from the natural manifold, it loses the causal
information necessary to reconstruct its history.

Let e, = |2, — 2| be the accumulated generative drift at step n. To con-
strain this, we introduce a reverse-prediction model R, mapping a state at n back
to n—1. We establish our theoretical guarantees based on two mild assumptions:

Assumption 1 (Reverse Predictability of Natural Dynamics) The reverse
model Ry is comprehensively trained under a self-forcing paradigm [23]. Given
this aligned training scheme, its approximation error for short-horizon reverse
prediction is bounded by a small constant eg > 0. That is, |Rg(2n) — 2n—1|| < €r.

Assumption 2 (Reverse-Lipschitz Continuity) The learned reverse map-
ping Ry preserves the distance properties within the relevant latent manifold,
satisfying a reverse-Lipschitz condition. There exists a constant C > 0 such that
for any two states z, and zp, ||ze — 2] < C||Ry(2a) — Re(2)]|-

Under these conditions, we demonstrate that the forward generative error e,

is constrained by the cycle-consistency objective and the error from the previous
(n)  _

steps. We formally define the single-step cycle-consistency distance as dcycle =

1201 — Ro(Zn)]|-
Due to space constraints, all detailed proofs for the theoretical results pre-
sented in this section are deferred to Supplementary Material.

Theorem 1 (Cycle-Bounded Drift). Under Assumptions 1 and 2, the for-
ward generative drift e,, satisfies:

en <C (dgjile +ep_1+ GR) . (1)

To understand the compounding drift over a long horizon, we recursively
unroll this step-wise recurrence.
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Corollary 1 (Long-Horizon Error Bound). Assuming a worst-case upper
limit on the single-step cycle-consistency distance, max; d((:;)cle < Oeyele, the total

generative drift at step n (for C # 1) is explicitly governed by:

cr—1

€n S C'neO + (5cycle + ER)C

Building on Corollary 1, next we show Cycle-World framework is theoretically
superior to unconstrained baselines. Let 0y, = max; || 2} — Ry (21"°)|| represent
the maximum local cycle error of a standard, unconstrained generator, and dcycie

represent our constrained error, where 5cycle < Oune-

Proposition 1 (Theoretical Advantage over Unconstrained Baselines).
Given the identical initial drift condition eq and the same pre-trained reverse
model Ry (with properties defined in Assumptions 1 and 2), let EX™ and ES*"°
denote the theoretical upper limits of the generative drift at step n for the un-
constrained baseline and our constrained method, respectively. The explicit drift
reduction (the gap between these theoretical limits) achieved by our method is:

n

AB, = B — B3 = (une — deyeac) C gy > 0. 3)
Remark. Proposition 1 is the theoretical cornerstone of our method. The
term (dunc — Ocycle) Tepresents the single-step advantage gained by explicitly
enforcing temporal reversibility. Crucially, the multiplier C%njll implies that
this advantage is not merely additive, but scales with the sequence length n. This
proves that while standard generation and our method might perform similarly
for very short clips, the unconstrained baseline will inevitably suffer from a
much faster error explosion over time. By minimizing the single-step cycle error
upper bound Jcycre, Cycle-World effectively suppresses the base magnitude of
the accumulated generative drift, theoretically guaranteeing significantly better

structural preservation in long-video generation.

3.2 Cycle-Consistent Learning: Enforcing Cycle Consistency via
Reverse Prediction

Constraining the Forward Model via Temporal Cycle Consistency.
Building upon the theoretical guarantees established in Section 3.1—specifically
Proposition 1, which proves that bounding single-step cycle error mathematically
curtails compounding generative drift—we translate this insight into a practical
learning framework. we extend a forward autoregressive video generator Gy pre-
dicting latent chunks Z,, given history Z.,,. Since standard maximum likelihood
training optimizes solely forward prediction, unconstrained reverse consistency
causes unbounded error accumulation scaling with C Cct_ll over sequence length
n (Corollary 1). To minimize this bound and mitigate structural hallucinations,
we introduce a reverse-prediction model R4 enforcing temporal cycle consistency.
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The Pixel-Latent Mismatch Bottleneck. Implementing R4 naively by train-
ing a separate autoregressive model on reversed videos incurs severe dual dis-
tillation overhead and faces a prohibitive structural barrier: pixel-latent mis-
match. Because Video VAEs temporally compress continuous frame sequences
into a compact latent representation, the latent features of a forward sequence do
not exhibit simple temporal symmetry with those of a reversed sequence. This
mismatch precludes the direct computation of the cycle-consistency distance,
dilee = ||Zn—1 — Re(2n)| defined in Theorem 1. Aligning the forward-ordered
chunk Z,_1 and a reverse-predicted chunk residing in disjoint manifolds requires
an exorbitant Decode-Flip-Encode loop of decoding, temporally flipping, and
re-encoding, rendering joint training computationally infeasible.

Our Solution: Intrinsic Latent Reversibility. To fundamentally circumvent
this bottleneck and the inherent feature mismatch, we propose Intrinsic Latent
Reversibility, redefining the cycle consistency objective directly on the intrinsic
latent manifold rather than mapping back to the extrinsic pixel domain. Ry need
not predict decoded, temporally flipped frames. Instead, we formulate the reverse
task as learning the inverse transition dynamics within the latent space. We set
the optimization target of Ry(Z,) to the forward-ordered history Z,,_1, learning
the inverse probability P(z,—_1|2,) directly. This approach eliminates the need for
“Decode-Flip-Encode" loop. Consequently, the cycle-consistency distance diZile
reduces to a direct vector subtraction in the shared latent space. This allows us
to enforce strict structural constraints with negligible computational overhead,
making joint training feasible.

Forward Generation via Self-Forcing. To bridge the train-inference dis-
crepancy, we train Gy via self-forcing to predict the current chunk 2, given
its generated history Z., instead of ground truth. Since Distribution Matching
Distillation (DMD) lacks paired regression constraints, optimizing this process
updates the forward objective Ly,q using its score-difference gradient:

R . 0Ge(2<n
VQEfwd = _Et,e (Sreal(zn,tv t) - Sfak:e(zn,ta t)) % ) (4)

where 2, : is the noisy latent at diffusion timestep ¢. While this gradient up-
date ensures high-fidelity chunk generation, it lacks explicit penalties for the
structural drift that accumulates over long sequences.

Latent Cycle-Consistency Objective. To bound this generative drift, we
implement the proposed Intrinsic Latent Reversibility via a reverse-prediction
model Ry. As established, R4 operates directly on the latent manifold, tasked
with reconstructing the preceding latent z,_; given the current generation Z,.
Formally, let Z,, be the latent chunk synthesized by the forward generator. The
reverse model attempts to predict the immediate history Z,—1 = Ry(Z,). The
cycle-consistency objective is defined as the expected squared Euclidean distance
between the actual autoregressive conditioning context used by the forward model
and the reconstructed history inferred by the reverse model:

Ecycle = ]EﬁnNGe Hén—l - R¢(én)”§ . (5)
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Minimizing this objective explicitly enforces the invertibility assumption (As-
sumption 2), ensuring that the generated 2, retains sufficient causal information
to recover its origin, thereby preventing error accumulation.

Joint Optimization. The final training objective seamlessly integrates the
distribution-level supervision with our structural cycle constraint:

['total = Efwd + )\»Ccyclea (6)

where A is a hyperparameter scaling the penalty strength. Crucially, during back-
propagation, the gradients from L.y flow through the reverse model R, and
back into the forward generator Gy. This mechanism implicitly endows Gy with
foresight—it penalizes the generation of physically implausible artifacts (like
disappearing objects) that, while locally reasonably under Ly,q, fail to accu-
rately reconstruct their history, explicitly pruning divergent trajectories during
the learning phase.

3.3 Cycle-Guided Inference: Optimizing Generative Latents via
Runtime Guidance

While the proposed Cycle-Consistent Learning paradigm ensures the genera-
tor intrinsically preserves temporal reversibility, it requires full-scale parame-
ter retraining. In the era of large-scale foundation models, such retraining is
often computationally prohibitive or practically infeasible due to closed-source
weights. To address this limitation and extend the benefits of temporal reversibil-
ity to broader scenarios, we introduce Cycle-Guided Inference (CGI), a zero-
shot, training-free latent optimization strategy. Crucially, this strategy is model-
agnostic: as long as the target model and the reverse corrector operate within
the same latent manifold (sharing the same Video VAE), CGI can be seamlessly
plugged into any off-the-shelf autoregressive video generator, enabling structural
hallucinations mitigation without updating a single model parameter.

Cycle Guidance in Latent Space. During the autoregressive inference phase,
the weights of both the forward generator Gy and the reverse model R4 are
strictly frozen. While earlier sections abstract the generation of the n-th block
as a single output z,, actual synthesis in diffusion models involves an iterative
denoising process over timesteps {tr, ..., t; }. Unlike conventional decoding that
passively accepts forward predictions, we actively rectify accumulated errors at
intermediate diffusion timesteps committing them to the historical context buffer
(KV cache). Let z,; denote the latent state at diffusion timestep ¢. First, the for-
ward generator Gy predicts the corresponding clean latent 2, = Go(2n,i,t,H)
based on the historical context H. To evaluate the physical plausibility of this
prediction, we compute the cycle discrepancy D. Specifically, the reverse eval-
uation is formulated as a two-stage autoregressive process. The predicted clean
latent is temporally flipped, denoted by the operator F(-), and processed by the
reverse model at a fixed context noise level t.ix to construct a reverse contex-
tual cache H,.y. Subsequently, the reverse model utilizes this newly constructed
cache to predict the clean predecessor state from standard Gaussian noise e,
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conditioned on the initial diffusion timestep ¢7. The discrepancy is defined as
the Euclidean distance between the causal condition 2,1 (the confirmed output
of the previous block) and the time-flipped reverse reconstruction:

R¢(f(2(k))vtctxa7{£§\)/)7 27(51)1 =F (Rd)(E?tTv,HSS\)/)) )

nlt
> (7)
Oy

where 27(;?2 = Gg(szg, t,H), e ~ N(0,I), and k is optimization iteration index.

Gradient-Based Latent Refinement. Since forward prediction and reverse
reconstruction are fully differentiable processes, we can iteratively refine the
latent state via cycle guidance. To maximize efficiency and structural impact,
this optimization is strategically applied only during a specific window of early

denoising timesteps (from Typart t0 Tend). We compute the gradient of the cycle
(k)

n.t and perform gradient descent:

discrepancy with respect to the current state z

n,t

ae V=28 =0V D), (8)
where 7 is the optimization step size. After K iterations, the refined state zr(f? is
detached from the computation graph. This optimized state is then passed to the
standard diffusion transition function ¥ to obtain the latent state for the sub-
sequent timestep. Upon reaching the final denoising step ¢1, the resulting clean
latent %, is appended to the historical context buffer to guide the generation
of the next block. This active rectification mechanism acts as a structural bot-
tleneck, preventing inherent drift from manifesting as visual degradation. The
complete inference procedure is summarized in Supplementary Material.

4 Experiments

4.1 Experiment Settings

Baselines. We evaluate the proposed method against several video generation
baselines, categorized by their architectural paradigms. For bidirectional diffu-
sion and transformer models, we compare with LTX-Video [13] and Wan2.1 [45].
Within the autoregressive family, we evaluate general-purpose models of varying
scales, including NOVA [10] (0.6B), SkyReels-V2 [6] (1.3B), Pyramid Flow [20]
(2B), and MAGI-1 [11] (4.5B). To ensure a direct comparison with models shar-
ing our foundational architecture and efficient training setup, we include the
1.3B parameter distilled few-step generators CausVid [56] and chunk-wise Self
Forcing [23]. Finally, to assess performance over extended sequences, we com-
pare against models designed for long video generation: LongLive [50], Self Forc-
ing++ [9], Rolling Forcing [31], Infinity-RoPE [52], and Context Forcing [7].

Evaluation Metrics. We report the performance on VBench [24, 58] follow-
ing [7,23,50]. To assess physical consistency, we use two metrics. The first is
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Table 1: Quantitative comparison on the VBench for 5s and 60s video generation.

Evaluation scores on 5s 1 Evaluation scores on 60s 1

Model #Params
Total Quality Semantic Total Quality Semantic

Bidirectional models

LTX-Video [13] 1.9B 80.00 82.30 70.79 - - -
Wan2.1 [45] 1.3B 84.26  85.30 80.09 - - -
Autoregressive models

SkyReels-V2 [6] 1.3B 82.67 84.70 74.53 70.47  75.30 51.15
MAGI-1 [11] 4.5B 79.18 82.04 67.74 69.87 76.12 44.87
CausVid [56] 1.3B 81.20 84.05 69.80 71.04 76.80 48.01
NOVA [10] 0.6B 80.12  80.39 79.05 65.25 70.25 45.24
Pyramid Flow [26] 2B 81.72 84.74 69.62 - - -
Self Forcing, chunk-wise [23] 1.3B 84.31 85.07 81.28 71.86 77.20 50.51
Long autoregressive models

LongLive [50] 1.3B 83.72 85.42 76.95 82.62 84.53 74.97
Self Forcing+ [9] 1.3B 83.11 83.79 80.37 - - -
Rolling Forcing [31] 1.3B 81.22  84.08 69.78 79.31 81.87 67.69
Infinity-RoPE [52] 1.3B 81.79 83.27 75.87 79.99 80.81 74.30
Context Forcing [7] 1.3B 83.44 84.98 77.29 82.45 83.55 76.10
Ours 1.3B 84.36 86.14 77.25 82.88 84.39 76.86

Physical Commonsense (PC) from the VideoPhy benchmark [1, 2], which mea-
sures adherence to real-world physical laws. The second is the Physical Align-
ment and Consistency Evaluation (PACE), an LLM-as-a-Judge metric powered
by Gemini. PACE scores videos from 0 to 100, penalizing physical hallucinations
based on prompt compliance and four criteria: gravity and mass representation,
collision dynamics, motion continuity (avoiding sudden teleportation or unnat-
ural warping), and long-term temporal coherence.

4.2 Comparison Results

Quantitative Evaluation on VBench. We comprehensively evaluate our
method against state-of-the-art bidirectional, standard autoregressive, and long-
video specific autoregressive models on the VBench benchmark. As reported in
Table 1, we evaluate both short-horizon (5s) and long-horizon (60s) video gen-
eration to demonstrate our model’s robustness against generative drift.

For 5-second generation, our model achieves the highest Total score and Qual-
ity score, outperforming strong baselines such as LongLive and Self-Forcing. The
superiority of our approach becomes overwhelmingly evident in the extremely
long-horizon (60s) setting. Standard autoregressive models suffer from catas-
trophic error accumulation over extended contexts; for instance, the Total score
of Self-Forcing plummets from 84.31 (5s) to 71.86 (60s), and SkyReels-V2 drops
from 82.67 to 70.47. In stark contrast, our method effectively bounds this gen-
erative drift, maintaining a remarkable Total score and achieving the highest
Semantic score at 60 seconds. This minimal performance degradation over time
confirms that our cycle-consistency framework successfully preserves the struc-
tural integrity and visual fidelity of the generated sequence over infinite horizons.

Physical Consistency Evaluation. To further validate whether our model
accurately captures the underlying physical rules of the visual world, we evalu-
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Fig. 3: Qualitative comparison of long video generation. We compare our proposed
method against several baseline models. The figure displays sampled frames at 0, 30,
and 60 seconds for two distinct scenes. While the baseline methods struggle with subject
loss, severe structural distortion, or identity shifts over the extended timeframe, our
method successfully preserves temporal consistency, visual quality, and subject identity
throughout the entire 60-second duration.

ate it on Physical Commonsense (PC) and Physical Alignment and Consistency
Evaluation (PACE) metrics. As shown in Table 2, our method significantly out-
performs all baseline approaches, achieving the highest average score of 75.66.
By enforcing temporal reversibility, our model inherently internalizes causal con-
straints, endowing it with a superior understanding of complex physical dynamics
compared to standard autoregressive predictors.

Qualitative Comparison. Figure 3 visualizes the 60-second generation
quality of our model compared to the baselines. As the autoregressive steps
accumulate, the baseline methods exhibit severe structural distortion, loss of the
main subject, and prominent identity shifts. Our Cycle-World framework, how-
ever, acts as a strict temporal regularizer. It consistently preserves the subject’s
identity, maintains sharp background details, and ensures temporal continuity
from the first frame to the very last, translating the quantitative resilience ob-
served in Table 1 into striking visual stability.
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Table 2: Quantitative evalua- Table 3: Ablation study of the proposed compo-
tion of physical consistency. Our nents on the VBench benchmark. We evaluate the
proposed method outperforms all individual and synergistic effects of the training-
baseline approaches across both time cycle loss (Lcyeie) and the inference-time cy-
metrics, demonstrating a compre- cle guidance on 5s video generation. The best re-
hensive understanding of complex sults are highlighted in bold.

physical dynamics.

Method Tot. Qual. Sem. PC PACE
Method PC PACE Avg. 5 cline 83.72 85.42 76.95 61.94 78.03
Self-Forcing ~ 55.97 78.57 67.27 + CCL 83.89 85.72 76.55 68.70 79.5
LongLive 61.94 78.03 69.99 + CGI 84.51 86.37 77.05 65.67 78.80

RollingForcing 67.91 75.05 71.48

Cycle-World 84.36 86.14 77.25 69.40 81.91
Infinity-Rope  60.45 78.58 69.52 Yoo *vor

Ours 69.40 81.91 75.66

4.3 Ablation Studies

Effectiveness of Cycle-World Components. To evaluate the contributions
of our proposed modules, we conduct an ablation study on visual quality and
physical consistency. Table 3 reports the quantitative metrics on 5-second video
generation, while Figure 4 illustrates the qualitative long-horizon stability over
30 seconds.

Quantitative Synergy in Short-Horizon Generation. As shown in Table
3, the Baseline achieves a Total VBench score of 83.72 while scoring 61.94 on PC.
Adding the Cycle-Consistent Learning (+ CCL) provides a learned parametric
prior. While it moderately improves general visual metrics, its primary benefit
is in physical consistency, raising PC by nearly 7 points. This suggests that
penalizing reverse-prediction errors embeds causal constraints into the generator.
Conversely, applying the runtime corrector solely during inference (+ CGI) acts
as an instance-level regularizer against visual degradation, achieving the highest
VBench Quality and Total scores. However, relying purely on gradient-based
inference optimization without a learned parametric physical prior yields sub-
optimal physical consistency.

The full Cycle-World model combines both mechanisms. While its general
VBench scores are marginally lower than the CGI-only variant, it achieves the
highest performance in physical consistency. This combined strategy ensures the
generated videos maintain both visual quality and physical accuracy.
Qualitative Results in Long-Horizon Generation. The benefit of this com-
bination is more evident when extending the generation to 30 seconds (Fig. 4).
In long-horizon synthesis, the Baseline exhibits rapid trajectory drift and back-
ground degradation. The +CCL variant preserves the core structural identity
but struggles to suppress high-frequency temporal artifacts over extended au-
toregressive steps. The +CGI variant maintains aesthetic coherence locally but
eventually drifts from the physical manifold due to the lack of an intrinsic causal
prior. The full Cycle-World model combines these strengths. By using CCL to
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Fig. 4: Qualitative ablation study of the proposed Cycle-World components.
We compare the visual quality and temporal consistency of different model variants.
While the training cycle loss (Lcycie) establishes a robust parametric foundation for
structural stability, and the runtime corrector acts as an active safeguard against tem-
poral artifacts, their combination achieves a powerful dual-phase synergy. The full
Cycle-World model effectively prevents trajectory drift and background degradation,
yielding superior results in long video generation.

keep initial forward proposals close to the reversible manifold, the runtime correc-
tor (CGI) performs more accurate latent refinement. This approach eliminates
spatial distortion and temporal identity shifts, producing visually stable and
physically grounded long videos.

5 Conclusion

In this paper, we presented Cycle-World, a novel autoregressive video gener-
ation framework designed to tackle the pervasive issue of unconstrained gen-
erative drift in long-horizon synthesis. Based on the theoretical insight that
forward prediction errors can be strictly bottlenecked by enforcing temporal
reversibility, we proposed a unified strategy that maintains causal consistency
across both the training and inference phases. During training, we introduce
a reverse-prediction cycle loss alongside the Distribution Matching Distillation
(DMD) objective. This explicitly embeds causal constraints into the genera-
tor’s parametric weights, establishing a robust foundation for structurally stable
frame generation. During inference, we repurpose the frozen reverse model as a
fully differentiable runtime corrector. By leveraging gradient-based cycle guid-
ance, this mechanism acts as an active, instance-level safeguard, dynamically
pruning out-of-distribution trajectory drift and temporal artifacts before they
compound. Extensive experiments on the VBench benchmark demonstrate that
this dual-phase synergy effectively prevents the structural collapse and aesthetic
degradation typically observed in prolonged autoregressive generation. Conse-
quently, Cycle-World achieves state-of-the-art performance in producing highly
consistent, smooth, and high-fidelity 60-second videos.
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