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Abstract. Video generation models based on Diffusion Transformers
(DiTs) have achieved remarkable performance in video synthesis, yet
they suffer from high inference latency and computational costs due to
the quadratic complexity of 3D attention. Existing acceleration meth-
ods primarily reduce computational complexity within each individual
denoising steps through techniques such as sparse attention and KV-
caching. However, they rigidly adhere to the inherent constraint of the
standard diffusion pipeline: every frame in the target video sequence must
be subjected to a complete, dense denoising process across all diffusion
timesteps. We observe that due to the corresponding contents and mo-
tions among adjacent frames, when keyframes with critical semantic tran-
sitions are anchored, the intermediate states of others often follow more
predictable trajectories, which indicates that such uniform, dense denois-
ing process is inherently redundant for natural video data. To this end,
we introduce RhymeFlow, a training-free framework that decouples the
denoising trajectories of different frames. Specifically, we first identify a
sparse set of pivotal key frames that dominate the latent semantic evolu-
tion. Then, only these keyframes undergo dense, step-by-step denoising
to ensure structural integrity, while non-keyframes progressively skip de-
noising steps to minimize computational cost. Since skipped intermediate
states of non-keyframes break the temporal coherence in keyframe de-
noising steps, leading to visual degradation, we further introduce a latent
trajectory projection module, which enables keyframes to interact with a
complete and temporally consistent sequence representation. Extensive
experiments on current DiT-based video generation models demonstrate
our method outperforms existing acceleration baselines with higher in-
ference speed and better visual quality.
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1 Introduction

Video diffusion models [5, 12, 39], particularly those based on DiT architec-
tures [10,26,28], have achieved remarkable success in high-fidelity video synthe-
sis. However, their practical deployment is hampered by a inherent bottleneck:
the quadratic complexity of 3D spatiotemporal attention combined with dozens
of denoising steps creates prohibitive inference costs [7, 19]. To mitigate this,
training-free acceleration methods [24,33,42] have garnered significant attention
due to their compatibility with pre-trained models, which broadly fall into three
categories: KV-cache management [16, 25, 27], model compression via quantiza-
tion or token pruning [2,8,44], and sparse attention mechanisms [36,37,40]. While
these approaches effectively lower the complexity of every individual denoising
step, every video frame is subjected to a dense, stepwise denoising procedure
across the full set of diffusion timesteps.

In this work, we observe that such uniform computational allocation is in-
herently redundant. Due to the overlapping visual contents and continuous mo-
tion trajectory among neighbor frames, video sequences natively exhibit strong
spatiotemporal coherence. Building upon this, we find that once a sparse set of
pivotal keyframes—those capturing critical structural or semantic transitions—is
anchored via step-by-step full attention, the intermediate states of adjacent non-
keyframes often follow highly predictable trajectories in the latent space. Driven
by this predictability, allowing non-keyframes to appropriately skip certain de-
noising steps does not incur noticeable degradation in visual quality. This obser-
vation indicates that applying a uniform, dense denoising schedule to every sin-
gle frame is fundamentally unnecessary. Consequently, designing heterogeneous,
frame-specific denoising schedules presents a promising, yet largely untapped,
potential for video diffusion acceleration.

To this end, we introduce RhymeFlow, a training-free framework that es-
tablishes a new paradigm for video diffusion acceleration with Asynchronous
Denoising Flow Scheduling. Our core insight is to decouple the denoising
trajectories of individual frames and assign heterogeneous schedules accordingly.
Specifically, we first identify a sparse set of pivotal keyframes by detecting se-
mantic shifts in the latent space, ensuring that frames capturing critical transi-
tions are prioritized for high-fidelity generation. Second, we assign heterogeneous
denoising schedules: only these keyframes execute the complete, step-by-step
denoising process to ensure structural integrity and high visual fidelity. In con-
trast, non-keyframes skip designated denoising steps to minimize computational
costs. Third, recognizing that skipped intermediate states invariably break the
temporal coherence required for 3D attention, we introduce a lightweight la-
tent trajectory projection module. This mechanism analytically estimates the
skipped intermediate latents of non-keyframes, which ensures keyframes can at-
tend to a complete and temporally consistent sequence representation at every
step, thereby preserving global consistency without incurring the penalty of full
network evaluation.
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Fig. 1: Different sparse attention-based acceleration methods. (a) Synchronous
Scheduling: Conventional acceleration methods operate within a synchronous frame-
work where all frames are jointly denoised at each timestep. These approaches achieve
efficiency by exploiting intra-step sparsity through techniques such as spatial, tem-
poral, or semantic attention masking. (b) Our Asynchronous Scheduling: Our work
introduces an orthogonal acceleration dimension. Instead of processing all frames uni-
formly, we differentiate between keyframes and non-keyframes. Keyframes undergo a
full, step-by-step denoising process to preserve high fidelity, while non-keyframes are
updated asynchronously, effectively skipping computation at certain timesteps.

2 Related Works

2.1 Video Diffusion Models

Recent years have witnessed the remarkable success of diffusion models [11, 35]
in generating high-fidelity and diverse content. This paradigm has been success-
fully extended from images to the video domain, with Diffusion Transformers
(DiTs) [10,26,28] emerging as the dominant architecture. State-of-the-art open-
source models like Wan 2.1 [34] , CogVideoX [13, 41], and HunyuanVideo [18],
as well as closed-source systems like Sora [3] and Kling, have demonstrated un-
precedented capabilities in generating temporally consistent and visually stun-
ning videos from text or image prompts. These models typically adapt the 2D
spatial attention mechanism to a more computationally intensive 3D spatiotem-
poral attention to capture both the appearance within frames and the motion
across them [1,18,41].

However, this success comes at a great cost. The inference process of these
models is notoriously slow, often requiring hundreds of sequential passes through
a massive transformer network. The 3D attention mechanism, in particular, ex-
hibits quadratic complexity with respect to the number of tokens (pixels ×
frames), making the generation of long, high-resolution videos prohibitively ex-
pensive. This significant computational barrier motivates a strong need for effi-
cient video generation techniques.
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2.2 Efficient Video Generation

To combat the prohibitive inference costs, researchers have explored several av-
enues for acceleration. We categorize these efforts and position our work in re-
lation to them.
Decreasing the Denoising Steps. A primary strategy for accelerating dif-
fusion models is to reduce the number of function evaluations (NFE) required
during sampling. Early models based on stochastic differential equations (SDEs)
required thousands of steps. The introduction of ordinary differential equation
(ODE) solvers, such as Denoising Diffusion Implicit Models (DDIM) [31], and
more advanced solvers like DPM-Solver [22, 23, 48], significantly reduced the
required steps. More recently, methods like Consistency Models [32] and pro-
gressive distillation [30] have been proposed to enable high-quality synthesis
in just a few steps. However, these approaches have two major limitations in
the context of large-scale video models. First, many of them, such as distilla-
tion and consistency training, require costly retraining or fine-tuning, which is
impractical for models with billions of parameters. Second, they apply a uni-
form step-reduction strategy to all frames, treating them as equally important
throughout the denoising process.
Diffusion Model Compression. An orthogonal line of research focuses on
compressing the model itself to reduce the computational cost of each forward
pass. This includes quantization techniques that reduce the bit-width of weights
and activations, such as the W8A8 strategy in Q-Diffusion [21], or even more
aggressive 4-bit schemes [20]. Other approaches involve designing more efficient
model architectures from the ground up or using more compact autoencoders.
Training-free Acceleration via Caching. A recent and related trend in
training-free acceleration involves caching and reusing intermediate results [4,
25, 27, 49, 50]. Methods like DeepCache [27] and FasterCache [25] leverage the
high feature similarity between adjacent denoising steps, avoiding redundant
computation by reusing cached features (e.g., from the UNet’s deeper layers or
KV-cache). These methods are training-free and effectively reduce computation.
Sparse Attention in LLMs and Video. The quadratic complexity of the at-
tention mechanism has motivated extensive research into sparse attention, par-
ticularly in Large Language Models (LLMs). Methods like StreamingLLM [38]
and H2O [46] identify that attention scores are often concentrated on a small
subset of "heavy-hitter" or local tokens. This concept has been adapted for video
diffusion. For instance, the proposed frameworks SVG [36] and SAP [40], per-
form an in-depth analysis of attention patterns in Video DiTs, classifying heads
into Spatial and Temporal types and applying structured sparse masks accord-
ingly. While highly effective, these methods focus on optimizing the computation
within a single denoising step by reducing the number of token-to-token inter-
actions. Instead of making the attention matrix sparse, RhymeFlow skips the
entire forward pass for certain frames at certain steps, optimizing the denoising
trajectory over time. This makes our asynchronous denoising flow scheduling
paradigm orthogonal to intra-step sparsity.
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3 Method

In this section, we preform a detailed introduction of RhymeFlow, a training-
free acceleration framework for video diffusion models. Our approach re-envisions
the denoising process by assigning different denoising schedule to different frames.
We first classify keyframes and non-keyframes based on the latent semantic evo-
lution. After the warm-up denoising stages, we propose a progressive skip strat-
egy, where non-keyframes skip less steps at high noise levels and skip more steps
at low noise levels. To maintain the temporal coherence of natural video data,
we further present a latent trajectory projection mechanism to enable keyframes
to interact with non-keyframes at the denoising steps that they skip.

3.1 Sequential Keyframe Selection

To alleviate the prohibitive inference latency and excessive computational cost of
prevailing video generation models while preserving the temporal continuity and
semantic integrity of the generated sequence, we design a lightweight, content-
aware sequential key frame selection scheme to identify representative frames
that dominate the semantic transitions of the entire video.

Supposing that the video representation in the diffusion latent space consist
of N latent frames, we denote the noisy latent of the i-th frame at the current
denoising timestep t as z

(i)
t (1 ≤ t ≤ N). Since the raw noisy latents are heavily

corrupted by noise and lack distinct structural information, we perform a single-
step denoising prediction to estimate the fully denoised clean latent, denoted as
ẑ
(i)
0 . These predicted clean latents provide a structurally clearer and more robust

proxy for evaluating frame-wise correlations.
Based on the clean latent frames, we conduct the selection procedure in a

strictly sequential manner along the temporal axis of the target video. Previous
studies [6,9,17,29] have comprehensively demonstrated that the initial frame of
a video sequence acts as the fundamental semantic and visual anchor for subse-
quent frame synthesis, and plays an irreplaceable role in maintaining long-range
temporal consistency and semantic fidelity throughout the generated video. In
light of this, we initialize the set of selected key frames K = {ẑ(i)0 } with the
initial frame of the target sequence. Subsequently, we traverse all subsequent
candidate frames in chronological order. For each candidate latent frame ẑ

(j)
0 ,

we compute the pairwise similarity sim(ẑ
(j)
0 , ẑ

(k)
0 ) between the candidate frame

and the identified nearest preceding key frame ẑ
(k)
0 ∈ K. The update rule of the

key frame set is written as:

K ←

{
K ∪ {ẑ(j)0 }, if ψsim(ẑ

(j)
0 , ẑ

(k)
0 )) < τ

K, otherwise
(1)

where ψsim is defined as the cosine similarity function, and τ is a pre-defined
threshold.
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Fig. 2: Pipeline. (a) Warm-up Stage: All frames are processed uniformly via syn-
chronous updates for the initial Tw steps. (b) Asynchronous Scheduling: After
warm-up, keyframes are selected. The pipeline transitions to an asynchronous sched-
ule: keyframes are fully updated to preserve critical details, while non-keyframes are
sparsely processed to accelerate generation. (c) Synchronous Step: A standard full-
attention mechanism is applied during warm-up and at "Rhythmic Points" to synchro-
nize all latent frame representations. (d) Asynchronous Step: We introduce latent
trajectory projection to efficiently estimate the skipped states of non-keyframes, pro-
viding the temporal context required for keyframes to attend to the full sequence.

3.2 Asynchronous Denoising Flow Scheduling

We design a heterogeneous denoising schedule where keyframes and non-keyframes
are updated at different time-steps.

Initial Synchronous Warm-up. The generation process commences with a
synchronous warm-up stage that spans the initial Tw denoising steps. This foun-
dational phase is critical, as the early steps of the diffusion process are primarily
responsible for establishing the global compositional structure, motion priors,
and color palette of the nascent video. Bypassing full computation during this
period can introduce severe, often irrecoverable, artifacts and quality degrada-
tion. Consequently, for the initial Tw steps (i.e., from timestep t = T down to
t = T − Tw), all N latent frames are updated simultaneously. The update for
each latent frame zit to zit−1 proceeds using the standard, unmodified denoising
function with full attention, as illustrated in Figure 2 (a).

Progressive Asynchronous Scheduling. The reverse diffusion process ex-
hibit strong non-uniformity along the timestep axis. The early stages, character-
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ized by high noise levels (large t), are dedicated to establishing the fundamental,
low-frequency structure of the video, such as global composition and object
forms. In this phase, the denoising trajectory is highly sensitive and less pre-
dictable, making these steps foundational to the final output quality. Conversely,
the later stages (small t) primarily involve the refinement of high-frequency de-
tails, where the latent trajectory becomes significantly smoother and thus more
predictable.

A static step-skipping stride cannot adapt to optimally navigate this evolv-
ing dynamic. An aggressive stride risks irrecoverable damage to the foundational
structure in the early stages, while a conservative stride would forgo significant
efficiency gains in the predictable later stages. To strike a deliberate balance
between computational efficiency and generative fidelity, we introduce a Pro-
gressive Asynchronous Scheduling strategy. This approach adaptively increases
the skipping stride for non-keyframes as the denoising process advances.

We implement this strategy with a simple, yet effective, piecewise schedule
for the skip stride, nskip, as a function of the current timestep t:

nskip(t) =

{
nsmall, if Tmid < t ≤ T − Tw
nlarge, if t ≤ Tmid

(2)

where Tmid is a mid-point hyperparameter (e.g., T/2), and nsmall < nlarge are
integer stride values (e.g., nsmall = 2, nlarge = 3). This schedule intelligently
allocates computational resources where they are most critical, thereby achieving
a near-optimal trade-off between acceleration and the perceptual quality of the
final generated video.

Asynchronous Denoising Step. Following the warm-up stage, RhymeFlow
transitions into an asynchronous denoising schedule characterized by heteroge-
neous computational trajectories for different frame categories:

– Keyframes are updated via a standard single-step denoising process, ad-
vancing their state from z

(k)
t to z

(k)
t−1. This ensures they maintain fidelity.

– Non-keyframes are projected forward multiple steps in a single computa-
tion. Their state is advanced directly from z

(k)
t to z

(k)
t−nskip

, thereby bypassing
the intermediate denoising steps and accelerating the generation process.

Since keyframes and non-keyframes progress with staggered strides, they pe-
riodically coincide at specific timesteps, which we define as Rhythmic Points. At
these points, the framework executes a full synchronous update, wherein the
latent representations of all frames engage in global 3D attention. This periodic
re-synchronization provides a comprehensive contextual foundation, critical for
maintaining global video coherence. Moreover, Rhythmic Points function as com-
putational checkpoints where the trajectories of non-keyframes are recalibrated
against the high-fidelity keyframe anchors. Such a mechanism effectively bounds
the error accumulation inherent in prolonged step-skipping, ensuring that accel-
eration does not compromise temporal consistency or perceptual quality.
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However, a fundamental challenge arises during the intermediate steps τ ∈
[t−nskip +1, t− 1], a keyframe z

(k)
τ ∈ K must be updated. This update requires

attention context from all other frames at the target timestep τ . The central
challenge arises here: a non-keyframe z

(j)
τ has been fast-forwarded to t − nskip,

meaning its latent states for any intermediate timestep τ are not explicitly com-
puted and do not exist.

Latent Trajectory Projection. Inspired by the linear nature of ODE trajec-
tories in Rectified Flow, we analytically project an approximation of the missing
latent state. For a non-keyframe j that was last updated at tstart to obtain
z
(j)
tend

, we can project its latent state ẑ
(j)
τ at the intermediate time t via linear

interpolation in the latent space:

ẑ(j)τ = (1− α) · z(j)tstart
+ α · z(j)tend

, α =
tstart − τ
tstart − tend

(3)

This projection is computationally trivial yet provides a robust estimate of the
intermediate state. Following this latent projection, we can then compute the
required Key and Value vectors, K̂(j)

τ and V̂
(j)
τ , on-the-fly.

With this mechanism, we define the logic for a keyframe update: it attends
to the true states of other keyframes and the projected states of non-keyframes.
A non-keyframe only performs its update at its designated, less frequent steps.

KV-Cache Management. Our asynchronous denoising schedule necessitates
a specialized KV-cache mechanism fundamentally distinct from causal autore-
gressive approaches. We introduce a per-layer rolling cache C(f)ℓ for each DiT
layer ℓ that stores the two most recent attention outputs for each non-keyframe
ẑ: h(ℓ,ẑ)

t1 and h
(ℓ,ẑ)
t2 at timesteps t1 > t2, along with their temporal indices. Crit-

ically, we cache the post-attention hidden states rather than input key-value
pairs, as these representations have already integrated full-frame contextual in-
formation. When a keyframe requires context from a non-keyframe at a skipped
timestep τ ∈ (t1, t2), we employ latent trajectory projection. These interpolated
representations serve as transient key-value providers for the current attention
operation and are immediately discarded thereafter, eliminating persistent stor-
age of intermediate states.

3.3 Orthogonality to Intra-step Sparsity

A notable advantage of RhymeFlow is its orthogonality to existing intra-step
sparse attention techniques. This orthogonality stems from operating on differ-
ent dimensions of the computational workload. Methods like SVG [36] target
intra-step efficiency, optimizing how tokens interact within a single attention
computation, while our method addresses inter-step efficiency, determining
which frames participate in the computation at each denoising step. This fun-
damental distinction allows the two approaches to be synergistically combined
for enhanced acceleration performance.
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Table 1: Quantitative evaluation of the efficiency-fidelity trade-off on Wan
2.1. We investigate the impact of warm-up timesteps (Tw) and the number of keyframes
(M). Our optimal default configuration is highlighted in bold.

Method Similarity Metrics Video Quality Efficiency

Tw M PSNR ↑ SSIM ↑ LPIPS ↓ SubCon. ↑ ImgQual. ↑ Lat.(s) ↓ Speedup ↑

Original - - - 0.9102 0.6946 993.5 -

6 3 20.998 0.615 0.206 0.8460 0.6099 607.2 1.64×
6 4 22.588 0.617 0.196 0.8478 0.6362 642.0 1.55×
6 5 25.669 0.657 0.184 0.8536 0.6883 682.0 1.46×

8 3 23.742 0.721 0.182 0.8601 0.6344 621.6 1.60×
8 4 26.291 0.783 0.168 0.8831 0.6706 650.4 1.53×
8 5 27.707 0.812 0.162 0.8896 0.6902 712.8 1.39×

10 3 24.006 0.742 0.169 0.8818 0.6714 630.8 1.57×
10 4 26.636 0.817 0.164 0.8838 0.6819 670.3 1.48×
10 5 28.061 0.816 0.161 0.8911 0.6919 738.1 1.35×

To illustrate, consider an intra-step method like SAP that constructs a token-
level sparse attention mask, MSAP. Concurrently, our framework generates a
distinct frame-level mask, MRhyme, which dictates the set of active and inactive
frames for a given step. A hybrid, highly efficient attention mechanism can be
formulated by computing the element-wise product of these two masks:

Mcombined = MRhyme ⊙MSAP (4)

The resulting mask, Mcombined, imposes a hierarchical sparsity. It first prunes
the extensive computations corresponding to skipped non-keyframes (as dictated
by MRhyme) and then further sparsifies the attention calculations among the
remaining active frames based on the token-level patterns in MSAP. This fusion
of inter-step and intra-step strategies unlocks compounded acceleration gains,
paving the way for even more efficient video generation models.

4 Experiments

4.1 Experimental Settings

Models. To validate the effectiveness of our proposed framework, we integrate it
into two prominent open-source text-to-video (T2V) generation models: Wan2.1-
T2V-v1.3B-Diffusers [34] and CogVideoX-v1.5-T2V [41]. Both models are con-
figured to produce videos of 81 frames at 720p resolution. The architectural
specifics of these models are noteworthy: in its latent space, Wan 2.1 operates
on 21 latent frames, with each frame represented by 3600 tokens post 3D-VAE
processing. In contrast, CogVideoX-v1.5 utilizes a 3D full attention mechanism
over 11 frames, where each frame corresponds to 4080 tokens after its 3D-VAE.
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Fig. 3: Qualitative visual comparisons. Frame sequences generated by the stan-
dard dense attention baseline versus our RhymeFlow. The top two examples are pro-
duced by Wan 2.1, while the bottom two are from CogVideoX-v1.5.

Metrics. We evaluate our method across two primary dimensions: genera-
tion fidelity and computational efficiency. To quantify fidelity preservation, we
compare the accelerated outputs against the unaccelerated baselines using stan-
dard pixel-level and perceptual metrics: Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity (SSIM), and Learned Perceptual Image Patch Similarity
(LPIPS). Additionally, we assess the visual quality of the generated videos using
VBench [14], focusing on critical aspects such as subject consistency and imaging
quality. Finally, to demonstrate computational efficiency, we report the average
inference latency of diffusion process alongside the corresponding speed-up ratio.

Baselines. To contextualize the performance of RhymeFlow, we conduct a
comparative analysis against several state-of-the-art (SOTA) training-free ac-
celeration methods. Our baselines include SpargeAttn [45], MInference [15],
Pyramid Attention Broadcast (PAB) [47], Sparse VideoGen (SVG) [36], and
Semantic-Aware Permutation (SAP) [40]. For a fair comparison, we adopt the
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Table 2: Quality and efficiency benchmarking on Wan 2.1 and CogVideoX-
v1.5.

Method Quality Efficiency

PSNR ↑ SSIM ↑ LPIPS ↓ SubCon. ↑ ImgQual. ↑ Lat.(s) ↓ Speedup ↑

Wan 2.1 - - - 0.9102 0.6946 993.5 -

SpargeAttn [45] 20.399 0.613 0.393 0.8632 0.7118 719.7 1.38×
SVG [36] 22.419 0.694 0.290 0.8758 0.6913 708.0 1.40×
SAP [40] 24.454 0.730 0.223 0.8789 0.6837 608.5 1.63×
Ours 26.291 0.783 0.168 0.8831 0.6706 650.4 1.53×
Ours + SAP 24.586 0.737 0.221 0.8792 0.6806 596.8 1.66×

CogVideoX-v1.5 - - - 0.987 0.624 625.0 -

MInference [15] 22.490 0.743 0.264 0.874 0.589 422.3 1.48×
PAB [47] 23.230 0.782 0.145 0.978 0.573 443.3 1.41×
SVG [36] 24.130 0.811 0.171 0.982 0.597 385.8 1.62×
Ours 26.890 0.852 0.142 0.986 0.623 351.1 1.78×
Ours + SAP 25.574 0.821 0.157 0.972 0.609 323.8 1.93×

Table 3: Quality and efficeincy benchmarking on HunyuanVideo.

Method PSNR ↑ SSIM ↑ LPIPS ↓ Latency (s) ↓ Speedup ↑

SVG [36] 21.17 0.684 0.392 3459 1.92 ×
SAP [40] 24.64 0.904 0.068 2634 2.52 ×
EasyCache [50] 23.51 0.861 0.119 2850 2.33 ×
DiCache [4] 23.54 0.860 0.114 2814 2.36 ×
VGDFR [43] 19.49 0.779 0.199 3019 2.20 ×
Ours 26.34 0.918 0.060 2939 2.26 ×
Ours+SAP 25.01 0.910 0.068 2555 2.60 ×

official hyperparameter configurations provided by the authors for their respec-
tive text-to-video generation tasks. All experiments are executed on a single
NVIDIA A800 GPU to ensure a consistent hardware environment.

Implementation Details. Our text-to-video generation experiments utilize
prompts sourced from the Penguin Benchmark, which have been refined through
the prompt optimization process detailed in VBench [14]. The core hyperparam-
eters are configured as follows: the duration of the warm-up stage, Tw, is set to
8 steps, and the total number of keyframes, M , is 4. For the progressive asyn-
chronous scheduling, the update strides are defined as nsmall = 2 and nlarge = 3.

4.2 Trade-off Analysis of Scheduling Parameters

Varying the warm-up duration (Tw) and keyframe budget (M) inherently trades
acceleration for generation quality (Table 1). Increasing Tw strengthens the
global structure, while a larger M reduces error accumulation via more frequent
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Table 4: Ablation on key frame selection strategy.

Setup PSNR ↑ SSIM ↑ LPIPS ↓ Latency ↓ Speedup ↑

Original - - - 993.5 -

Random 20.630 0.525 0.383 650.0 1.53×
First 19.220 0.515 0.402 651.0 1.53×
Uniform 24.293 0.643 0.183 649.0 1.53×
Ours 26.291 0.783 0.168 650.4 1.53×

Table 5: Ablation study on Architectural Components.

Method PSNR ↑ SSIM ↑ LPIPS ↓ Latency ↓ Speedup ↑

Original - - - 993.5 -

w/o Progressive 25.399 0.753 0.172 708.0 1.40×
w/o Projection 20.630 0.525 0.383 622.2 1.60×
Ours 26.291 0.783 0.168 650.4 1.53×

high-fidelity temporal anchors. For instance, at a fixed Tw = 8, raising M from 3
to 5 boosts PSNR from 23.742 to 27.707 and SSIM from 0.721 to 0.812, though
speedup drops from 1.60× to 1.39×. We identify Tw = 8 and M = 4 as the
optimal default configuration. This setting preserves strong fidelity (ImgQual.
0.6706, SubCon. 0.8831) comparable to the dense model, while delivering a sub-
stantial 1.53× inference speedup (650.4s vs. 993.5s).

4.3 Comparison with State-of-the-Art Methods

We benchmark RhymeFlow against several training-free acceleration methods
on Wan 2.1 [34] and CogVideoX-v1.5 [41]. To ensure fairness, baselines are se-
lected based on official architectural compatibility (e.g., SAP [40] on Wan 2.1;
MInference [15] and PAB [47] on CogVideoX-v1.5).

Quantitative Evaluation. As detailed in Table 2, RhymeFlow establishes
a superior efficiency-quality trade-off. On Wan 2.1, it achieves a high PSNR
of 26.291 and SSIM of 0.783 with a 1.53× speedup, outperforming intra-step
(SpargeAttn [45]) and standalone (SVG [36]) methods. On CogVideoX-v1.5,
it attains a leading 1.78× speedup while preserving a 0.986 SubConsistency.
Furthermore, on high-dynamic HunyuanVideo [18] clips (Table 3), our method
outperforms cache-based alternatives (EasyCache [50], DiCache [4]) across all
visual metrics. Combined with SAP (Ours+SAP), our approach achieves the
lowest latency and highest speedup.

Orthogonality & Synergistic Combination. Our inter-step scheduling
is inherently orthogonal to intra-step sparse attention methods (Section 3.3). We
evaluate a hybrid Ours + SAP approach, relaxing SAP’s [40] sparsity ratio from
0.3 to 0.5 to avoid information bottlenecks caused by concurrent acceleration.
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Table 6: Ablation study on KV-Cache management.

Method Latency (s) ↓ Speedup ↑ Average Memory (GB) ↓ Peak Memory (GB) ↓

Original 993.5 1.00× 24.4 44.3

w/o KV-Cache 653.6 1.52× 27.1 49.9
Ours 650.4 1.53× 21.5 42.6

Table 7: Latent-state analysis against dense sampler on Wan 2.1.

Variant PSNR ↑ Ekeyframe ↓ Enon-keyframe ↓ Eprojected-nonkeyframe ↓ Speedup ↑

Ours (full) 27.70 0.0019 0.0022 0.0018 1.44×
w/o latent projection 24.44 0.0190 0.0029 0.0240 1.55×
w/ keyframe-only attention 24.37 0.0043 0.0045 0.0490 1.69×

This synergy yields the fastest speeds (1.66× on Wan 2.1, 1.93× on CogVideoX-
v1.5) with better quality than the standalone SAP baseline.

Qualitative Results. Figure 3 visually confirms our quantitative superior-
ity. Across diverse scenarios—including human portraits, cityscapes, and high-
dynamic motion—RhymeFlow flawlessly maintains the intricate textures, light-
ing, and motion dynamics of the dense baseline, avoiding the flickering or blurring
artifacts common in aggressive acceleration.

4.4 Ablation Study

We conduct extensive ablations to validate our design choices on Wan 2.1 [34].
Keyframe Selection. We compare our content-aware strategy against heuris-

tic allocations (Random, First, and Uniform) with M = 7 (Table 4). While
Uniform provides basic temporal coverage (PSNR 24.293), it ignores semantic
shifts. By dynamically placing anchors where substantial latent changes occur,
our method boosts SSIM (0.643 → 0.783) and lowers LPIPS (0.183 → 0.168).

Architectural Components & Projection. Table 5 isolates our core de-
signs. Replacing progressive scheduling with a fixed skip (w/o Progressive) di-
minishes both speedup (1.53× → 1.40×) and PSNR (26.291 → 25.399). Omit-
ting trajectory projection (w/o Projection) deprives the model of dense temporal
context, triggering a severe quality collapse (PSNR drops to 20.630). As plotted
in Figure 4 and Table 7, the near-straight trajectories of flow matching keep
linear-projection errors small; removing this projection or non-keyframe context
sharply increases latent errors.

Efficacy of KV-Cache Management. Table 6 highlights the necessity
of our per-layer rolling cache. While native skipping (w/o KV-Cache) matches
our 1.53× speedup, it retains historical states for future projections, bloating
peak VRAM to 49.9 GB (exceeding the dense model’s 44.3 GB). Our KV-cache
management instantly discards transient features, bounding peak memory to an
accessible 42.6 GB without sacrificing acceleration.



14 C. Dai et al.

Keyframe Latent-State Error Non-Keyframe Latent-State Error

Point Type

Denoising Step Denoising Step

L
at

en
t-

S
ta

te
 M

S
E

Fig. 4: The error analysis of the latent projection on high-dynamic videos.

Table 8: Double-blind user study results (%).

Metric Ours v.s. SVG Ours v.s. SAP Ours v.s. Dense

Ours Tie Opp. p-Value Ours Tie Opp. p-Value Ours Tie Opp. p-Value

Visual Quality 51.2 18.3 30.5 .025 74.4 14.6 11.0 <.001 18.3 53.7 28.0 .256
Temporal Coherence 53.7 25.6 20.7 <.001 78.0 12.2 9.8 <.001 18.3 58.5 23.2 .608
Perceptual Preference 51.2 23.2 25.6 .006 79.3 12.2 8.5 <.001 15.9 56.1 28.0 .133

4.5 User Study

We conducted a double-blind user study with 82 participants for human pref-
erence evaluation (Table 8). We computed p-values using binomial tests (ex-
cluding ties), applying one-sided tests against baselines and a two-sided test
against Dense. Our method outperforms both SVG and SAP (p < .05) across
visual quality, temporal coherence, and perceptual preference. Against the Dense
model, differences are statistically insignificant (all p > .10), confirming no per-
ceived loss of generation quality compared to the unaccelerated baseline.

5 Conclusion

We present RhymeFlow, a training-free acceleration framework for video dif-
fusion models. By replacing uniform denoising with intelligent, content-aware
scheduling, RhymeFlow enables scalable and accessible high-resolution video
generation. Furthermore, its inherent orthogonality to existing token-level com-
pression methods (e.g., sparse attention, quantization) allows for compounded
efficiency gains. Future work will explore learned, scene-adaptive scheduling func-
tions to further optimize this paradigm.
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