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Figure 1: MIGA enables temporally consistent, infinite-frame (co) video generation in a training-
free manner. We present three long videos (1000+ frames) generated by MIGA, while the foundation
model used by MIGA, Wan2.1-1.3B (Wan et al., 2025), supports only 81 frames by default.

ABSTRACT

Without relying on significant computational or data resources, train-free long
video generation aims to extend the duration of foundation video generation models,
which are typically limited to short videos. Direct noise prediction on the entire
long latents incurs substantial computational overhead. In contrast, frame-level
autoregressive frameworks, e.g., FIFO-diffusion, offer the advantage of generating
infinitely long videos with constant memory consumption. However, the substantial
gap between training and inference phases hinders the effective utilization of
foundation models. Furthermore, maintaining long-term consistency is central to
long video generation, yet existing methods pay insufficient attention to this aspect.
To mitigate these concerns, we propose MIGA, a novel infinite-frame long video
generation method. (i) Firstly, considering that the training-inference gap mainly
stems from the excessive noise span of latents fed to the model during inference,
we propose an effective two-stage alignment mechanism. By partitioning the
generation process of existing frameworks into two dedicated stages with reduced
noise spans, the capabilities of advanced foundation models are efficiently unlocked.
(ii) Additionally, building upon the intrinsic properties of frame-level autoregressive
frameworks, we introduce an innovative dual consistency enhancement mechanism.
Specifically, our self-reflection approach evaluates and corrects early high-noise
frames, while our long-range frame guidance approach leverages later low-noise
frames with broad coverage to steer the generation process. These strategies jointly
promote consistency in the generated content. (iii) Finally, extensive experiments
on VBench and NarrLLV demonstrate the state-of-the-art performance of MIGA.

1 INTRODUCTION

Recent advances in video generation (Wan et al., 2025; Kong et al., 2024; Yang et al., 2024) have
demonstrated impressive capabilities in synthesizing short video clips. However, many real-world
applications, such as film production, game development, and world simulation, require coherent long
video generation (Cho et al., 2024). Building long video generation models from scratch typically
requires substantial computational and data resources, owing to the inherent complexity of the video
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modality (Waseem & Shahzad, 2024). Given the remarkable performance of off-the-shelf foundation
video generation models on short videos (Chen et al., 2024b; Wan et al., 2025), a more efficient and
practical approach is to extend their generation length in a training-free manner (Qiu et al., 2023).

To achieve train-free long video generation, one straightforward strategy is to increase the number
of latents fed into foundation models and design specific mechanisms that transfer their short-term
generation capabilities to long video scenarios. For example, FreeNoise (Qiu et al., 2023) ingeniously
reorganizes the initial noise and further models temporal dependencies using window-based fusion.
Following this paradigm, FreeLong (Lu et al., 2024) and FreePCA (Tan et al., 2025) facilitate the
complementary integration of global and local information from the perspectives of frequency and
principal component analysis, respectively. Although these methods have shown promising results,
their memory requirements increase proportionally with the number of generated frames, which
significantly restricts the achievable video length (e.g., generating minute-long videos).

To enable infinite frame generation, recent studies such as Diffusion-Forcing (Chen et al., 2024a) and
AR-Diffusion (Sun et al., 2025) attempt to assign different noise levels to different latent features,
thereby empowering diffusion models to iteratively generate in an autoregressive fashion. Notably,
FIFO-Diffusion (Kim et al., 2024) maintains a noise queue where noise levels increase sequentially
along the frame dimension, and employs a first-in-first-out denoising process for frame-level au-
toregressive generation. More importantly, this approach requires only fixed memory consumption,
enabling FIFO-Diffusion to support infinite-frame generation.

Despite these merits, train-free frame-level autoregressive models such as FIFO-Diffusion still leave
considerable room for further improvement. On one hand, a substantial gap exists between training
and inference in long video generation (Kim et al., 2024). In particular, during training, the model is
exposed to input latents with a single noise level, whereas during inference, it must handle multiple
noise levels corresponding to the number of frames. These discrepancies prevent the foundation
generation models from fully realizing their potential, which in turn leads to issues such as content
drift and visual artifacts (Cai et al., 2025). On the other hand, long-term consistency is a central
objective for long video generation (Henschel et al., 2025; Yang et al., 2025), yet existing methods
pay insufficient attention to this goal. For example, FIFO-Diffusion only facilitates feature interaction
between neighboring chunks through lookahead denoising, but lacks explicit modeling of long-range
frame dependencies, resulting in suboptimal long video quality.

To address these limitations, we propose MIGA, a novel train-free method for infinite-frame video
generation. (i) First, we propose an intuitive and effective two-stage training-inference alignment
mechanism to mitigate the inherent training-inference gap in existing train-free autoregressive frame-
works. As this gap primarily arises from the excessive noise span of latents fed to the model during
inference, we alleviate it through two dedicated optimization stages. The first stage maintains a
zigzag-structured latent queue to proactively narrow the noise span of input latents. In the second
stage, once all latents are denoised to the same noise level, a unified denoising process is conducted,
achieving a noise span that matches that of the training phase. (ii) Furthermore, leveraging the
properties of the maintained long latents queue, we present an innovative dual consistency en-
hancement mechanism to promote long-term consistency. For early high-noise latents, we design
a self-reflection approach that efficiently evaluates and promptly corrects them, thereby ensuring
consistency in the subsequently generated video. Unlike existing methods that rely on external
evaluators and redundant computations (Yang et al., 2025; He et al., 2025), our approach achieves
this solely through self-similarity analysis among early latents. For the later low-noise latents, we
introduce a long-range frame guidance approach that incorporates them into each denoising iteration,
facilitating feature interactions between distant frames. (iii) Benefiting from these improvements,
MIGA achieves significant gains of 4.7% and 2.0% in subject and background consistency on VBench
(Huang et al., 2024), respectively, compared to FIFO-Diffusion with a similar framework. Moreover,
evaluations on NarrLV (Feng et al., 2025) demonstrate that MIGA exhibits exceptional capability in
generating rich narrative content.

In summary, our contributions are as follows: (i) To inherit the merits of train-free frame-level
autoregressive frameworks while alleviating their limitations in training-inference gap and long-
term consistency modeling, we propose a novel infinite-frame generation method, MIGA. (ii) We
design an effective two-stage training-inference alignment mechanism that proactively mitigates the
training-inference gap by optimizing the noise span. Furthermore, we introduce an innovative dual
consistency enhancement mechanism that promotes long-term consistency through self-reflection
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and long-range frame guidance. (iii) Comprehensive experiments on the mainstream VBench and
NarrLV benchmarks demonstrate that MIGA achieves new state-of-the-art performance.

2 RELATED WORKS

Text-to-Video Generation. Recently, the field of video generation has witnessed remarkable
advancements. Early approaches primarily adopted frameworks that combine 2D spatial and 1D
temporal modeling, such as VideoCrafter (Chen et al., 2023; 2024b), and Stable Video Diffusion
(Blattmann et al., 2023). These have progressively transitioned into more advanced 3D full-attention
architectures, as illustrated by Video Diffusion Models (Ho et al., 2022) and CogVideoX (Yang et al.,
2024). Recently developed foundation models, including HunyuanVideo (Kong et al., 2024) and Wan
(Wan et al., 2025) have further contributed to the improvement in video quality. Despite offering more
accessible tools for video generation, current video diffusion models are generally constrained to
training on short, fixed-length videos (Lu et al., 2024; Lu & Yang, 2025; Tan et al., 2025). Given the
crucial role of long videos in practical scenarios (Cho et al., 2024), achieving consistent generation of
long videos has emerged as a prominent research topic.

Long Video Generation. In pursuit of long video generation, several studies (Yan et al., 2025; Guo
et al., 2025b; Teng et al., 2025; Chen et al., 2025; Xiao et al., 2025; Zhang & Agrawala, 2025; Deng
et al., 2024) have introduced specialized model architectures and performed large-scale training on
carefully curated datasets. Nevertheless, the heavy reliance on extensive computational and data
resources makes these train-dependent approaches challenging for widespread adoption within the
community (Lu et al., 2024). To address this, recent efforts have investigated train-free strategies for
long video synthesis, aiming to efficiently extend the output duration of foundation video generators
in a resource-friendly manner. For example, Gen-L-Video (Wang et al., 2023) extends video length
by merging overlapping subsequences with a sliding-window method. FreeNoise (Qiu et al., 2023),
FreeLong (Lu et al., 2024), and FreePCA (Tan et al., 2025) integrate local and global features by
leveraging discovered patterns in initialization noise, frequency distributions, and principal component
structures. RIFLEx (Zhao et al., 2025) further tackles periodic repetition in long video generation by
refining temporal position encodings (Su et al., 2024). In contrast to the aforementioned methods,
which are restricted to finite extensions, FIFO-Diffusion (Kim et al., 2024) endows diffusion models
with frame-level autoregressive generation capabilities through an ingenious noise space design (Chen
et al., 2024a; Liu et al., 2025b), thereby supporting infinite frame synthesis with a fixed memory
cost. To retain the merits of this frame-level autoregressive approach, while mitigating its significant
training-inference gap and limitations in consistency modeling, we propose a novel method—MIGA.

3 METHODS

3.1 PRELIMINARIES: TRAIN-FREE FRAME-LEVEL AUTOREGRESSIVE GENERATION.

Mainstream diffusion-based video generation models typically comprise a conditional encoder (e.g.,
a text encoder), a variational autoencoder (VAE), and a noise prediction network £4(-). The VAE
enables bidirectional mapping between pixel-level video data and compact latents, zg = [z}; ...; zg RS
RIxIXd where f, I, and d represent the frame count, tokens per frame, and token dimension,
respectively. For clarity, we regard the latent feature of each frame (e.g., zj € R™*? i € [1, f]
) as a basic unit throughout this paper. For example, the number of latents in zy is f. Given a
trained €4(-), the fully denoised latents zy can be recovered from Gaussian noise zy ~ N (0, I).
Following a time step schedule 0 = 79 < 71 < --- < 7 = T, z¢ is generated by progressively
refining z,,, = [z} _;...;zf ] over T steps with a sampler ¢(-) (e.g., DDPM (Ho et al., 2020)). Each
denoising step is formulated as:

[Z-lrt,ﬁ .. ';Z%)ft—l] = (b([zit; ... ;z!;], [Tt;...57t);€0), (1)

where zit denotes the latent of the i-th frame at time step 7;. For convenience, conditional inputs
(e.g., text prompts) are omitted in the above formulation.

To enable a foundation model that can only generate f; frames to produce long videos consisting
of N frames (IV > fj), frame-level autoregressive generation centers around maintaining a latents

queue Q = {zil; .. +;Z7. }, which contains T latents (i.e., its length L equals the total number of
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Figure 2: Inference framework comparison between FIFO-Diffusion and our Two-Stage
Training-Inference Alignment (TTA) mechanism. (a) FIFO-Diffusion achieves frame-level au-
toregressive generation by maintaining a queue of latents with progressively increasing noise levels,
resulting in an excessive noise span among the local latents fed to the model. (b) Our TTA effectively
reduces the noise span: Stage 1 performs zigzag denoising by slowing down the rate of noise changes,
and Stage 2 applies unified denoising once the output latents reach the same noise level.

denoising steps T") with progressively increasing noise level, as illustrated in Fig. 2 (a). After applying
one inference step to all latents in O:

{zl;.. ;2L Y =o({zl;.. ;2L Y {r;.. i 7r}ieo), )

the first latent in the queue, zlo, becomes a fully denoised, clean latent. By dequeuing zio from Q and

appending a new Gaussian latent sz to the end, the process can be repeated to realize frame-level
autoregressive generation. Notably, since the queue length 7' is typically greater than the number of
frames f; that the model can process, a single inference step of the sampler ®(-) over Q involves
multiple executions of the standard sampler ¢(+). For instance, FIFO-Diffusion employs a sliding
window approach with a window size of f; and a stride of | f/2].

Prior to performing the above autoregressive generation, it is necessary to initialize Q appropriately.
For details of initialization and the autoregressive generation procedure, please refer to App. A.1.1.

3.2 TwWO-STAGE TRAINING-INFERENCE ALIGNMENT (TTA) MECHANISM.

The effectiveness of the aforementioned train-free frame-level autoregressive generation relies on the
assumption that the foundation model can perform noise prediction on f; latents with varying noise
levels. However, the model is trained to denoise f; latents at unified noise levels. This significant gap
between training and inference hinders the foundation model’s full generative potential. Although
FIFO-Diffusion (Kim et al., 2024) has considered this issue and theoretically proved that the error
introduced by train-free autoregressive generation is bounded by the span of noise levels, its final
approach still requires the model to handle latents with a noise span of fy. Given the impact of
the noise span in input latents, a natural question emerges: can we further reduce the noise span
of latents fed to the model during inference, so as to better align the input condition with that
of training? Motivated by this, we decompose the generation process into two stages, aiming to
maximally align training and inference by intuitively and effectively reducing the noise span.

Stage 1: Zigzag Iterative Denoising. Autoregressive generation inherently requires maintaining a
noise queue that inevitably covers a range of noise levels (Chen et al., 2024a; Sun et al., 2025). To
reduce the noise span of latents processed by the model, an intuitive adjustment is to slow down the
rate at which noise levels change within the queue. Specifically, as shown in Fig. 2 (b), we initialize
and maintain a noise queue Q,, as follows:

Qs = {Z71'e’ vov glaig glaigtl | S2Lag

L—L,iz+1 L
s B1e 9 BTe 1 BTeqq 0 y Lo y a4 (3)

yH4rp S

ing ing ing

Unlike existing methods that change the noise level with every single latent frame, our queue alters
the noise level every L,;, latents. This zigzag structure provides the model with a smoother noise span
across inputs, contributing to mitigating the gap between training and inference. At each iteration,
we dequeue the first L,;, latents ziﬁ (where i € [1, ing]) from the front of the queue, and append
L,i; new Gaussian latents zZT to its end. It is important to note that the time step 7. of the first
L,;¢ latents in the queue is greater than 79, which means that Stage 1 only partially completes the
denoising process. The subsequent denoising steps are carried out in Stage 2.
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Stage 2: Denoising at a Unified Noise Level. After n iterations in Stage 1, we obtain nL,;, latents,
all at the same time step 7._;. These latents form the queue Q, to be processed in the second stage:

1 2 Ly;
Qs, =12, 2, _,,...,2 "=} )

Since all latent frames have an identical noise level, the model only needs to process latents with
the same noise intensity in each denoising operation. This setup aligns well with the conditions
seen during training. After performing (e — 1) iterative denoising steps on Q,,, we obtain nL,i,
fully denoised frames (i.e., the desired number of frames in the generated video is N = nL,;s). The
specific details of the two-stage process are provided in App. A.1.2.

3.3 DUAL CONSISTENCY ENHANCEMENT (DCE) MECHANISM.

Although the TTA mechanism effectively mitigates the gap between training and inference, it still
lacks dedicated modeling designs for the crucial goal of long-term generation tasks, i.e., maintaining
long-term consistency. To address this issue, we propose an innovative dual consistency enhancement
mechanism based on the characteristics of our maintained latent queue. Specifically, the self-reflection
mechanism focuses on latents at the tail of the queue, efficiently evaluating and correcting newly
added latents. Besides, the long-range frame guidance mechanism targets latents at the head of the
queue, incorporating long-range, low-noise latents into each local denoising process. The roles of
these two methods within the queue are shown in the framework diagram in Fig. Al of App. A.1.3.

Self-Reflection.  Recent ad-
vances in LLMs (Guo et al.,
2025a; Jaech et al., 2024; Bai
et al., 2023; Team et al., 2025)
have explored test-time scal-
ing (TTS) (Zhang et al., 2025),
which can significantly improve
response quality by allocating ad-
ditional computation during in-
ference. Inspired by these ad- S
vances, researchers have sought (0 Sty oo o coan tets Sttty s et v

to transfer TTS techniques to Figure 3: Modeling insight behind our self-reflection mecha-
video generation tasks (Ma et al., nism. (a) A video case containing the consistency anomaly. (b-d)
2025; Liu et al., 2025a; He et al.,  Similarity computation between clean and noisy latents, along
2025; Singhal et al., 2025), intro-  with the corresponding correlation coefficient analysis results.
ducing multiple candidate latents

and employing specific evaluation and selection strategies to achieve higher-quality videos. In con-
trast to existing methods that generally focus on fixed-length video generation, our self-reflection
mechanism effectively integrates the idea of TTS with the characteristics of frame-level autoregressive
generation for long videos. Given that temporal consistency is a crucial modeling aspect in long
video generation tasks, long-term consistency is typically set as the primary objective when extending
the search time. The most relevant prior work is ScalingNoise (Yang et al., 2025), which employs a
consistency reward function to guide long video generation. The differences between our approach
and ScalingNoise, as well as other TTS methods, are discussed in detail below.

similarity
§ 8§ 8§ 8 8

e

Our self-reflection approach interprets TTS as comprising two processes: first, adaptively evaluating
the locations where anomalies (e.g., abrupt drops in consistency) occur; second, performing an
expanded search at these points for correction (please refer to Fig. Al (b) for the flowchart). Unlike
previous methods that either conduct search at every step (Yang et al., 2025) or at predefined
scheduler steps (He et al., 2025), our approach aims to efficiently and flexibly determine when
to trigger expanded search. To achieve this, a straightforward and accurate consistency metric is
required. Existing methods often rely on external models for quantitative assessment. For example,
ScalingNoise uses DINO (Caron et al., 2021) for consistency evaluation, introducing redundancy into
the pipeline. Moreover, since these models require clean pixel inputs, consistency assessment during
intermediate denoising steps necessitates additional denoising and VAE decoding procedures (Yang
et al., 2025), resulting in high computational overhead. To overcome these limitations, we propose a
more efficient consistency evaluation strategy inspired by the following observation.
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Firstly, the latent space produced by the VAE, after large-scale pre-training, exhibits strong inter-
pretability (Kingma & Welling, 2013; Wang et al., 2024). Specifically, the distance between latents
reflects the degree of difference between the corresponding video frames. Therefore, we can leverage
the cosine similarity between different latents as a consistency metric, thereby avoiding the need for
additional external evaluation models. Formally, let qeyal € Rfevarxixe denote the feval consecutive
latents to be evaluated, and q,ef € RJrerXIX¢ denote those of the preceding f,.r adjacent latents. The
consistency score Cycore 1S computed as follows:

Qpya) = NOTMy (means(Qeval)) ;  ier = normy (means(ger)) (5)

T
Cscore = mean; (meanz (q;valq;ef )) , 6)

where norm, () and mean;(-) denote the normalization and mean operations along the i-th dimension
(¢ > 0), respectively, and T' denotes the matrix transpose. Fig. 3 (a) and (b) illustrate the results
of sequentially measuring consistency over video segments (feval = 4, fret = 8) in a clean video
containing the consistency anomaly. It is evident that the proposed metric can effectively identify the
position of the consistency disruption. However, considering the influence of the initial noisy latents
(Qiu et al., 2023) on the final generated content—such as the overall layout of the video being largely
determined in the early denoising stages—we aim to assess consistency at the early high-noise latents
rather than at the clean latents, in order to enable timely adjustments. A straightforward solution
is to fully denoise these high-noise latents and then compute Cs.oro. Undoubtedly, such frequent
denoising operations would incur substantial computational overhead. Fortunately, we observe that
the early high-noise latents and the final clean latents exhibit a strong correlation in terms of Cicore.
As shown in Fig. 3 (c), higher noise levels reduce the absolute magnitude of the Cyore curve, yet the
fluctuation patterns remain similar across different noise levels. Fig. 3 (d) presents the correlation
coefficients between the Ciore curves under various noise levels and those of clean latents, indicating
strong correlation even at higher noise intensities (e.g., 40, with the maximum noise level being 50).

Leveraging this insight, we can timely evaluate consistency at early stages. Specifically, for the
latent queue Q covering all noise levels, we define a judgment index fj,q. at its tail (i.e., the early
high-noise latents). During each iteration over Q, the latents in [fijudg — fref; fijudg — 1] are used as
reference to evaluate the latents in [fiudg, fjudg + feval — 1]. When the decrease in Cicore between
adjacent chunks exceeds the threshold d,qj,, an expanded search is triggered for further correction.
Upon detecting a consistency anomaly, all latents after the position fjudg, qé‘;irf]p = {zZ}ZL:_lf j“"gH,
are considered for correction (i.e., the required format for our search samples). Benefiting from
our early determination of the judgment node, the number of latents included in the search sample
is relatively small. Taking into account the diversity and effectiveness of the search samples, we
design a progressively guided search strategy. Assuming the number of search samples is Ngamp,
we first randomly sample 7., Gaussian noise latents as starting points for each sample: qfamp =
{2}, k € [1,nsamp]. Subsequently, we use the preceding fyuiq latents before fjuqg, Which have

passed our evaluation, as the guiding information, denoted as gguiq = {zi}{i“fd. For each sample

qfamp, we concatenate it with gg,iq and perform iterative denoising. After each iteration, only the
latents in qfamp are updated, and a new noise frame is appended to qfamp. After L — fjuqg iterations,

init

contains (L — fjuag + 1) latents, maintaining the same data format as qgy; -

k
QSamp

After obtaining k candidate samples, the consistency score C¥ _  is computed for each candidate

based on its first feya; latents. If the highest score among them exceeds CInl., we replace QLY |

with the Qfamp corresponding to the highest score, thereby completing the correction process. For

details on the sampling and correction procedure, please refer to Alg. 6 in App. A.1.3.

Long-Range Frame Guidance. When applying the foundation model for sliding inference on the
maintained queue Q = {2}~ ,, the model can consider only fy nearby latents during each denoising
operation. To enable interactions among distant latents and thereby enhance the consistency of
generated videos, we propose a simple yet effective long-range frame guidance method. Specifically,
when the model processes latents within a local window, we explicitly sample m,yiq latents sparsely
from earlier positions in Q. Since these latents are relatively clean, we utilize them to guide the
denoising of the current local latents (please refer to Fig. A1 (a) for the flowchart). Formally, when
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(d) +DCE

Figure 4: Illustration of ablation study results. (a-d) Starting from the baseline, our Stage 1,
Stage 2, and DCE mechanism are sequentially added. in the first frame indicate
regions with prominent noise. Red bboxes denote regions in the current frame where the subject
exhibits noticeable inconsistency compared to previous frames. Better viewed in color with zoom-in.

the model slides to position ! (I € [1, L — mgyia)) for inference, the input ginpyt is defined as follows:

O [EY A L R, I < mguia 7
Ginput = [21, 22, ..., gmewia gl GHFL Sl formguia=l) g 0 < 1< L — miguia )
for the head latents in the queue (i.e., | < mgyiq), we do not apply long-range guidance due to the
insufficient number of preceding latents. It should be noted that these latents are also obtained by
iterative denoising propagated from the tail of the sequence, such that they have also been guided by
their preceding latents during the process. For the selection of mgyiq guidance latents, we uniformly

sample mgyiq latents from the min(mgyuia Lyig, | — 1) prior latents before position .

4 EXPERIMENTS

4.1 IMPLEMENTATION DETAILS. Table 1: Quantitative results of MIGA and baselines on
VBench. The best results are highlighted in bold.

Model Implementation. To en- -
sure fair comparison with exist- _Method Infinite S.C. B.C. M.S. TFE O.S.

ing training-free long video gener-  VideoCrafter2-Based

ation methods, we apply MIGA to  "p - by 93.57 9524 93.73 9127 9345

' . X
the widely-used foundation model,  goef ong X 9572 96.42 9838 97.28 96.95
VideoCrafter2 (Chen et al., 2024b).  pIRO-Diffusion v 92.92 95.01 97.19 94.94 95.02
v
v

Besides, we incorporate MIGA into  ScalingNoise 9429 95.52 97.86 96.12 95.95
the latest model, Wan2.1-1.3B (Wan MIGA (ours) 97.66 96.99 98.60 98.03 97.82
et al., 2025). By default, these mod- Wan2. 1-Based

els support generating 16 and 21
latents, respectively. For infinite-
frame generation, the configuration of
VideoCrafter2-based MIGA is as fol-
lows: T' = 64, L,z = 4, T = 10, dagju = 0.01, and mgyiq = 6. For Wan2.1-based MIGA, the
configuration is T = 54, L,z = 7, 7. = 10, daqju = 0.01, and mguia = 4. Moreover, thanks to the
flexibility of the frame-level autoregressive framework, we can achieve multi-text control by providing
different text conditions to the latents at various temporal positions. For more implementation details,
see App. A.2 and App. A.3.

FIFO-Diffusion v 92.67 93.37 98.03 97.09 95.29
MIGA (ours) v 96.46 95.50 98.85 98.14 97.24

Evaluation Benchmarks. Our evaluations are conducted on the VBench (Huang et al., 2024) and
NarrLV (Feng et al., 2025) benchmarks. Following the evaluation protocols of existing long video
generators, we primarily use the video quality dimensions assessed by the VBench-Long toolkit.
The commonly used metrics include subject consistency (S.C.), background consistency (B.C.),
motion smoothness (M.S.), temporal flicker (T.F.), and their mean, Overall Score (O.S.). NarrLV is a
recent benchmark for narrative expressiveness in long video models. We use evaluation prompts with
Temporal Narrative Atom (TNA) counts of 2, 3, and 4, and report results on three dimensions, i.e.,
scene attributes (s,y), target attributes (£4), and target actions (Zact)-
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Table 2: Quantitative results of MIGA and baselines under varying TNA settings on NarrLV.

Method Infinite TNA=2 TNA=3 TNA=4

Satt Lot toct Satt Lart Lact Satt Lot tact

VideoCrafter2-Based

FreePCA X 5696 58.72 56.41 53.61 5393 5257 5046 5728 53.27
FreeLong X 5943 5957 5595 5657 59.82 5657 54.13 60.53 54.13
ScalingNoise v 59.28 5547 58.09 5327 58.14 5405 5237 5841 53.59
FIFO-Diffusion v 67.02 63.55 5829 61.15 60.64 5842 66.09 66.01 54.66
MIGA (ours) 4 69.78 6394 59.01 63.53 61.05 59.52 68.87 68.77 55.78

Wan2.1-Based

FIFO-Diffusion v 67.77 6425 6540 5542 59.02 5891 5743 56.10 53.89
MIGA (ours) v 79.32 6787 6794 6948 6633 63.80 75.05 7231 62.90

Compared Baselines. For methods that extend video length by increasing input latents, we compare
against FreePCA (Tan et al., 2025) and FreeLong (Lu et al., 2024). For approaches supporting
infinite-length video generation, we select FIFO-Diffusion (Kim et al., 2024) and ScalingNoise (Yang
et al., 2025) as representative baselines.

4.2 COMPARISON WITH BASELINES.

VBench. As shown in Tab. 1, MIGA achieves state-of-the-art performance across all metrics, for
both foundation models. For the VideoCrafter2-based models, we standardized the generation
length to 128 frames to ensure fair comparison. Compared to the strong baseline FreeLong, MIGA
demonstrates further improvement in both subject and background consistency, which validates the
effectiveness of our approach in enhancing video consistency. For the Wan2.1-based models, we
evaluate the generation of 161-frame videos. Compared against FIFO-Diffusion, which also adopts the
autoregressive framework, MIGA achieves comprehensive improvements in all metrics, highlighting
the efficacy of our optimizations to the framework. It is worth noting that the consistency scores of
Wan2.1-based MIGA are slightly lower than those of VideoCrafter2-based MIGA. We conjecture that
this is because the latter primarily generates animation-style videos, where maintaining long-term
consistency is relatively easier than in the realistic style videos produced by the former. A qualitative
example and analysis are provided in App. B.2. Subsequent evaluation results on the NarrLV
demonstrate that Wan2.1-based MIGA achieves notable advantages in narrative expressiveness.

NarrLV. To generate videos that correspond to the rich narrative content in NarrLV, we adopt a
sequence of changing prompts guidance strategy similar to FIFO-Diffusion. Specifically, latents
at different temporal positions are conditioned on distinct segments of the prompt. As shown in
Tab. 2, FIFO-Diffusion outperforms existing VideoCrafter2-based methods in narrative expressiveness.
Furthermore, our MIGA achieves additional improvements, which can be attributed to its design that
enables more stable video content generation and thereby supports richer semantic expression.

Qualitative Results. Fig. 1 presents three 1k-frame videos generated by the Wan2.1-based MIGA,
which closely follow the text prompts and maintain strong subject and background consistency. For
additional visualizations, please refer to App. B.4.

4.3 ABLATION STUDY.

To explore the effectiveness of our proposed mechanism design, we conduct comprehensive ablation
studies on the VideoCrafter2-based MIGA using VBench. Detailed implementation information for
each setting can be found in App. B.1.

Study on Core Mechanisms Designs. The core con-
tribution of our work is the introduction of the novel
Two-Stage Training-Inference Alignment (TTA) and TTA DCE S.C. B.C. M.S. TF. O.S.
Dual Consi:stency Enhancemer}t (D'CE) mechanisms. 9292 9501 97.19 9494 95.02
As SI.IOWI’I.III Tab. 3, FIFO—lefu510q serves as the v 96.74 9675 97.57 97.12 97.05
baseline without our proposed mechanisms. Introduc- /9610 9647 97.88 96.56 96.75
ing TIA and DCE individually yields overall score V4 v/ 97.66 96.99 98.60 98.03 97.82
improvements of 2.03% and 1.73%, respectively,
demonstrating the effectiveness of our core mechanisms. Furthermore, combining these two mecha-
nisms provides complementary benefits and further enhances performance.

Table 3: Ablation results of core mechanisms.
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Table 4: Ablation results of L.

Table 5: Ablation results of mgyiq.

L,s S.C. B.C. MS. TF OsS. mguia S.C. B.C. M.S. TFE O.S.
1 94.23 94.52 97.98 96.47 95.80 0 94.23 94.52 97.98 96.47 95.80
2 94.24 9593 98.55 97.90 96.66 2 94.66 94.72 98.64 98.05 96.52
4 95.37 95.96 98.65 98.02 97.00 4 94.59 94.58 98.64 98.10 96.48
6 95.14 96.04 98.60 97.97 96.94 6 95.45 95.69 98.45 97.89 96.87
8 95.54 9596 98.56 97.90 96.99 8 95.32 95.12 98.60 98.05 96.77
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Figure 6: Ablation study on the adjustment threshold d.qju.
(a-b) Effects of d,4ju on O.S., Reorr, and Rgycc.

Study on TTA. Our TTA mechanism comprises two ~ 1able 6: Ablation results of TTA design.

stages: stage 1 employs zigzag iterative denoising,
and stage 2 applies denoising at a unified noise level.
As shown in Tab. 6, sequentially introducing these
two stages leads to notable performance improve-
ments. As shown in Fig. 4 (a—c), stage 1 signifi-
cantly reduces drastic anomalies present in the base-
line, while stage 2 plays a key role in suppressing video noise. Furthermore, Tab. 4 shows the impact
of the zigzag width L,;, in stage 1 on model performance. As L,;, increases, O.S. initially improves
and then stabilizes. Thus, we choose L,;, = 4. Additionally, Fig. 5 illustrates the effect of varying the
number of second-stage steps, i.e., (¢ — 1). As the step count increases, performance gains gradually
stabilize. However, if only the second stage is performed, i.e., inference is conducted directly on
N noise latents, model performance drops sharply. This approach is no longer autoregressive, as it
requires simultaneous processing of independently initialized latents. In contrast, the omitted stage 1
leverages autoregressive generation to establish implicit information transfer among the initialized
latents. Further discussion is provided in App. B.1.

Setting S.C. B.C. M.S. T.F. O.S.

Baseline 92.92 95.01 97.19 94.94 95.02
+Stage 1 95.98 96.54 97.57 97.03 96.78
+Stage 2 96.74 96.75 97.57 97.12 97.05

Study on DCE. Our DCE mechanism consists of self-reflection and long-range frame guidance.
Fig. 6 shows the impact of different adjustment thresholds daqju, Where a smaller d,q;, leads to
more frequent searches. Fig. 6 (b) presents two metrics that reflect the search effectiveness. We
denote the total inference steps, steps evaluated for correction, and steps actually corrected as n,j,
Nevals ad Neorr, respectively. The correction rate and success rate are defined as Reorr = Ncorr/Mall
and Rgyce = Mcorr/Meval. As the threshold decreases, the model tends to perform broader searches,
increasing the corrected steps (i.e., R.o,r) and consequently improving the O.S. metric, demonstrating
test-time scaling capability. Since the number of steps with consistency anomalies within 7, is
limited, performance gains eventually converge. Further reducing the threshold increases 7.y, but
not Ncepr, leading to a lower Ry, ... Balancing performance and computational cost, we set the default
0adju to 0.01. Tab. 5 presents the effect of varying the number of guidance frames, with optimal
performance achieved at mgyuiq = 6. App. B.1 provides an analysis of computational efficiency.

5 CONCLUSION

Train-free frame-level autoregressive generation frameworks, represented by FIFO-Diffusion, demon-
strate the capability to generate infinitely long videos with constant memory cost. To build on these
merits while overcoming limitations in the training-inference gap and long-term consistency, we in-
troduced MIGA, a novel infinite-frame generation method. An effective two-stage training-inference
alignment mechanism is developed to proactively mitigate the training-inference gap by optimizing
the noise span. Additionally, an innovative dual consistency enhancement mechanism is proposed to
improve long-term consistency through self-reflection and long-range frame guidance. Experiments
show that MIGA achieves state-of-the-art results on VBench and NarrLV compared to existing
train-free methods, demonstrating its ability to generate long videos with strong temporal consistency
and rich narratives.
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APPENDIX

A FURTHER DETAILS ON OUR METHOD

A.1 PSEUDOCODE IMPLEMENTATION

In Sec. 3, we first take FIFO-Diffusion as an example to illustrate the concrete implementation process
of the train-free frame-level autoregressive generation framework (see Sec. 3.1). Next, we analyze the
significant gap between training and inference present in the existing framework, thereby motivating
our Two-Stage Training-Inference Alignment (TTA) Mechanism (see Sec. 3.2). Finally, in light
of the critical importance of consistency preservation in long video generation, our proposed Dual
Consistency Enhancement (DCE) Mechanism is described in detail (see Sec. 3.3). In this section,
we provide the detailed pseudocode implementations of each method to more clearly illustrate their
procedures.

A.1.1 PRELIMINARIES: TRAIN-FREE FRAME-LEVEL AUTOREGRESSIVE GENERATION.

As described in Sec. 3.1, existing frame-level autoregressive generation methods rely on maintaining
anoise queue Q = {le3 ces ZZT} with progressively increasing noise levels. Here, we take FIFO-
Diffusion (Kim et al., 2024) as an example to illustrate the computation process.

The queue is first initialized, typically using clean initial latents generated by the foundation model.
Since the queue length equals the denoising step count (77), which exceeds the initial latent count fo,
FIFO-Diffusion (see Alg. 1) uses the initial latents to initialize the last fy queue latents; the sampler
(Ho et al., 2020; Lipman et al., 2022) then adds noise from 7; to 7; (where j > ¢ )according to the
scheduler-specified noise strengths:

z,; < ®.add_noise(z.,, 7;, 7;). (A1)

Next, the remaining (7' — f) latents are initialized by injecting varying levels of noise into the first
latent.

After initializing the noise queue, iterative inference can be performed as specified in Eq. 1. As
shown in Alg. 2, with each inference step, the noise level of all latents in the queue decreases by
one, making the first latent clean; this latent is then dequeued from the queue and saved. To ensure
continuous generation, a Gaussian noise latent is enqueued at the end of the queue at each step.

It is important to note that in Eq. 1, one inference step by the sampler over the entire queue requires
multiple noise predictions from the foundation model €y (-), since €y(-) can only process fy latents
at a time while the queue contains 7" latents (1" > f). Specifically, FIFO-Diffusion adopts a sliding
window approach: as shown in Alg.3, the foundation model iteratively predicts noise for the queue
using a window of size fj with a stride of s iqe-

A.1.2 TwoO-STAGE TRAINING-INFERENCE ALIGNMENT MECHANISM.

As discussed in Sec. 3.2, our Two-Stage Training-Inference Alignment (TTA) mechanism aims to
mitigate the gap between training and inference by reducing the noise span of latents fed to the model
during inference. In this section, we present the detailed implementation of TTA with pseudocode.

First, we need to initialize the latents queue. To ensure compatibility with the Zigzag Iterative
Denoising in Stage 1, the adjacent L,;, latents are assigned the same noise level during initialization.
A notable difference from the initialization in FIFO-Diffusion is that, after initializing the queue
tail with clean latents, we progressively guide the noise latent using these latents to complete the
initialization of the entire queue, rather than simply duplicating semantically identical frames. The
detailed initialization procedure is presented in Alg. 4.

Next, we perform our designed two-stage iterative generation process, as illustrated in Alg. 5. In
Stage 1 (Zigzag Iterative Denoising), after each inference on the queue, we dequeue the L,;, partially
denoised latents from the head of the queue and save them, while L,;, Gaussian noise latents are
enqueued at the tail. After N latents have been dequeued, Stage 2 performs the remaining denoising
steps on these latents with identical noise levels.
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Algorithm 1 Initial latents construction in FIFO-Diffusion

Require: Denoising step count 7', initial latents count fy, denoising network €4 (-), and sampler ®(-)

1: Input: initial clean latents gejean = {zio; o ZJ;DO}, time steps teloan = {70;---;70}
—_———
fo
2: Output: Qinig = {21 ;...;22 }, tinis = {705...; 71}
—_———
T

30 Qinit = {} tinie = {}

4: # Initialize the early latents using the first frame.
5: fori =1toT — fp do

6: z! + ®.add_noise(qeiean[0], terean (0], 75)

7
8

Qinit-enqueue(z.)
: tinit-enqueue(T;)
9: end for
10: # Manually add noise to the initial latents.
11: for i =1to fy do

12: I ®.add_noise(qelean|[?], telean[i], Tr— fo+i)
13: Qinit.enqueue(z‘TT_fO“)

14: tini-enqueve(Tr— ¢ 44)

15: end for

16: return Qinit, tinit

Algorithm 2 Frame-level autoregressive generation in FIFO-Diffusion

Require: Denoising step count 7', generation latents count N, denoising network €4(+), and sampler
o(-)
1: Input: Q = {Z%;- ..;ZZT},t ={r0;...;71}
T
2: Output: Qgep, = {zlo; - ;ZJT\g
3 Qgen = {}
4: # Frame-level autoregressive generation.
5: fori =1to N do
6 Q< D(Qtiep)
7 z! <+ Q.dequeue()
8: Qgen-enqueue(z, )
9: zl ~N(0,1)
10: Q.enqueue(z? )
11: end for
12: return Qgcn
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Algorithm 3 One-step inference over the latents queue in FIFO-Diffusion

Require: Denoising network eg(-), initial latents count fo, sliding window stride lst,ide, and initial
sampler ¢(-)
1: Input: Q = {zl;...;27 },t ={ro;...;70}
T
2: Output: Qe = {2z} ;...;2. _}
3: # Queue length equals denoising steps 71'.
4 strlde = [f0/2]
S: Niter = |—(T fO)/lstride—I + 1
6: for i = 1 to njge, do
7 if i < njter then
8 Sindex — ('L - 1) X lstride +1

9: €index = Sindex T fO

10: Qtemp — (b(Q[Sindex : eindex]a t[sindex . e1ndex} 69)
11: for j = 1 to lstriqe do

12: Q[Sindex + ]} = Qtemp [.7]

13: end for

14: else

15: Sindex = T - fO

16: €index — T

17: Qtemp — (b(Q[sindex : eindex]a t[sindex : emdex] 69)
18: for j = 1to fy do

19: Q[Sindex + J} - Qtemp [.7]

20: end for

21: end if

22: end for

23: Qgen = @

24: return Qgcn

Queue frame index

5 ys/ Sl
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‘ correction
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Continue

(a) Long range frame guidance (b) Self-Reflection

O e e o

Figure Al: Framework of our Dual Consistency Enhancement (DCE) mechanism, which consists
of Long-Range Frame Guidance (a) and Self-Reflection (b) approaches. (a) Long-Range Frame
Guidance enables the foundation model to process long-range sparse latents and local dense latents
simultaneously as input when handling local segments in a sliding manner. (b) The Self-Reflection
approach starts from high-noise latents at the end of the queue and first performs consistency anomaly
evaluation. When anomalies are detected (e.g., the car’s color changes to white whereas it was black
in previous frames), expanded search for correction is conducted on these tail latents. After correction,
the updated latents achieve higher consistency.

A.1.3 DuUAL CONSISTENCY ENHANCEMENT MECHANISM.

The modeling motivation and core concept of our Dual Consistency Enhancement (DCE) mechanisms
are introduced in Sec. 3.3. In this section, we present the implementation details in the form of
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Algorithm 4 Initial latents construction in MIGA

Require: Denoising step count 7', initial latents count fj, zigzag width L,;,, denoising network
€o(+), and sampler O(-)

1: Input: initial clean latents qgglean = {zlo; Co zfoo}, time steps teloan = {70;---;70}
—_—
fo
. 1 Laig o Laig+1 2L,ig L—Lig+1 L
2: Output: Qinit = {ZTP,? RN S z7g+g1+ SRR TR =t gt EERRY i R
ing ing ing
3: tinit - {Tea s TeyTed1y 3 Tely " 5 TT " 0 aTT}
——
Lig Lig Laig
4: Qinit - {}9 tinit - {}
5: # Manually add noise to the initial latents.
6: Nygig = [fO/ing]
7: for i = 1to fy do
8: ti_ndex =T — Nzig + [(Z — 1)/ing.|
9: Zi o @.addfnoise(qdean [¢], tetean[t]s Teiaey )
10: Qinit-enqueue(z?, i )
11: tinit-enqueue(Ty,, ... )

12: end for

13: # Progressively guide the generation of subsequent latents using existing latents.
14: fori =1t0 T — n,, — e do

15: for j = 1to L,;; do

16: Z,:I;T ~ N(0,I)

17: Qini¢-enqueue(zL )
18: tinit.enqueue(nT§
19: end for

20: Qinit, < P(Qinit, tinit; €0)
21: for j = 1 to len(tinit) do

22: tinit[J] = tinie[J] — 1
23: end for
24: end for

25: return Qinit,  tinit
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Algorithm 5 Two-stage training-inference alignment mechanism in MIGA

Require: Denoising step count 7', generation latents count N, zigzag width L,;s, denoising network
eo(-), and sampler (-)

. . _ 1 L,; L,ig+1 2L, L—L,x+1 L
I: Input. Q— {ZTEa"' 727—:%’27':4‘51 sy 727—64?1‘%7"' y Lo T, yZrp s
Laig Lyig Lyig
2: t:{Tea"'77—eaTe+17"'aTe+17"'77—Ta"'aTT}
—_——
Lyig Lyig Lyig

3: Output: Qe = {2zl ;...;20

4 Qgen = {}

5. # Stage 1: Zigzag iterative denoising.
6: Niter = [N/ingw

7: for i = 1 to n;ier do

8
9

Q < ©(Q.t;€)

: for j = 1to L,;; do
10: VAR Q.dequeu_e()
11: Qgen-enqueue(z, )
12: zl ~N(0,1)
13: Q.enqueue(z’ )
14: end for
15: end for

16: # Stage 2: Denoising at a unified noise level.
17: t ={}

18: for i = 1 to len(Qgen) do

19: t.enqueue(T._1)

20: end for

21: fori=1toe—1do

22: Qgen <~ (I)(Qgena t; 69)

23: for j = 1 tolen(t) do

24: tj] =t -1
25: end for
26: end for

27: return Qinit,  tinit
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pseudocode. The pseudocode implementation can be understood with reference to the framework
diagram shown in Fig. A1.

First, our Self-Reflection approach focuses on early high-noise latents along the queue dimension,
performing consistency evaluation to promptly correct the latent anomalies. In conjunction with the
previously described TTA iterative generation process, Self-Reflection is applied before each queue
inference (i.e., Q < ®(Q,t;€p), see line 8 in Alg. 5). As shown in Alg. 6, we provide a detailed
description of the implementation of the Self-Reflection approach. Note that the implementation of
the Self-Reflection approach in Sec. 3.3 assumes L,;; = 1. A more general version is provided in
Alg. 6.

Furthermore, the Long-Range Frame Guidance aproach targets low-noise latents at the queue head
to facilitate interactions among distant latents, thereby improving video consistency. It is integrated
into each queue inference step within the TTA iterative generation process (i.e., @ + ®(Q,¢; €p),
see line 8 in Alg. 5), and its implementation is detailed in Alg. 7.

A.2 MULTI-PROMPT CONDITIONAL GENERATION

As discussed in Sec. 4.1, the flexibility of the frame-level autoregressive framework enables multi-text
control by providing different text conditions to the latents at various temporal positions. Specifically,
when performing inference over the queue, the expression involving the text conditioning c is given
by (for clarity, c is omitted in Eq. 2):

{zio, .. ,ZZT_l} = @({zil, e ,sz}, {m1,..., 71}, ¢ €0). (A2)

When there is only a single text condition, c is a constant (i.e., the feature of a single text prompt).
However, with multiple text conditions, as the foundation model iterates over the queue with a sliding
window, latents at different positions are guided by different c. For the case of nprom text prompts,
. Nprom . . . .

i.e.,c={c;};>"™, each prompt sequentially controls the generation of Np,om frames (resulting in
N = npromNprom clean latents for the final video). Formally, suppose the foundation model is at
position [ in the queue (i.e., Sindex in Alg. 3 and Alg. 7), and the number of dequeued clean latents is

Ndeq- Then, the input text condition for the model is:

e[z

As shown in Fig. A2, we present a case generated by our Wan2.1-based MIGA that contains three
prompts.

At dusk on a modern city rooftop,
the red-and-gold armored
superhero known as Iron Man
strides along the edge of a
helipad, his polished metal
plates reflecting neon signs and
distant traffic lights.

Iron Man blasts upward from the
rooftop. He rockets between
skyscrapers at night, reflective
glass rushing by, motion blur on
bright windows, contrails from
his boots spiraling. He banks
hard around a tower antenna, then
accelerates above the skyline.

Iron Man ascends through the
troposphere and then hovers above
the Earth. The planet Earth fills
the background, showing blue
oceans, white swirling clouds,
and a thin atmospheric rim.

Figure A2: Illustration of a multi-prompt controlled generation case produced by our Wan2.1-
based MIGA.

A.3 IMPLEMENTATION ON DIFFERENT FOUNDATION MODELS

VideoCrafter2-Based MIGA. As an early and representative text-to-video foundation model,
VideoCrafter2 (Chen et al., 2023; 2024b) is widely used as the backbone for existing train-free
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Algorithm 6 Self-reflection approach in MIGA

Require: Judgment index fjuq., reference latents count f,qf, evaluation latents count foya1, adjust-
ment threshold daqj,, guidance latents count fyuiq, zigzag width L,;s, consistency score from
the previous step C2. ., denoising network e (+), and sampler ®(-)

1: Input: Q = {z';...;2"},t = {r';...; 71} # Without loss of generality, we do not distinguish
| —

L
the noise step of each latent.

2: Output: Q,qj, = {z;. .. ;zl}, 00 .

3: Qadju = {}

4: # Evaluation

5 Gref = Q[fjudg - fref : fjudg - 1]

6: Qeval = Q[fjudg : fjudg + fcval - 1]

7: Cscore = cosine_similarity (gref, geval) # See Eq. 5 and Eq. 6.
8: if CU e — Cscore < Oaqju then

9: # Do not perform extended sampling.

10: Qadju = Q

11: Cb(-)core = Cscore

12: else

13: # Perform extended sampling.

14: dguid = Q[fjudg - fguid : fg‘uid - 1]
15: tguid = t[fjudg - fguid : fguid - 1]
16: Qsample = {}

17: for & = 1 to ngamp do

18: thmp = (guid

19: ttemp = tguid

20: Niter = [(L = fjudg + 1)/ Luig]|

21: for ¢ = 1 to Nyt do

22: Qtemp — ¢(Qtemp7 ttemp; 69)
23: for j = 1to L,;; do

24: zl ~N(0,1)

25: Qtemp-enqueue(z’ )

26: ttemp-enqueue(7r)

27: end for

28: end for

20: Qsample-enqueue( Qiemp)

30: end for

31: # Determine whether correction is needed
32: Csamp = {}

33: for k = 1 to ngamp do

34 Qref = Q[fguid - fref : f}udg - 1]
35: Jeval = Q[fguid . fguid + feval - 1]
36: C* = cosine_similarity (grof, Goval)
37: Cisamp-enqueue(C*)

38: end for

39: MaXindex, C™** = max(Csamp)

40: if C™3* > (Cyeore then

41: # Perform correction.

42: Q[fjudg :] = Qsample [maxindex] [fref :]
43: CSCOTG = Cmax

44: else

45: # Do not perform correction.

46: Qadju = Q

47: Cgcore = Cscore

48: end if

49:

50: end if

: 0
51: return Qagju,  Coiore
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Algorithm 7 One-step inference over the latents queue incorporates our long-range frame guidance

Require: Denoising network ey (-), initial latents count fy, sliding window stride Istyide, sliding
window stride lgride, zigzag width L., long-range guidance latents count mgyiq , and initial

sampler ¢(-)

1: Input: Q = {z';...;2"},t = {r';...; 7} # Without loss of generality, we do not distinguish
L
the noise step of each latent.
2: Output: Q,., = {2’ Lo L} #z'" represents z’ after one denoising step.
3: # Queue length equals denoising steps 1"
4: 1 stride — [f0/2]
5! Niter = |—(T fo+ mguid)/lstride—‘ +1
6: for i = 1 to njter do
7: if 7 < njter then
8: Sindex = (7' - 1) X lstride
9: if Sindex <= Niter then
10: €index = Sindex T fO
11: Qtemp — ¢(Q[5index : eindex}a t[sindex : elndex] 60)
12: for j = 1 to ls¢rige do
13: Q[Sindex + .7] = Qtemp []]
14: end for
15: else
16: Srange = min(mguiszig7 Sindex — 1)
17: S?ist = uniform—sample(ra’nge(sindex — Sranges Sindex — 1)7 mguid) # Uniformly
sample mgmd position indices from the interval (Sindex — Srange, Sindex — 1)
18: 1nput {}
19: tmput - {}
20: for j = 1to mguiq do
21 Qinpus-enqueue(Qsp [5]])
22: tinput-enqueue(t[s?_ [5]])
23: end for
24: €index = Sindex 1+ fo — Mguid
25: Qinput = COHC&t([Qinput% Q[sindex : eindex“)
26: tinput = Concat([tinput; t[sindex : eindex]])
27: Qtemp — ¢(Q[5index : eindex}y t[sindex . emdex] 60)
28: for j = 1 to ls¢rige dO
29: Q[sindex + .7] = Qtemp [mguid + .7]
30: end for
31: end if
32: else
33: Sindex = 1" — fO + Mguid
34: Srange = min(mguiszig7 Sindex — 1)
35: sty = uniform_sample(range(Sindex — Sranges Sindex — 1) Mguid)
36: Qinput = {}
37: tinput = {}
38: for j = 1 to mgyiq do
39: QinPUt'enqueue(Q[shst []]])
40: tinput-enqueue(t[sd, [7]])
41: end for
42: €index = Sindex T fO — Mguid
43: Qinput = Concat([Qinput; Q[Sindex : 6index]])
44: tinput = Concat([tinput; t[sindex : 6index“)
45: Qtemp — (b(Q[Sindex : eindex]yt[sindex emdex] 69)
46: for j = 1 to lstyiqe do
47: Q[Sindex + .7} = Qtemp [mguid + .7]
48: end for
49: end if
50: end for
St Qgen =0

52: return Qgen
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long video generation methods (Qiu et al., 2023; Tan et al., 2025; Lu et al., 2024; Kim et al., 2024;
Yang et al., 2025). Following its original denoising inference code, our main modification to equip it
with frame-level autoregressive generation is to adjust its noise prediction model €4(+) and sampler
(i.e.,DDIM (Song et al., 2020)) ¢(-) in the noise prediction and denoising process. Specifically,
the original ey(-) receives latents with identical noise levels each time, and ¢(-) applies the same
denoising operation to all latents. Our key change is that ey (-) now receives latents with different
noise levels in each inference step, where the noise level is determined by the frame index. During
noise prediction, each frame’s latents interact with their respective noise level conditions. In the
denoising stage, ¢(-) also processes latents for different frames separately, conditioning on their noise
levels.

Wan2.1-Based MIGA. With the continuous evolution of text-to-video foundation models, train-
free long video generation frameworks should also be adapted to these newer models. To this
end, we migrate MIGA to the latest available model, Wan2.1 (Wan et al., 2025). Similar to the
VideoCerafter2-based MIGA, the core modifications involve adjusting the noise prediction model €4(+)
and the sampler ¢(+) in the noise prediction and denoising process. The key difference is that Wan2.1
employs UniPC (Zhao et al., 2023) as its default sampler, which requires higher-order computations.
Consequently, both €4(+) and ¢(-) need to store and utilize information from previous steps during
each operation.

Discussion on the Generalizability of Our Method. The frame-level autoregressive generation
framework we adopt inherently requires models to handle latents with noise levels varying across
frames. Our MIGA can be migrated to VideoCrafter2 and Wan2.1 because both their noise conditions
and text conditions interact with latents via cross-attention. Specifically, latents can incorporate noise
timestep conditions by distinguishing frame indices, while all latents are treated as a whole for text
conditioning. However, We observe that this frame-level autoregressive generation framework is
difficult to apply to certain foundation models (Kong et al., 2024; Yang et al., 2024) based on the
MMDIT architecture (Esser et al., 2024). The main reason is that these models concatenate text and
video features, and jointly interact with the noise timestep condition. To guide latents of different
frames with distinct noise levels, it is necessary to introduce noise conditions with varying timesteps.
However, since text features cannot be distinguished at the frame level, this noise information cannot
effectively interact with the text features.. Fig. A3 illustrates our approach of injecting an intermediate
timestep into the text features to enable the migration of the frame-level autoregressive generation
framework to CogVideoX-5B (Yang et al., 2024), which is based on the MMDIiT architecture. As
shown, this results in abnormal video outputs.

343 A% whia A
An SUV traversing serpentine mountain roads.

Figure A3: Illustration of a bad case resulting from migrating frame-level autoregressive
generation to CogVideoX, a model based on the MMDIT architecture.

B FURTHER DETAILS ON EXPERIMENTAL ANALYSIS

B.1 IMPLEMENTATION DETAILS OF ABLATION STUDIES

In Sec. 4.3, we conduct comprehensive ablation studies on the VideoCrafter2-based MIGA using
VBench to evaluate the effectiveness of our proposed mechanism design. In this subsection, we
provide detailed implementation information for each setting.

Study on Core Mechanism Designs. The core contribution of our work lies in the introduction
of the novel Two-Stage Training-Inference Alignment (TTA) and Dual Consistency Enhancement
(DCE) mechanisms. In Tab. 3, we use FIFO-Diffusion as the baseline setting without TTA or DCE,
which serves as the baseline for our ablation study. For the TTA-only setting, we add Stage 1 zigzag
iterative denoising with L,;; = 4 and Stage 2 unified noise level denoising with 7. = 10 to the
baseline. For the DCE-only setting, we introduce a self-reflection method with 0,45, = 0.01 and a
long-range frame guidance method with mgyiq = 4 on top of the baseline. Finally, combining both
mechanisms yields our final method.

22



Under review as a conference paper at ICLR 2026

Study on TTA. Our TTA mechanism consists of two stages: stage 1 employs zigzag iterative
denoising, and stage 2 applies denoising at a unified noise level. In Tab. 6, FIFO-Diffusion is used as
the baseline, consistent with the setting in Tab. 3. For the “+Stage 1” setting, we add only stage 1
with L,i; = 4 to the baseline. Building upon this, by incorporating stage 2 with 7, = 10, we obtain
the “+Stage 2” setting.

Next, we conduct ablation studies on the two core hyperparameters in TTA, i.e., L,;; and 7, (where
T, determines the number of steps in stage 2, (e — 1)). Considering the high computational cost of
long video generation, these experiments are carried out on a subset of the evaluation set, selected
by randomly sampling 50% of the prompts from the full evaluation prompts. For the baseline, i.e.,
L,z = 1, we report the performance of FIFO-Diffusion on this subset. Then, we progressively
increase L, and present the results in Tab. 4. Fig. 5 illustrates the impact of varying the number
of stage 2 denoising steps on model performance, highlighting the overall score metric across
different settings. The detailed results for each individual metric under these settings are presented
in Tab. A1. For the baseline setting (e = 1), we report the performance of FIFO-Diffusion on this
evaluation subset. Then, we further analyze the results for e = 5, 10, 15, 25, 30 based on this
baseline. When e is increased to the total denoising steps (64), stage 1 is entirely omitted, and only
stage 2 is performed. As illustrated in Alg. 8, N random noises are first initialized, and then the
queue undergoes 64 inference steps (each executed by sliding the window across the queue with the
foundation model), ultimately producing N clean latents in one pass. It is important to note that this
approach completely loses the autoregressive property in generation, whereas stage 1 (when retained)
preserves the autoregressive nature. Compared with performing only stage 2, stage 1—through its
initialization and iterative generation (see Alg. 4 and Alg. 5)—enables the cleaner latents to implicitly
guide the generation of subsequent high-noise latents, thereby enhancing the consistency of the
generated videos. This connection among latents ensures video coherence, whereas only stage 2, by
synchronously denoising N independent noise latents, results in weak latent correlation and poorer
consistency.

A qualitative explanation of the synergy between these two stages is as follows: stage 1 is responsible
for the early denoising of latents, leveraging the autoregressive mechanism to build connections
among latents and maintain semantic and spatial consistency (Qiu et al., 2023). Subsequently, stage 2
completes the final denoising process. Once the overall content has been established, stage 2 matches
the input conditions seen during training (i.e., the noise span is 1), which contributes to improved
visual details in the generated videos. As shown in Fig. 4 (a—c), stage 2 effectively suppresses visual
artifacts such as noise in the output videos.

Table Al: Ablation study on steps of stage 2.

Steps S.C. B.C. M.S. T.F. 0.S.

0 9423 9452 9798 9647 95.80
5 93.58 9533 98.19 96.68 95.95
10 93.64 9573 98.11 9636 9596
15 94.05 9537 9823 96.74 96.10
20 94.07 9542 9824 96.80 96.13
25 9354 9558 9830 97.09 96.13
30 9392 9570 98.17 96.64 96.11
64 8991 9445 97.16 9547 94.25

Study on DCE. Our DCE mechanism is composed of self-reflection and long-range frame guidance.
Fig. 6 shows the impact of different adjustment thresholds d.qj,. The baseline (i.e., daqju = 0.07,
where no extended search is performed) is consistent with that used in the above TTA experiments.
Based on this baseline, we progressively decrease J,4ju, Which increases the frequency of extended
search. Fig. 6 focuses on the overall score (O.S.), while detailed performance on each metric is
provided in Tab. A2. Tab. 5 presents the effect of the number of long-range guiding frames 124,;q on
model performance. The same baseline as in Fig. 6 is adopted, and results under different settings are
obtained by gradually increasing mgyiq. The computational costs introduced by these two approaches
are discussed in Sec. B.3.
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Algorithm 8 Inference procedure with stage 2 only

Require: Denoising step count 7', generation latents count N, denoising network €4(+), and sampler
®()
1: Input: Q = {ziT;ng; e ;zfrVT}, t={rp;7r;...;70}
N
Output: Qg = {2zl ;...;20
fori=1toT do
Q + ®(Q, t;¢p)
for j =1toT do
tlg) =tljl -1
end for
end for
Qgen =0

return Q,c,

PRI UNHELD

Ju—

Table A2: Ablation study on the threshold dadjy-

Threshold S.C. B.C. M.S. TF O.S.

0.001 9591 96.04 9855 9793 97.11
0.003 95.69 96.27 9852 97.87 97.09
0.005 95.60 9592 9858 97.98 97.02
0.007 95.19 9596 9853 97.89 96.89
0.01 9544 96.06 9858 9797 97.01
0.03 9451 95.01 9853 9790 96.49
0.05 9370  94.61 98.40 97.70 96.10
0.07 9423 9452 9798 9647 95.80

B.2 QUALITATIVE COMPARISON BETWEEN VIDEOCRAFTER2-BASED MIGA AND
WAN2.1-BASED MIGA

In Sec. 4.2, we present the results of Wan-2.1-based MIGA and VideoCrafter2-based MIGA on
VBench and NarrLV. As reported in Tab. 1, one noteworthy observation on the VBench results is
that, contrary to intuition, MIGA built on the latest foundation model Wan-2.1 demonstrates weaker
performance in subject and background consistency than MIGA based on the earlier foundation
model VideoCrafter2. The main reason is that VideoCrafter2 primarily generates animation-style
videos, where maintaining long-term consistency is relatively easier than in the realistic-style videos
produced by Wan-2.1. To provide a clearer explanation, Fig. A4 showcases the generation results
from both approaches for the same prompt, along with their VBench evaluation scores. As seen
from the comparison between Fig. A4 (a) and (b), VideoCrafter2-based MIGA tends to produce
more animation-like videos, while Wan-2.1-based MIGA generates content with richer texture details.
Correspondingly, the former achieves higher scores in subject and background consistency, while
the latter, benefiting from Wan-2.1’s capability to generate coherent video content, attains better
performance in motion smoothness and temporal flicker metrics. Moreover, the evaluation results on
NarrLV further demonstrate Wan-2.1’s strong ability to generate videos with richer narrative content.

B.3 COMPUTATIONAL EFFICIENCY ANALYSIS

FIFO-Diffusion (Kim et al., 2024) demonstrates the advantages of the frame-level autoregressive
generation framework in terms of memory usage and inference time. Building on this, we analyze the
computational efficiency of our method. Specifically, when only the Two-Stage Training-Inference
Alignment (TTA) mechanism is introduced, the computational efficiency remains identical to that
of the original FIFO-Diffusion. This is because, for each latent, the required number of denoising
steps is 7" in both approaches, resulting in equal computational cost for generating videos of the same
length. As shown in Tab. 3, with comparable computational efficiency, our TTA mechanism yields
a notable performance improvement (overall score increases by 2.03%), thereby demonstrating its
effectiveness.
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In a music studio, a golden cymbal is positioned on a drum set in the center of the room. Suddenly, the cymbal changes its color
from golden to silver. Next, the cymbal shifts from silver to bronze. Then, the bronze cymbal transitions into a black finish.

After that, the black cymbal changes to green. Finally, the green cymbal turns to red. (c) VBench evaluation results
= ~

(a) Generation results produced by the VideoCrafter2-based MIGA.
i

| ' |
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(b) Generation results produced by the Wan2.1l-based MIGA.

Figure A4: Illustration of qualitative comparison between VideoCrafter2-based MIGA and
Wan2.1-based MIGA (a-b), along with corresponding VBench evaluation results (¢). S.C., B.C.,
M.S., and T.F. denote subject consistency, background consistency, motion smoothness, and temporal
flicker, respectively. The superior result for each metric is highlighted in blue.

Building upon TTA, our Dual Consistency Enhancement (DCE) mechanism introduces the additional
computational cost to further improve the quality of generated videos. Specifically, the long-range
frame guidance approach mainly affects the inference process for the maintained queue. Without
this mechanism, as shown in Alg. 3, completing one queue inference requires the foundation model
to perform niter = [(T — fo)/lstride | + 1 noise prediction steps, where lstrige = [f0/2]- When
long-range frame guidance is enabled, as shown in Alg. 7, the foundation model needs to perform
Niter = [ (T — fo + Mguid)/lstride | + 1 noise prediction steps per queue inference. It can be seen
that the additional number of noise prediction steps introduced by long-range frame guidance is
small, i.e., the extra computational overhead is negligible. Nevertheless, Tab. 5 demonstrates that
long-range frame guidance yields considerable performance gains. The self-reflection approach
belongs to the scope of Test-Time-Scaling (TTS) technologies, which aim to improve generation
quality by increasing inference time. Here, each noise prediction by the model is treated as a basic
computational unit. Specifically, the additional computational burden is mainly introduced through
extended sampling. As shown in Alg. 6, in each generation process, the number of extended sampling
iterations m,gjy is determined by the threshold d.q;.. Once extended sampling is triggered, for each
of the ngamp samples, the foundation model must perform [(L — fjudg + 1)/Lyig | noise prediction
steps. Thus, the total number of extra noise predictions required by the self-reflection method is:

Nadju X Nsamp X ([(L = fiudg + 1)/ Laig]) - (A4)

As an optional mechanism, the degree of TTS can be flexibly controlled by adjusting n,qj. (via
modifying 0,dju) and Ngamp. As shown in Fig. 6, model performance improves as computational cost
increases.

2 — —
The Cat’s head and tail
- .suddenly switch places!!! !

A domestic cat walks slowly and gracefully across a sun-drenched wooden floor.

Figure AS: Illustration of a bad case reflecting the limitations of our MIGA.

B.4 MORE QUALITATIVE RESULTS

Fig. 1 presents three long video cases generated by MIGA based on Wan2.1-1.3B. Additionally,
more generation cases produced by MIGA using Wan2.1-1.3B and VideoCrafter2 are shown in
Fig. A6 and Fig. A7. All these generated videos are approximately one minute in length. According
to their default fps settings, Wan2.1-based MIGA produces long videos with 1000 frames, while
VideoCrafter2-based MIGA generates long videos with 600 frames.

C LIMITATIONS AND FUTURE WORK

Our proposed MIGA provides an effective train-free approach for extending the generated length of
existing foundation models. While longer video duration offers greater space for content creation, it
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A breathtaking top-down aerial shot of a majestic eagle soaring gracefully. The camera, positioned directly above, captures the intricate patterns of
its wings spread wide against the vast, white expanse of snow-capped mountain peaks below.

o [ ) - # 00 wow ! \

Pikachu playfully dashes across a vibrant, sun-drenched grassy field. Its small, yellow form moves with energetic bounces, ears twitching, against a
backdrop of wildflowers and swaying blades of grass, exuding pure joy and movement.

A fluffy red panda climbs slowly across a grassy field. Its movements are careful and precise, with the lush green foliage providing a soft, serene
backdrop to its cautious ascent.

o T———

A vintage train moves slowly and steadily along its tracks, surrounded by breathtaking natural scenery. The camera follows its rhythmic motion, revealing
lush forests and rolling hills through the windows, a picturesque journey.

%0 4200 # 400

In the early morning, a lone kayaker paddles smoothly across a calm, glassy lake. Wisps of soft mist rise gently from the water's surface, creating an
ethereal and peaceful ambiance as the sun begins to peek through.

-
E

A swan glides slowly across a mirror-like pond, the water reflecting its elegant form and the lush greenery beyond.

Figure A6: Long video cases generated by Wan2.1-based MIGA.

also increases the risk of unintended model behaviors. As shown in Fig. A5, the beginning of the
generated video follows the text prompt well, with a cat walking from left to right. However, after
some time, the cat’s head and tail suddenly switch places. This phenomenon can be regarded as a
hallucination (Chu et al., 2024; Bai et al., 2024) of the video generation model, or as evidence of the
lack of underlying physical knowledge (Lin et al., 2025; Bansal et al., 2024). Such issues are not
only specific to long video generation tasks but also represent a major challenge for the entire field of
video generation (Kang et al., 2024). In future work, we aim to incorporate additional conditioning
signals beyond text instructions to enable the generation of more realistic long videos.

D USAGE OF LARGE LANGUAGE MODELS

In this paper, large language models (GPT-40) are used solely for polishing the writing of our
manuscript.
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An astronaut floating in space, high quality, 4K resolution.

mm
A dark knight riding on a black horse on the glassland, photorealistic, 4k, high definition.

) . # 10 CAZAR + 20 B » 500 Y 4400

A majestic lion roaming the savannah, 4K, ultra HD.
#0 #100 .. #200

A brown bear catching salmon in a river, high definition, 4K.

Figure A7: Long video cases generated by VideoCrafter2-based MIGA.
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