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Abstract

The first-in-first-out (FIFO) video diffusion, built on a pre-
trained text-to-video model, has recently emerged as an ef-
fective approach for tuning-free long video generation. This
technique maintains a queue of video frames with progres-
sively increasing noise, continuously producing clean frames
at the queue’s head while Gaussian noise is enqueued at the
tail. However, FIFO-Diffusion often struggles to keep long-
range temporal consistency in the generated videos due to
the lack of correspondence modeling across frames. In this
paper, we propose Ouroboros-Diffusion, a novel video de-
noising framework designed to enhance structural and con-
tent (subject) consistency, enabling the generation of consis-
tent videos of arbitrary length. Specifically, we introduce a
new latent sampling technique at the queue tail to improve
structural consistency, ensuring perceptually smooth transi-
tions among frames. To enhance subject consistency, we de-
vise a Subject-Aware Cross-Frame Attention (SACFA) mech-
anism, which aligns subjects across frames within short seg-
ments to achieve better visual coherence. Furthermore, we
introduce self-recurrent guidance. This technique leverages
information from all previous cleaner frames at the front of
the queue to guide the denoising of noisier frames at the
end, fostering rich and contextual global information inter-
action. Extensive experiments of long video generation on
the VBench benchmark demonstrate the superiority of our
Ouroboros-Diffusion, particularly in terms of subject consis-
tency, motion smoothness, and temporal consistency.

1 Introduction
With the rise of artificial visual content generation technolo-
gies, significant breakthroughs have been made in video dif-
fusion (Blattmann et al. 2023; Peng et al. 2024; Ma et al.
2024b; Long et al. 2024). However, most current video dif-
fusion models are trained on short clips (e.g., 16 frames), a
significant challenge when scaling to long video generation.
Instead of relying on extensive training data to extend video
length, our work focuses on leveraging a pre-trained video
diffusion model to generate long videos without extensive
training data or fine-tuning. Additionally, we place a strong
emphasis on content consistency to enhance both the visual
and motion quality of long videos in diffusion.

*This work was performed at HiDream.ai.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Illustration of FIFO-Diffusion (Kim et al. 2024)
(top) and our Ouroboros-Diffusion (bottom) for tuning-free
long video generation.

The recent first-in-first-out diffusion (Kim et al. 2024) has
successfully employed the pre-trained video diffusion model
for infinite frame generation. Compared to general video dif-
fusion that all frames share the same noise level, the diagonal
denoising approach proposed by Kim et al. (2024) maintains
a queue of frames with progressively increasing noise lev-
els, enabling frame-by-frame generation at each step. The
upper part of Figure 1 conceptualizes the diagonal denois-
ing process. In this process, a fully denoised frame at the
queue head is popped out, while a random noisy latent is
pushed to the tail. The latent enqueue-dequeue cycle allows
for the incremental generation of video frames. However,
the independently enqueued Gaussian noise can lead to con-
tent discrepancies between the frame latents near the tail of
the queue. Moreover, FIFO-Diffusion fails to utilize visual
information contained in the earlier denoised frames, which
exacerbates temporal inconsistency in continuous video dif-
fusion. For instance, the appearance of the cat changes sig-
nificantly in the output video of Figure 1. Our work ad-
dresses this issue with FIFO-Diffusion from two key per-
spectives: structural and subject consistency. To this end, we
introduce a novel denoising framework termed Ouroboros-
Diffusion, designed for tuning-free long video generation.
Inspired by the ancient symbol of Ouroboros—a serpent or
dragon eating its own tail, symbolizing wholeness and self-
renewal—our framework embodies these concepts by seam-
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lessly integrating information across time. The design of
Ouroboros-Diffusion is guided by three core principles tar-
geting distinct information flows to improve structural and
subject consistency: present infers future, present influences
present, and past informs present, as depicted in Figure 1. To
enhance structural consistency, we address the critical step
of enqueueing new tail noise, which can lead to structural in-
coherence. From a video continuation perspective, this step
involves sampling a future frame that should maintain visual
structure continuity with previous frames. To achieve this,
we propose inferring the future frame from the present frame
in the denoising queue by exploiting the low-frequency com-
ponent connection between them. Specifically, instead of
initializing the tail latent with Gaussian noise, Ouroboros-
Diffusion extracts the low-frequency component from the
second-to-last frame latent using Fast Fourier Transform
(FFT) and combines it with the high-frequency part of ran-
dom noise to create the enqueued latent. The low-frequency
component preserves layout information for overall video
consistency, while the high-frequency component introduces
necessary video dynamics. For subject consistency, we con-
sider the semantic dependencies of long videos from two
angles: within the current denoising queue and between pre-
viously generated clear frames and the current queue. To en-
hance subject temporal coherence within the present queue,
we extend self-attention across frames through a Subject-
Aware Cross-Frame Attention (SACFA) module. This mod-
ule leverages segmented subject regions from the cross-
attention map to extract subject tokens in each frame, which
serve as auxiliary contexts for subject alignment. These to-
kens are then stored in a subject feature bank. To model
longer-range subject dependencies, we introduce a long-
term memory of past subjects to guide the appearance of
the present subject. Specifically, Ouroboros-Diffusion uti-
lizes the long-term memory derived from the frame at the
head of the queue to guide the denoising of noisier frames
near the tail, optimizing the latent through a subject-aware
gradient during video denoising.

The main contribution of this work is the proposal
of Ouroboros-Diffusion to address content consistency in
turning-free long video generation. Our solution elegantly
explored how diagonal denoising could benefit from low-
frequency content preservation, and how to preserve sub-
ject consistency through cross-frame attention and gradient-
based latent optimization in diffusion. Extensive experi-
ments on VBench verify the effectiveness of our proposal
in terms of both visual and motion quality.

2 Related Work
Text-to-Video Diffusion Models. The great success of
text-to-video (T2V) diffusion models (Ho et al. 2022a; Vo-
leti, Jolicoeur-Martineau, and Pal 2022; Villegas et al. 2023;
Wang et al. 2023b; Yin et al. 2023a; Chen et al. 2023; Zhang
et al. 2024; Guo et al. 2024) for video generation based on
text prompts has been witnessed in recent years. VDM (Ho
et al. 2022b) is one of the early works that combines spa-
tial and temporal attention to construct space-time factorized
UNet for video synthesis. Later in Make-A-Video (Singer
et al. 2023), the prior knowledge of text-to-image diffusion

models is explored in video diffusion and the 2D-UNet is ex-
tended with the temporal modules (e.g., temporal convolu-
tion and self-attention (Long et al. 2022a)) for motion mod-
eling (Long et al. 2019, 2022b, 2023). The advances (An
et al. 2023; Blattmann et al. 2023; Wu et al. 2023a; Chen
et al. 2024b) further execute the video synthesis on latent
space and push the boundaries of high-resolution video gen-
eration. Inspired by the impressive performances of Diffu-
sion Transformers (DiTs) (Peebles and Xie 2023; Ma et al.
2024a), the spatial-temporal transformer architecture starts
to emerge in video diffusion (Hong et al. 2023; Xu et al.
2024). Here, we choose VideoCrafter2 (Chen et al. 2024a)
as a backbone text-to-video model for long video generation.

Long Video Diffusion. Despite the achievements of text-
to-video diffusion, long video generation is still a grand
challenge. Existing works have explored two strategies, i.e.,
tuning-based and tuning-free long video diffusion. Typi-
cally, the tuning-based methods (Yin et al. 2023b; Henschel
et al. 2024; Tian et al. 2024; Jin et al. 2024) usually exploits
an auto-regressive manner which leverages the information
of past generated frames to guide the synthesis of current
frames. Nevertheless, tuning the auto-regressive video dif-
fusion model usually involves a huge computational cost.
To overcome this limitation, tuning-free approaches (Wang
et al. 2023a; Qiu et al. 2024; Kim et al. 2024; Oh et al. 2024;
Tan et al. 2024) try to adopt a pre-trained basic video diffu-
sion model with the power of short-clip synthesis to generate
multiple frames with temporal coherence. Qiu et al. (2024)
introduces a sliding-window temporal attention mechanism
to simultaneously denoising all frames for keeping tempo-
ral consistency. Recent advance FIFO-Diffusion (Kim et al.
2024) proposes to store frames with different noise levels in
a queue, and continuously output one clean frame from the
head and enqueue Gaussian noise at the tail in each denois-
ing step. However, the model still faces the temporal flick-
ering issue due to insufficient long-range modeling and dis-
crepancy arising from enqueueing Gaussian tail noise.

Guidance in Denoising. In the procedure of image/video
denoising, various guidance (e.g., visual tokens in attention
(Tewel et al. 2024; Jain et al. 2024) and gradient guidance
(Meng et al. 2022; Epstein et al. 2023; An et al. 2024; Chen,
Laina, and Vedaldi 2024)) has been investigated to con-
trol the content generation. For instance, ConsiStory (Tewel
et al. 2024) takes the visual tokens from the reference im-
age to facilitate the content alignment across images in a
batch, while FreeDoM (Yu et al. 2023) optimizes the denois-
ing procedure with the gradient of the target energy function.

In short, our work exploits a basic T2V model for long
video generation without tuning. The proposed Ouroboros-
Diffusion contributes by not only studying how the low-
frequency component in latent influences the structural con-
sistency, but also how the guidance in video denoising can be
better leveraged to achieve frame-level subject consistency.

3 Preliminaries: Video Denoising Approach
Parallel Denoising. Latent Video Diffusion Models
(LVDMs) perform diffusion processes in the latent space
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Figure 2: An overview of our Ouroboros-Diffusion. The whole framework (a) contains three key components: coherent tail
latent sampling in queue manager , (b) Subject-Aware Cross-frame Attention (SACFA), and (c) self-recurrent guidance. The
coherent tail latent sampling in queue manager derives the enqueued frame latents at the queue tail to improve structural
consistency. The Subject-Aware Cross-frame Attention (SACFA) aligns subjects across frames within short segments for better
visual coherence. The self-recurrent guidance leverages information from all historical cleaner frames to guide the denoising of
noisier frames, fostering rich and contextual global information interaction.

for efficient video generation. Given a video latent zt ∈
Rf×c×h×w at timestep t ∈ [1, . . . , T ], where zt consists of f
frame latents: zt =

{
zit
}f
i=1

, T represents the total number
of denoising steps used in the sampling process. Convention-
ally, LVDMs adopt a parallel denoising approach, where zt
is iteratively denoised to obtain the clean video latent z0. In
parallel denoising, the noise level remains consistent across
all frames throughout the denoising process. The parallel de-
noising is formulated as:

zt−1 = Ψ (zt, t, ϵθ(zt, t, c)) , (1)
where Ψ(·) denotes the sampler such as DDIM and ϵθ de-
notes a spatial-temporal UNet that predicts the added noise
at each denoising step, conditioned on the text embedding c.

Diagonal Denoising. Unlike the conventional parallel de-
noising, FIFO-Diffusion (Kim et al. 2024) introduces a di-
agonal denoising technique that sequentially produces clear
frame latents. This is achieved by employing a fixed-length
queue of frame latents with progressively increasing noise
levels (i.e., 1 to T ), as illustrated in Figure 1. In the time
step τ of diagonal denoising, τ−1 frames have already been
generated. We denote Qτ =

{
zτ+t
t

}T
t=1

as all frame latents
in the queue. Here, zτ+t

t is the (τ + t)-th frame latent with
noise level t. The denoising step is reformulated as:{

zτ+t
t−1

}T
t=1

= Ψ(Qτ , {t}Tt=1 , ϵθ(Q
τ , {t}Tt=1 , c)) , (2)

where
{
zτ+t
t−1

}T
t=1

denotes the one-step denoised Qτ . After
the denoising step, the first frame latent zτ0 in the queue be-
comes a clear latent and is dequeued from the head. A newly
sampled Gaussian noise is then enqueued at the tail, making
the queue Qτ to transition to Qτ+1. Iteratively performing
this enqueue-dequeue process allows for video generation in
a frame-by-frame manner. When the queue size T exceeds
the frame capacity f of the base video diffusion model, the
frame latents are denoised window-by-window with the ba-
sic temporal length f .

4 Methodology
Figure 2 provides an overview of the Ouroboros-Diffusion
framework. To address the limitations of diagonal denoising,
we model three distinct types of information flow to achieve
structural and subject consistency. Coherent tail latent sam-
pling ensures smooth transitions by using the second-to-
last latent as the guidance, enabling present to infer fu-
ture. SACFA enhances subject consistency by extending
spatial self-attention with subject contexts from neighboring
frames, allowing mutual influence between present frames.
Self-recurrent guidance further elevates long-range subject
coherence by leveraging past subject memory derived from
the head of the queue to inform the denoising of the tail,
demonstrating how the past informs the present. In this sec-
tion, we first discuss the limitations of the FIFO-Diffusion as
the motivation of the proposed method. Then we introduce
details of our Ouroboros-Diffusion.

4.1 Limitation of Diagonal Denoising

The FIFO-Diffusion (Kim et al. 2024) enables the gener-
ation of videos with infinite frames. However, the subject
consistency of the videos produced by diagonal denoising is
often compromised due to the following two limitations:

Lack of Global Consistency Modeling. In the design
of diagonal denoising, the global visual consistency is not
explicitly considered during the diffusion process. Once
frames are fully denoised, they are dequeued and no longer
contribute to the generation of subsequent frames. This
leads to the underutilization of embedded subject infor-
mation(e.g., semantics, motion). Consequently, later frames
cannot reference the information from previously generated
frames, which causes the visual appearance of backgrounds
and objects to gradually shift during continuous frame de-
noising, resulting in inconsistencies over time.
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Figure 3: The detailed illustration of coherent tail latent sam-
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Latent Discrepancy Near the Tail. Another limitation
arises in the enqueue-dequeue denoising process, specifi-
cally in the construction of the tail latent. The tail latent
is typically sampled from a standard Gaussian distribution,
which contains pure noise without any visual information.
Meanwhile, neighboring latents have already undergone par-
tial denoising in previous steps, introducing some degree of
visual content. This creates a discrepancy between the vi-
sual information in the tail latent and its neighboring latents,
leading to inconsistencies. As a result, the model may strug-
gle to reconcile these differences, often resulting in frame
flickering during video generation.

These limitations in diagonal denoising motivate us to de-
vise targeted strategies for improvement.

4.2 Coherent Tail Latent Sampling
After completing a DDIM sampling step for queue Qτ , a
clean latent is removed from the queue head, leaving a va-
cant spot at the tail with a noise level of T . Instead of sam-
pling Gaussian noise as in Kim et al. (2024), we propose
coherent tail latent sampling to retain similar structural in-
formation by using the second-to-last latent zτ+T

T−1 as a struc-
tural guidance. To ensure the structure similarity between
the last two latents, a straightforward approach is to directly
apply noise to the second-to-last frame latent and use it as
the new tail latent. However, we discover that this approach
results in generated videos with limited dynamics due to
the excessive similarities in visual content. Recent advances
(Wu et al. 2023b; Everaert et al. 2024) indicate that the low-
frequency component in the latent space primarily corre-
sponds to the layout and overall structure in the pixel space.
As shown in Figure 3, we apply a 2D low-pass filter to ex-
tract the low-frequency component of the re-noised latent
ẑτ+T
T , preserving the layout as the base latent, and introduce

dynamics by adding the high-frequency component of a ran-
domly sampled Gaussian noise η. The coherent tail latent
sampling is formulated as:

zτ+1+T
T = F r

low(ẑ
τ+T
T ) + F r

high(η) , (3)

where F r
low(·) and F r

high(·) denotes the low-pass and high-
pass filter functions with a threshold r, respectively. The
coherent tail latent allows for consistent yet dynamic vi-
sual continuation, ensuring a smooth transition from Qτ to

Qτ+1. In this way, the future is faithfully inferred from the
present information within the queue.

4.3 Subject-Aware Cross-Frame Attention
To improve subject consistency during denoising, we
propose Subject-Aware Cross-Frame Attention (SACFA),
which extends the vanilla spatial attention layer to incorpo-
rate subject tokens from multiple frames, enhancing visual
alignment across frames with enriched subject context.

Subject Mask Construction. Central to SACFA is a sub-
ject token masking mechanism, which relies on segmenting
the subject within each frame. To obtain the segmentation,
key subject words are first extracted from a prompt using
GPT-4o (OpenAI 2023). These words are then tokenized and
encoded into the embedding Csubj using the CLIP (Radford
et al. 2021) text encoder. The subject tokens are fed into the
linear projection layer of each cross-attention layer to form
the text subject key Ksubj. Subject-related attention maps are
obtained by computing the attention between the query Q
and Ksubj for each cross-attention layer. These maps are av-
eraged across the token dimension and converted into a bi-
nary subject maskM using Otsu’s method. Finally, subject
masks of different resolutions are interpolated to a uniform
resolution and averaged, resulting in the final subject mask.

Attention Processing of SACFA. To enhance temporal
subject consistency across neighboring frames, we extend
the spatial self-attention layer into a subject-aware cross-
frame approach. The essence is to enable each frame to
incorporate subject visual content from other frames when
modeling its own appearance. To achieve this, we start by
applying subject-specific masks to the keys and values of
all frames to extract relevant visual content. These masked
keys and values are then concatenated across frames to form
subject-aware cross-frame keys and values, denoted as K′

and V ′, with the shape fh′w′ × d. This process creates a
collection of subject references that capture the subject in-
formation across multiple frames. Finally, K′ and V ′ are
concatenated with the regular key Ki and value Vi of the
target frame i. The attention processing in SACFA for the
i-th frame is then computed as:

F ′
i = Softmax

(
Qi · [Ki,K′]

⊤

√
d

)
· [Vi,V ′] . (4)

SACFA strengthens local subject correspondence by allow-
ing subject information from neighboring frames to influ-
ence current frames, ensuring consistent subject representa-
tion. The subject-related key K′ is then stored in a subject
feature bank, forming a subject memory that serves as the
foundation for subsequent self-recurrent guidance.

4.4 Self-Recurrent Guidance
We introduce self-recurrent guidance to leverage the past
subject features to guide the present denoising steps. Central
to this approach is the Subject Feature Bank, which stores
the long-term memory of video subjects. The Subject Fea-
ture Bank is initialized using the averaged subject-masked
keys K′ from the first f cleaner frame latents of the video
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Figure 4: Visual examples of single-scene long video generation by different approaches. The text prompt is “A cat wearing
sunglasses and working as a lifeguard at a pool.”

Approach Subject
Consistency↑

Background
Consistency↑

Motion
Smoothness↑

Temporal
Flickering↑

Aesthetic
Quality ↑

StreamingT2V (Henschel et al. 2024) 90.70 95.46 97.34 95.93 54.98
StreamingT2V-VideoTetris (Tian et al. 2024) 89.06 94.80 96.79 95.30 52.89
FIFO-Diffusion (Kim et al. 2024) 94.04 96.08 95.88 93.38 59.06
FreeNoise (Qiu et al. 2024) 94.50 96.45 95.42 93.62 59.32

Ouroboros-Diffusion 96.06 96.90 97.73 96.12 59.89

Table 1: Single-scene video generation performances on VBench. For each video, 128 frames are synthesized for evaluation.

sequence, denoted as K′
ltm. These initial f frames are par-

ticularly valuable as they contain clearer and more critical
visual information, making them an essential basis for the
construction of long-term memory.

After each denoising step of the queue, the bank is up-
dated using an exponential moving average as follows:

K′
ltm ← λ · K′

ltm +
1− λ

f
·

f∑
t=1

K′τ+t
t , (5)

where λ denotes the strength of memorization and only the
first f frames in the queue contribute to the update.

Then, we exploit the subject tokens from the feature bank
as a reference to minimize the gradient of the subject dis-
crepancy at the tail. This gradient serves as a guidance to
optimize the latent denoising (Yu et al. 2023) as follows:

zτ+t
t−1 ← zτ+t

t−1 − γt · ∇zτ+t
t

T∑
t=1

∥K′
ltm −K′τ+t

t ∥22 , (6)

where γt denotes a time-dependent strength of the guidance.
By integrating this term, the self-recurrent guidance aligns
the generated latents more closely with the subject features
of the previously generated frames, thereby enhancing long-
range subject consistency in the synthesized video.

5 Experiments
5.1 Experimental Settings
Benchmark. We empirically verify the merit of our
Ouroboros-Diffusion for both single-scene and multi-scene

long video generation on the VBench (Huang et al. 2024)
benchmark. We sample 93 common prompts from VBench
as the testing set for single-scene video generation. All
methods are required to generate 128 video frames for each
prompt. To explore multi-prompt scenarios, we extended the
single prompts into multiple prompts using a GPT-4o (Ope-
nAI 2023), resulting in 78 groups of multi-scene prompts.
Each group contains 2 to 3 prompts with consistent sub-
ject phrasing. For each multi-prompt group, we generate 256
video frames for performance comparison.

Implementation Details. We implement our Ouroboros-
Diffusion on the text-to-video model VideoCrafter2 (Chen
et al. 2024a). The total number of time steps T in the DDIM
sampler is set to 64, matching the queue length. The thresh-
old for the low-pass filter in coherent tail latent sampling is
set to 0.25. SACFA is applied only in the down-blocks and
mid-block (with down-sampling factors of 2 and 4) of the
spatial-temporal UNet empirically. The last 16 frames in the
queue are involved in SACFA calculation. The self-recurrent
guidance derived from the first 16 frames at the queue head
applies to the last 16 frames at the tail. The parameter λ for
updating the subject feature bank is set to 0.98.

Evaluation Metrics. We choose five evaluation metrics
from VBench (Huang et al. 2024) for performance compari-
son: Subject Consistency, Background Consistency, Motion
Smoothness, Temporal Flickering, and Aesthetic Quality.
Subject Consistency assesses the uniformity and coherence
of the primary subject across frames using DINO (Zhang
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Figure 5: Visual examples of multi-scene long video generation by different approaches. The multi-scene prompts are: 1). an
astronaut is riding a horse in space; 2). an astronaut is riding a dragon in space; 3). an astronaut is riding a motorcycle in space.

Approach Subject
Consistency↑

Background
Consistency↑

Motion
Smoothness↑

Temporal
Flickering↑

Aesthetic
Quality ↑

FIFO-Diffusion (Kim et al. 2024) 93.96 96.17 96.36 93.59 60.12
FreeNoise (Qiu et al. 2024) 95.07 96.52 96.57 95.06 61.26
Ouroboros-Diffusion 95.73 96.82 97.77 95.82 61.17

Table 2: Multi-scene video generation performances on VBench. For each video, 256 frames are synthesized for evaluation.

et al. 2023) features. Background Consistency is measured
by the CLIP (Radford et al. 2021) feature similarity. Tempo-
ral Flickering evaluates the frame-wise consistency and Mo-
tion Smoothness assesses the fluidity and jittering of motion.
Finally, Aesthetic Quality indicates the quality of overall vi-
sual appearance including composition and color harmony.

5.2 Comparisons with State-of-the-Art Methods
We compare our proposal with four state-of-the-art long
video diffusion models, i.e., StreamingT2V (Henschel et al.
2024), StreamingT2V-VideoTetris (Tian et al. 2024), FIFO-
Diffusion (Kim et al. 2024) and FreeNoise (Qiu et al. 2024)
on long video generation.

Single-Scene Video Generation. Table 1 summarizes the
performance comparison of single-scene long video genera-
tion on VBench. Overall, Ouroboros-Diffusion consistently
outperforms other baselines across various metrics. Notably,
Ouroboros-Diffusion achieves a Temporal Flickering score
of 96.12%, surpassing the tuning-free approaches FIFO-
Diffusion and FreeNoise by 2.74% and 2.50%, respectively.
The highest frame consistency, as indicated by the Tem-
poral Flickering metric, demonstrates the effectiveness of
our coherent tail latent sampling, which enforces similarity
in image layout between adjacent frames to enhance struc-
tural consistency. Additionally, the best performances of
Subject Consistency (96.06%) and Background Consistency
(96.90%) further show that Ouroboros-Diffusion benefits
from subject-level guidance, resulting in natural coherence
throughout long video generation. It is important to note that
our approach does not compromise video motion strength
(e.g., causing static video generation) to improve tempo-
ral consistency. To validate this, we calculate the dynamic
degree of the pre-trained base model VideoCrafter2 (Chen
et al. 2024a), which achieves a score of 42.01. Ouroboros-

Diffusion attains a higher dynamic degree of 44.12, confirm-
ing that our method maintains motion variability while fur-
ther enhancing content consistency in video synthesis.

Figure 4 showcases a single-scene long video generation
results across different approaches. Compared to other base-
lines, Ouroboros-Diffusion consistently produces videos
with more seamless transitions and superior visual con-
sistency. For example, StreamingT2V and FreeNoise of-
ten generate unreasonable or inconsistent content (e.g., the
change of red collar in FreeNoise). Although the FIFO-
Diffusion denoising strategy maintains some content coher-
ence (e.g., the appearance of the cat), the enqueued inde-
pendent Gaussian noise still results in background varia-
tions (e.g., changes in the building behind the pool). In con-
trast, the video generated by our Ouroboros-Diffusion pre-
serves both subject and background consistency effectively,
demonstrating the advantage of using information guidance
within the queue to enhance visual alignment in diffusion.

Multi-Scene Video Generation. Next, we compare our
Ouroboros-Diffusion on the task of multi-scene video
generation. Table 2 details the performance across dif-
ferent baselines on VBench. Ouroboros-Diffusion outper-
forms all baselines in Subject/Background Consistency,
Motion Smoothness, and Temporal Flickering. Specifi-
cally, our approach demonstrates substantial performance
boosts (0.66%∼1.77%) in Subject Consistency. Note that
FreeNoise exploits a noise scheduler for multi-scene video
generation, but it emphasizes on prompt adjustment in dif-
ferent denoising steps for motion injection. Our Ouroboros-
Diffusion differs fundamentally since ours not only inte-
grates subject visual tokens into cross-frame attention for
local alignment but also leverages these moving-averaged
tokens to recurrently optimize video latents, ensuring global
coherence. Our Aesthetic Quality is slightly lower (by
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Model Coherent Tail
Latent Sampling SACFA Self-Recurrent

Guidance
Subject

Consistency↑
Background
Consistency↑

Motion
Smoothness↑

Temporal
Flickering↑

Aesthetic
Quality ↑

A - - - 94.04 96.08 95.88 93.38 59.06
B ✓ - - 95.56 96.66 97.61 95.86 59.61
C ✓ ✓ - 95.71 96.73 97.70 96.00 59.67
D ✓ ✓ ✓ 96.06 96.90 97.73 96.12 59.89

Table 3: Performance contribution of each component (i.e., Coherent Tail Latent Sampling, SACFA and Self-Recurrent Guid-
ance) in Ouroboros-Diffusion on single-scene video generation. For each video, 128 frames are synthesized for evaluation.

Model Motion Smoothness↑ Temporal Flickering↑
Gaussian Noise 95.88 93.38
Head Frame 97.51 95.87

Second-to-Last Frame (Ours) 97.73 96.12

Table 4: Evaluation on the coherent tail latent sampling.

0.09%) than that of FreeNoise. We speculate that this may be
due to a discrepancy between the parallel and diagonal de-
noising approaches (i.e., consistent noise versus inconsistent
noise). This issue could be addressed through model train-
ing, and it shows a direction for our future work. Figure 5
further illustrates the multi-scene long video generation re-
sults of three different approaches. As shown, Ouroboros-
Diffusion successfully generates smoother transitions (e.g.,
scene changes with the astronaut maintaining the same mo-
tion direction) and more consistent visual content (e.g., a
single, identical astronaut rather than two).

5.3 Ablation Study on Ouroboros-Diffusion
In this section, we conduct ablation studies to evaluate the
impact of each design component in Ouroboros-Diffusion
for long video generation. All experiments follow previous
single-scene video generation settings for comparison.

Overall Framework. We first investigate how each com-
ponent of the overall framework impacts the quality of video
generation. Table 3 summarizes the performance results for
single-scene long video generation. When integrating coher-
ent tail latent sampling into the base model (A), a signifi-
cant performance boost (1.52%) is attained by model B in
Subject Consistency. This highlights a weakness of the base
model (i.e., FIFO-Diffusion), where structural information
may be overlooked due to the enqueueing of independent
Gaussian noise at the queue tail. By enhancing subject to-
ken alignment through subject-aware cross-frame attention,
model C outperforms model B across all metrics. Finally,
model D, (i.e., our Ouroboros-Diffusion), achieves the best
performance by recurrently propagating the subject informa-
tion of frames from the queue head to the tail frames for
latent optimization during video denoising.

Coherent Tail Latent Sampling. Next, we present the
performance of different variants explored in the design of
coherent tail latent sampling. Table 4 details the results of
two additional runs:1). enqueueing independent Gaussian
noise at the tail, and 2) replacing the second-to-last frame
with the head frame for latent sampling.

Model Subject Consistency↑ Motion Smoothness↑
w/o Guidance 94.04 95.88
Guidance with λ=1 95.87 97.71
Guidance with λ=0 96.00 97.71

Moving-Average (Ours) 96.06 97.73

Table 5: Evaluation on the self-recurrent guidance.

As expected, independent Gaussian noise yields the
lowest Motion Smoothness. Using the head frame’s low-
frequency component for latent sampling improves it from
95.88% to 97.51%. However, the appearance gap between
queue head and tail latents limits structural guidance. By
adjusting enqueued latents with tail information, Ouroboros-
Diffusion further enhances motion quality.

Self-Recurrent Guidance. We have also analyzed the up-
dating mechanism of the subject feature bank when devising
the self-recurrent guidance. As shown in Table 5, whether
using historic frame guidance (λ=1) or the current frame
guidance (λ=0) at the queue head, there are notable per-
formance improvements in Subject Consistency and Motion
Smoothness. These results highlight the advantage of guid-
ing the denoising process using subject information through
gradient-based adjustments. To achieve better subject con-
sistency in the synthesized video, we implement a moving-
average strategy for feature bank updating, which combines
information from both historic and current subject tokens.
The λ is empirically set as 0.98 in our framework.

6 Conclusions
This paper addresses consistent content generation in
tuning-free long video diffusion. We introduce Ouroboros-
Diffusion, a framework based on the first-in-first-out sam-
pling strategy, which maintains a queue for frame-wise de-
noising. Our approach examines temporal consistency from
two perspectives: structural and subject levels. To materi-
alize this idea, we inject structural information into newly
enqueued Gaussian noise by leveraging the low-frequency
component of latents near the queue tail, thereby enhanc-
ing the consistency of the overall structural layout. At
the subject level, we emphasize short-range consistency
through visual token alignment in cross-frame attention,
while long-range consistency is achieved via latent guid-
ance using subject-aware gradient adjustment. Experiments
on the VBench benchmark validate the effectiveness of
Ouroboros-Diffusion, demonstrating improvements in both
visual quality and motion smoothness.
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