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Figure 1. Overview of FlowBlending. The videos in each column are generated from the same initial noise and text prompt, but with
different model allocation strategies. FlowBlending assigns a large model to process early and late denoising stages—establishing global
structure and refining details, respectively— and assigns a small model to process intermediate denoising stages, where velocity divergence
between the two models is minimal. This approach preserves visual fidelity of the large model while reducing computation.

Abstract

In this work, we show that the impact of model capacity
varies across timesteps: it is crucial for the early and late
stages but largely negligible during the intermediate stage.
Accordingly, we propose FlowBlending, a stage-aware
multi-model sampling strategy that employs a large model
and a small model at capacity-sensitive stages and inter-
mediate stages, respectively. We further introduce simple
criteria to choose stage boundaries and provide a velocity-
divergence analysis as an effective proxy for identifying
capacity-sensitive regions. Across LTX-Video (2B/13B) and
WAN 2.1 (1.3B/14B), FlowBlending achieves up to 1.65x
faster inference with 57.35% fewer FLOPs, while maintain-
ing the visual fidelity, temporal coherence, and semantic
alignment of the large models. FlowBlending is also com-
patible with existing sampling-acceleration techniques, en-
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abling up to 2x additional speedup. Project page is avail-
able at: hitps://jibin86.github.io/flowblending project_page

1. Introduction

Recent advances in diffusion-based video generation have
significantly improved visual fidelity and temporal coher-
ence [1, 2,4, 6,11, 14, 15, 18, 21, 42, 43]. However, these
gains come with substantial computational cost due to the
iterative denoising process and the increasing size of mod-
ern video diffusion models. While sampling acceleration
has been extensively explored in text-to-image diffusion,
progress on accelerating video diffusion has been limited.
Existing methods for accelerating diffusion sampling
generally fall into two categories. One line of work ac-
celerates sampling by sampling-step reduction algorithm,
for example through improved numerical solvers or trajec-
tory approximations [19, 28, 29, 32, 38]. Another direction
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distills the diffusion process into a smaller number of for-
ward passes, aiming to match full-sampling performance
with significantly fewer steps [7, 10, 16, 20, 23, 31, 35—
37, 46, 48]. However, both strategies predominantly assume
that all timesteps require the same model capacity, either
by applying a single model uniformly across the denoising
schedule or by compressing the entire model into a single
distilled variant.

This leads to a fundamental question: Do we truly need a
large model for every diffusion step? Notably, many recent
video diffusion models are released in multiple capacity
variants, e.g., LTX-Video[11] (2B / 13B) and WAN 2.1[42]
(1.3B / 14B). Small models are significantly faster, but their
visual quality is typically inferior, and they often fail to
preserve semantic details. As illustrated in Figure 1, the
WAN 2.1 small model (3.1 PFLOPs) struggles to accu-
rately follow text prompts and often produces distorted or
collapsed objects, despite its substantial efficiency advan-
tage. In contrast, the large model, though computationally
expensive, generates temporally coherent and semantically
faithful videos. This disparity between large and small mod-
els highlights an opportunity: instead of uniformly apply-
ing high capacity across all timesteps, one may allocate the
large model only where it provides the greatest benefit.

In this work, we make a key empirical observation in-
spired by the characteristics of the sampling process in
video diffusion: model capacity is not uniformly impor-
tant across timesteps. By evaluating the large and small
models across multiple schedules, we find that: The early
denoising stage influences global structure and motion,
where the large model capacity yields noticeably better
structure and semantic alignment than the small model. In
addition, the late denoising stage refines high-frequency de-
tails and remove artifacts, again benefiting from the expres-
siveness of the larger model. In contrast, we demonstrate
that the intermediate denoising stage admits substantial ca-
pacity reduction, as the small model yields outputs nearly
identical to those of the large model.

These findings indicate that certain stages of the sam-
pling process are substantially more capacity-sensitive than
the others. Building on this insight, we propose FlowBlend-
ing, where the large model is used only in the early and
late denoising stages, while the small model handles the
majority of intermediate denoising stage. As shown in Fig-
ure |, this approach preserves the visual quality of the large
model while reducing computational cost a lot. Notably, our
method requires no additional training, distillation, or ar-
chitectural modification, and is complementary to existing
acceleration techniques.

Furthermore, to identify when each model should be
used, we introduce simple and practical strategies: seman-
tic similarity between latents and a quantitative indicator of
fine-detail quality. These strategies enable efficient capac-

ity allocation while maintaining generation quality that is
nearly indistinguishable from the large model.

In addition, we provide extensive experiments together
with a velocity divergence analysis, which offers further in-
sight into the sampling process and suggests a principled
way to identify the early and late stage boundaries.

Across two open-source video diffusion models, LTX-
Video (2B / 13B) and WAN 2.1 (1.3B / 14B), our stage-
aware multi-model sampling achieves up to 1.65x faster
inference with 57.35% FLOPs , while preserving the per-
formance of the large model in visual fidelity, temporal co-
herence, and semantic alignment. In addition, our approach
is orthogonal to existing acceleration methods, allowing up
to an additional 50% FLOPs reduction when combined with
complementary techniques.

2. Related work

Background: flow matching Within the great success of
diffusion models [13, 39], flow matching [24, 25, 40] has
emerged as a widely adopted framework for modern gen-
erative modeling [9, 11, 22, 42]. Flow matching transfers
the source distribution pg (e.g., Gaussian noise) to the tar-
get distribution p; (e.g., data distribution) by learning a ve-
locity field v;(x; @) with a neural network 6. According to
conditional flow matching (CFM), an intermediate latent
z; = (1 — t)zg + tz; is formed at each timestep ¢ and
the network 6 is trained using the optimal transport CFM
(OT-CFM) loss:

I
ey
The learned v,(-; ) progressively transfers the randomly
sampled zp ~ N(0,1) into z; by solving ordinary differen-
tial equation (ODE) with the number of function evaluations
(NFE) where flow step ¢ € [0, 1].

Lerm(9) = By g(z1), p(zo) Ve (1 — )20 + t21) — (21 — 20)

Acceleration of diffusion models Diffusion models in-
herently suffer from high computational cost due to the
large number of denoising steps required during sampling
process. One line of work aims to mitigate this by employ-
ing more efficient numerical solvers, which substantially re-
duce the number of function evaluations (NFE) without ad-
ditional training [19, 28, 29, 32, 38]. Another major direc-
tion focuses on step distillation [7, 10, 16, 20, 23, 31, 35—
37, 46, 48], which compresses multi-step sampling into
a smaller number of steps. Recently, several extensions
have been proposed for video diffusion models as well
[8, 44, 45, 49, 52], though these approaches typically re-
quire costly retraining. These two lines of research are
largely orthogonal to our approach, as we focus on switch-
ing between models of different capacities during the sam-
pling process rather than reducing the number of steps or
retraining the model.



Multi-model sampling Yang et al. [47] showed that
model capacity needs differ across timesteps in image diffu-
sion, while Liu et al. [26] and Pan et al. [33] proposed mix-
ing or allocating image models of varying sizes to different
steps. However, their image-based analysis does not extend
to video diffusion, where we find the opposite trend: large
models are crucial in the early stage to establish structure
and coherent motion.

3. Stage-aware multi-model sampling

A key challenge in accelerating video diffusion is to retain
the generative performance of a high-capacity model while
substantially reducing computational cost. Instead of mod-
ifying the sampling algorithm or retraining via distillation,
we aim to reuse the existing large and small models as-is,
allocating them across the sampling process. In other words,
we frame this as a capacity allocation problem:

How can we preserve the quality of the large model
while using the small model wherever possible?

Although the large model consistently yields higher fi-
delity, using it across all timesteps is prohibitively expen-
sive. If we can identify the denoising timesteps where the
small model’s updates closely match those of the large
model, we can safely replace the large model during those
timesteps without degrading structure, motion dynamics, or
identity consistency.

In the following sections, we analyze how model capac-
ity contributes differently across the sampling process. In
Section 3.1, we demonstrate that the early stage primarily
governs global structure and coarse motion, where the ex-
pressive capacity of the model plays a critical role. Then, in
Section 3.2, we show that the late stage is responsible for re-
fining high-frequency details and resolving artifacts, again
benefiting from the representational strength of the larger
model. Finally, in Section 3.3, we introduce our method that
leverages both characteristics.

3.1. Early structure formation

Our goal is to replace portions of the sampling process with
the small model while retaining the large model’s perfor-
mance. We posit that key quality factors, such as visual
fidelity, temporal coherence, and semantic alignment, are
largely shaped in the early stage of the denoising process.
We verify it in the video diffusion model via a simple but
illustrative ablation.

Figure 2 compares four sampling schedules for WAN-
2.1 (14B model as L, 1.3B as S): LLL (large-only), LSS
(large—small), SLL (small—large), and SSS (small-only),
where each letter denotes which model is used for a prede-
fined segment of the timestep schedule.

As expected, LLL yields coherent global structure and
strong alignment with the prompt. Remarkably, LSS, where
the large model is used only during the earliest timesteps,

“A jellyfish floating through the ocean, with bioluminescent tentacles”
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Figure 2. Effect of model capacity during early denoising stage.
Comparison of WAN-2.1 sampling schedules (L = 14B, S = 1.3B).
LSS (large only in early steps) closely matches LLL (large-only)
in structure and motion, while SSS (small-only) exhibits tempo-
ral inconsistency and semantic misalignment. SLL (small only in
early steps) likewise produces structure and motion patterns highly
similar to SSS. This shows that the early stages are crucial for es-
tablishing global semantic and structural attributes.

produces nearly identical structure, motion coherence, and
semantic consistency to LLL. In contrast, SSS fails to gen-
erate videos consistent with the text prompt, often produc-
ing drifting motion or incorrect object identity. Even SLL,
which applies the large model after the initial steps, behaves
similarly to SSS and struggles to recover correct semantics
once the early structure formation has been misaligned.

These results indicate that the early stage is capacity-
sensitive: The large model is critical for establishing coarse
structure-level and motion-level attributes. Once the large
model establishes the coarse structure, the small model can
successfully take over the denoising process with minimal
degradation in perceptual quality. We further provide the
quantitative experiment in Section 4.2.

3.2. Late refinement

While LSS preserves global structure, motion, and seman-
tics, we find that it may introduce subtle artifacts during
the later denoising stage. These artifacts typically appear
as spatial distortions or temporal flicker, which do not af-
fect the overall structure but noticeably degrade perceptual
quality.

Figure 3 illustrates this effect by comparing LLL (large-
only), LSS (large—small), and LSL (large—small—large).
Here, LSS uses the large model only during the early stage,
while LSL reintroduces the large model exclusively in the
final few timesteps.

As discussed in the previous subsection, LSS remains
visually close to LLL in terms of coarse structure and mo-



Figure 3. Late stage ablation: LLL vs. LSS vs. LSL. LSS pre-
serves global structure similar to LLL but exhibits some artifacts.
Reintroducing the large model only during the late stage (LSL)
restores detail and reduces flicker, demonstrating that the late de-
noising stage is capacity-sensitive. Notably, the LSL schedule at-
tains quality nearly indistinguishable from LLL while retaining the
efficiency benefits of using the small model for most of the trajec-
tory. Please zoom in to view the figures in detail.

tion. However, it fails to resolve high-frequency artifacts.
In contrast, LSL successfully suppresses late stage distor-
tions and restores fine detail. This indicates that the role of
the large model in the late stage is not structure formation
(which is already established early), but artifact correction
and detail refinement. We therefore argue that the late stage
is capacity-sensitive once again. We further provide the
quantitative experiment in Section 4.3.

3.3. Stage-aware multi-model sampling

Based on these observations, we propose FlowBlending
(LSL), which allocates model capacity according to the sen-
sitivity of each stage in the denoising process. The large
model is used only during the early and late stages, where
global structure formation and detail refinement are critical,
while the small model handles the capacity-tolerant inter-
mediate stage. This simple yet effective scheduling achieves
near-large-model quality with reduced computation.

In the next section Section 4, we provide a quantitative
evaluation of this strategy, analyzing its trade-offs across
model blendings. We further describe how we determine the
optimal boundaries of the early and late stages, inspired by
the analysis between large and small models.

4. Experiment

4.1. Experimental setup

We evaluate the proposed sampling schedule on two repre-
sentative open-source video diffusion models: LTX-Video

Schedule DINO Sim? CLIP Sim? LPIPS| PSNR?T

LLL (Large-only) 100.00 100.00 - -

LSS (Early-large, then small) 95.74 96.97 2.76 24.30
SLL (Early-small, then large) 65.58 81.10 30.49 12.62
SSS (Small-only) 65.01 80.87 30.54 12.59

Table 1. Similarity to large-model baseline. We report cosine
similarity of DINO embeddings and CLIP embeddings, LPIPS,
and PSNR averaged per-frame across the evaluation set. LSS re-
mains close to LLL, indicating that early use of the large model
preserves global semantics, while SSS diverges significantly.

[11] (2B / 13B) and WAN 2.1 [42] (1.3B / 14B). Evalua-
tions are conducted on the PVD [3] and VBench [17]. We
report FID [12] and FVD [41] using 284 generated samples,
and four VBench metrics, Aesthetic Quality, Background
Consistency, Subject Consistency, and Motion Smoothness,
using 355 generated samples. We follow the default settings
from each official repository. To quantify computational ef-
ficiency, we report the runtime and FLOPs of DiT blocks
per generated video. Runtime for LTX-Video is measured
on a NVIDIA A6000 GPU, and runtime for WAN 2.1 is
measured on a NVIDIA A100 GPU. Please refer to Ap-
pendix A for more details.

4.2. Analysis of the early stage

In Section 3.1, we show that applying the large model only
in the early stage is sufficient to establish the global struc-
ture and motion, after which the small model can take over
the remaining denoising steps.

To quantitatively support the observation, we measure
the similarity between each sampling schedule and the
large-only baseline (LLL) using four metrics: (i) DINO [5]
and CLIP [34] image-embedding similarity for semantic
consistency, and (ii) LPIPS [50] and PSNR for low-level
similarity, averaged across all frames and 355 generated
videos. As shown in Table I, LSS remains substantially
closer to LLL across both semantic and low-level similar-
ity metrics, confirming that invoking the large model only
during the early stage is sufficient to preserve global struc-
ture and text-aligned semantics. In contrast, both SLL and
SSS exhibit significantly lower similarity. Notably, SLL
performs comparably to SSS despite using the large model
in the latter part of sampling. This result indicates that if
the early structure formation is misaligned, the subsequent
steps cannot recover the global structure or the semantic
alignment to the prompt, even when a high-capacity model
is used later in the denoising process.

These findings suggest that the early stage is capacity-
sensitive, where employing the large model is crucial for
establishing stable global structure and semantic alignment.
For full experimental details, please refer to Appendix B.1.

Boundary of the early stage Figure 4 extends the DINO-
similarity experiment by varying the early stage boundary at
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Figure 4. DINO-based identification of the early stage bound-
ary. We measure the frame-wise DINO similarity between sched-
ules that switch from the large to the small model (L. — S) at dif-
ferent early stage boundaries and the large-only baseline (LLL). A
sharp decline in similarity emerges beyond a specific point in the
curve. Boundaries chosen just before this drop (typically above
~96% similarity) preserve global structure and motion.

which the schedule transitions from the large model to the
small model (L. — S on the LSS schedule). We first observe
that the DINO similarity curve exhibits a sharp drop after a
certain point; before this drop, the similarity to the large-
only baseline remains consistently high. Motivated by this
structure in the graph, we select the early-stage boundary
just before the curve begins to decline. Empirically, all such
candidates fall above roughly 96% similarity, and sched-
ules using these boundaries generate videos whose global
structure and motion are nearly indistinguishable from the
large-only baseline. This indicates that maintaining similar-
ity above this threshold is sufficient to preserve high-level
fidelity while enabling acceleration.

4.3. Analysis of the late stage

In Section 3.2, we show that applying the large model at the
late stage refines details and reduces artifacts. Table 2 quan-
titatively supports it through FID results: The LSL schedule
consistently achieves lower FID than LSS, indicating that
late stage large-model updates improve visual fidelity.

Taken together, these results lead to our core principle:
Use the large model early to establish global structure, and
use it again at the end to refine details.

Boundary of the late stage. We observe that the FID
curve exhibits a V-shape in Figure 5. Interestingly, for both
WAN and LTX-Video, choosing an appropriate late stage
boundary consistently lowers the FID. Moreover, when the
early stage boundary is properly selected, all LSL schedules
produce outcomes that closely match those of the large-only
baseline (LLL).

A notable finding is that incorporating the small model
during the intermediate stage can make the generated video
appear more similar to real footage. While LLL produces
high-quality results overall, it occasionally yields overly
smooth surfaces, whereas well-configured LSL schedules
generate objects with more natural and realistic textures. We
speculate that a moderate degree of “noisiness” introduced

WAN 2.1 LTX-Video
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Figure 5. FID-based identification of the late stage boundary.
We fix the early stage boundary identified in Section 4.2 and vary
only the late stage boundary. The resulting FID curve exhibits a V-
shape, where the minimum corresponds to the optimal late stage
boundary used in our LSL schedule. This trend consistently ap-
pears in both WAN and LTX-Video, demonstrating that a properly
chosen late boundary yields the best sweet spot with detail refine-
ment and artifact suppression.

by the small model may contribute to this increased realism.

However, excessive reliance on the small model leads to
artifacts or temporal flicker, and the FID curve increases
once the proportion of small model usage surpasses a cer-
tain threshold. The observed V-shape FID plot in Figure 5
reflects this behavior. Our experiments reveal a clear sweet
spot: moderate use of the small model during the inter-
mediate stage, followed by large model refinement at the
end, enhances fine-grained texture without introducing arti-
facts. We further argue that this sweet spot can be identified
through artifact-sensitive and pixel-level detail metrics such
as FID. Additional qualitative results are provided in Ap-
pendix B.2.

4.4. Quantitative results

Table 2 summarizes the quantitative results in schedules
across two models. Our proposed LSL schedule achieves
FID, FVD, Aesthetic, Background, Subject, and Motion
scores that are nearly indistinguishable from the large-only
baseline (LLL), while accelerating inference by up to 1.65 x
with 57.35% FLOPs. Compared to the small-only sched-
ule (SSS), LSL clearly preserves the performance charac-
teristics of LLL, demonstrating that selectively invoking the
large model at key stages is sufficient to maintain overall
quality.

In contrast, the early-large schedule (LSS) success-
fully preserves global structure but fails to resolve high-
frequency artifacts, resulting in consistently lower scores
across several metrics. This behavior aligns with our analy-
sis in Figure 3, where late stage model capacity is shown to
be critical for detail refinement.

These results reinforce the central claim of this work:
Video quality does not require high model capacity at
every step; invoking the large model only at structurally
and detail-critical stages preserves fidelity while reduc-
ing computation.



Table 2. Comparison of video quality and efficiency across sampling schedules. LSL achieves quality comparable to the large-only
baseline (LLL), while reducing runtime and FLOPs. LSS preserves global structure but leaves late stage artifacts, whereas SSS degrades
across most metrics.

Schedule FID| FVD] Aesthetict Background{ Subject! Motion{ Runtime| TFLOPs |
LLL (Large-only) 5.73 834.26 45.43 93.79 90.96 97.56 49.73+031 3496
LSL (Stage-aware, Ours) 5.70 752.07 44.52 93.96 90.79 97.74 30.18+004 2005
LSS (Early-large) 5.75 759.39 44.25 93.89 90.66 97.63 25.44 1007 1632
SSS (Small-only) 6.28 951.79 43.14 91.70 86.23 96.02 10.69-+001 514
(a) LTX-Video. Runtime is measured on a NVIDIA A6000 GPU.
Schedule FID| FVD|  Aesthetict Background{ Subject!T MotionT Runtime| TFLOPs |
LLL (Large-only) 7.55 2,831.94 57.56 96.21 94.61 98.10 653.12+0s0 29950
LSL (Stage-aware, Ours) 7.48 2,752.17 57.42 96.29 94.61 98.11 439.36 +o.6 19222
LSS (Early-large) 7.51 2,803.48 57.27 96.11 94.47 98.10 335.20 +o044 13858
SSS (Small-only) 7.55 2,556.55 56.21 95.71 94.15 97.93 124.05 +o47 3129
(b) WAN 2.1. Runtime is measured on a NVIDIA A100 GPU.

5. Extended analyses WAN 2.1 LTX-Video
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In Section 5.1, we examine the distribution of velocity di- 0007 boundary b°““jafy bo:lndta;%/ e

vergence between the large and small model velocities and
analyze how its behavior aligns with the identified bound-
ary regions. In Section 5.2, we validate the proposed stage-
aware schedule across a wide range of configurations to
demonstrate that our boundary choice is appropriate.

5.1. Velocity divergence across sampling steps

A natural way to determine when to use the large or small
model is to measure how differently they update the latent
state during denoising. To this end, we compare the veloc-
ity fields predicted by the large and small models at each
timestep ¢t. Given a latent z;, let ng) and vgs) denote the
velocities predicted by the large (L) and small (S) mod-
els, respectively. We compute two metrics: cosine_dist(t) =
1 — cos (VEL), V,ES)), Uy _dist(t) = ||V£L) - vgs) II2-

We estimate these quantities by sampling from random
noise using the large model, while feeding the same in-
termediate latents through the small model. As shown in
Figure 6, the divergence curve consistently follows a U-
shaped pattern across the sampling process. The intermedi-
ate timesteps show low divergence, indicating that the small
model and large model predict nearly identical update direc-
tions in this region. In contrast:

* In the early stage, we observe large variance across sam-
ples, even though the mean divergence remains moderate.
This variance reflects the instability of the small model’s
predictions. Because this stage governs global structure
and motion formation, even small deviations can drasti-
cally alter the resulting layout. Consequently, employing
the large model at this stage plays a crucial role in gener-
ating high-quality videos.

¢ Inthe late stage, the mean divergence is higher than in the
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Figure 6. Velocity divergence across diffusion steps. We com-
pute cosine and /- distances between velocities V§L) and vgs)
across timesteps. Divergence is lowest in the intermediate stage,
indicating that the small model can reliably denoise there. Early
stage exhibits high variance (structure formation), while late stage
shows high mean divergence (detail refinement). This supports al-

locating the large model to the early and late stages.

intermediate stage, indicating that the velocity predictions
of the small and large models differ most in this stage.
This stage corresponds to fine-grained detail refinement
and artifact suppression, both of which critically rely on
the representational capacity of the large model.

As shown in Figure 6, we plot the velocity divergence
between the small and large models. The empirically deter-
mined stage boundaries from Section 4 are marked with red
arrows. Interestingly, for both LTX-Video and WAN 2.1, the
stage boundaries empirically determined in Section 4 coin-
cide with the boundaries inferred from the cosine distance
curves between the small and large models. The same pat-
tern holds for the /5 distance. These observations suggest
that the characteristic U-shape of velocity divergence could
offer a convenient proxy for identifying stage boundaries.
In particular, we speculate that the onset of increasing vari-
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Figure 7. FID vs. FLOPs across schedule configurations. Sched-
ules beginning with S (SXX) show significantly degraded qual-
ity. Schedules using the large model in the early stage (LXX)
achieve substantially better performance. Our selected early and
late boundaries (yellow dots), and especially the full stage-aware
schedule (yellow star), lie on the Pareto frontier, achieving LLL-
level quality with lower FLOPs.

ance in the late stage corresponds to the late stage boundary.
Notably, this trend does not appear to be model-specific,
metric-specific, or condition-specific. Even unconditioned
velocities exhibit a similar behavior (Appendix C).

Taken together, these findings suggest a simple underly-
ing principle of the LSL schedule introduced earlier: Use
the large model when divergence is high and the small
model when divergence is low.

5.2. Extensive schedule comparison

We evaluate nearly the entire space of possible schedules.
To do so, we divide the sampling trajectory into 12.5% seg-
ments and generate combinations of large (L) and small
(S) model assignments. This covers LLL, LSS, LSL, and
SSS, along with a broad set of additional S-starting sched-
ules (denoted as SXX in Figure 7) for comparison. For
each schedule, we measure the FID and Motion Smooth-
ness of generated videos. Figure 7 plots FID and Motion
Smoothness against computational cost (FLOPs) for the en-
tire schedule configurations.

Consistent with our earlier observations, all schedules
that begin with S (blue points in Figure 7) yield signifi-
cantly worse FID and Motion Smoothness than those begin-
ning with L. Surprisingly, even the schedule that applies the
large model only once at the very beginning (the leftmost
green point) performs better than a schedule that applies the
large model everywhere except the first segment (the right-
most blue point). This highlights the crucial role of the early
stage in establishing overall video quality.

In Figure 7, the yellow points correspond to LSL
schedules that adopt the early stage boundary identified

in Section 4.2. They generally achieve a more favorable
FID-FLOPs trade-off than the orange LSL schedules with
alternative early stage boundaries, indirectly supporting the
superiority of our boundary choice in Section 4.2.

Among these variants, our proposed LSL schedule
(marked with a star) attains the lowest FID while pre-
serving an excellent FID-FLOPs trade-off. Despite much
lower compute, it delivers consistently strong performance,
and qualitatively, its outputs remain nearly indistinguish-
able from those produced by the large-only baseline (LLL).

Figure 7 reveals two additional observations about
boundary sensitivity. (i) Shifted variants, which are the or-
ange points aligned vertically with the yellow star match our
FLOPs budget but shift the early or late boundary. Across
both FID and motion smoothness, our configuration (yel-
low star) consistently outperforms these shifted LSL vari-
ants (orange points aligned vertically).

(i) Expanded/reduced variants, shown as the orange
points immediately to the left or right of the yellow star,
add or remove a single boundary segment. These variants
(orange points in the vertical band around the yellow star)
also yield worse FID and motion smoothness compared to
our configuration (yellow star), indicating that even small
deviations from the selected boundaries degrade quality.

Together, these results show that, across a wide range of
possible configurations, the identified early and late bound-
aries form a robust sweet spot for capacity allocation. All
quantitative metrics exhibit consistent trends; full tables are
included in Appendix D.

6. Compatibility with other acceleration meth-
ods

In this section, we show that our approach is orthogonal to
existing acceleration methods: (a) sampling-step reduction
algorithm and (b) distillation-based model training.

(a) Compatibility with sampling-step reduction Algo-
rithm. DPM++ accelerates the denoising process by re-
ducing the number of function evaluations (NFE). We eval-
uate our LSL schedule together with DPM++ [29] with the
NFE reduced by half. As illustrated in Figure 8, even with
the reduced NFE, LSL reproduces results comparable to
the large-only baseline (LLL). In contrast, the small-only
schedule (SSS) produces noticeable artifacts: the fork and
the pastry deform (left example), and abrupt scene transi-
tions (right example). This demonstrates that our findings
remain valid when combined with DPM++. Quantitatively,
Table 3 shows that DPM++ with LSL reduces total TFLOPs
by about 2x, with negligible quality loss.

(b) Compatibility with the distilled model. Next, we re-
place the small model (S) in our LSL schedule with the
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Figure 8. Compatibility with DPM++ solver. Ours (LSL) is com-
patible with DPM++ solvers, reproducing similar videos to the
videos using only the large model (LLL). Please zoom in to view
the figures in detail.

Setting Solver Schedule NFE FID| FVD| TFLOPs |
Sampline.Ste LLL 20 578  769.83 1748
R dfmi fn P DPM++ LSL 20 577 71332 928
Sss 20 611 1,023.65 257
LLL 40 573 83426 3496
Distillation ODE  LDL 24 593  1,104.18 1774

DDD 8 6.50  1,843.53 51

Table 3. Compatibility with existing acceleration methods.
Our stage-aware schedule maintains large-model quality even
when combined with reduced-step solvers or distilled backbones,
demonstrating orthogonality to existing accelerators.

officially released distilled variant (D) of LTX-Video. The
distilled model was trained to generate videos in just eight
sampling steps. Within the LSL framework, we employ
it only for the intermediate stage, corresponding to four
sampling steps, and denote this configuration as LDL. As
shown in Figure 9, LDL reproduces results comparable
to the large-only baseline (LLL), avoiding issues such as
sudden subtitle appears (left) or hand deformation artifacts
(right) that appear in SSS. Table 3 further confirms that LDL
reduces total FLOPs to nearly half of LLL while maintain-
ing comparable perceptual quality. These results confirm
that ours complements existing acceleration techniques and
can be integrated with them for better efficiency.

7. Discussion and conclusion

We investigate how model capacity contributes differently
across the video diffusion denoising process. Through em-
pirical analyses, we show that the importance of model ca-
pacity varies across denoising stages: The early stage gov-

Input
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(b) LDL

Bidm

(c) DDD

e

[e—— .
“... people walking on a
frozew lake, pulling a boat ...”

“... a person sprinkling flowr
ow a ball of dough ...”

Figure 9. Compatibility with step distillation model. The step
distillation model (D) with small capacity can replace the original
small model (S). As done with the original small model, LDL re-
produces the results with LLL. In contrast, DDD does not. Please
zoom in to view the figures in detail.

erns global structure and motion, and the late stage re-
fines high-frequency details and suppresses artifacts, both
of which are capacity-sensitive.

Building on this insight, we introduce FlowBlending, a
stage-aware multi-model sampling strategy that allocates
the large model to the early and late stages while dele-
gating the intermediate stage to the small model. Flow-
Blending preserves the visual fidelity, temporal coherence,
and semantic alignment of the large model, yet notably
reduces sampling cost. Across LTX-Video and WAN 2.1,
FlowBlending achieves up to 1.65x faster inference with
57.35% FLOPs while not compromising the video quality.

To determine where model capacity matters most, we
proposed a practical method for identifying the early and
late stage boundaries using DINO similarity and FID-based
trade-off analysis. Interestingly, these empirically chosen
boundaries coincide with regions of increasing variance in
the velocity divergence between the large and small models.

With the analysis, we showed that FlowBlending is or-
thogonal to existing acceleration techniques. In particular,
we empirically observe that DPM++ solver produces out-
puts that more closely match those of the large model. It
is another promising research avenue to determine whether
improved solvers shift the effective stage boundaries.

While FlowBlending is broadly applicable, a key limita-
tion remains: stage boundaries often need to be re-estimated
when the diffusion model changes. Automatic boundary de-
tection or model-agnostic stage criteria would further im-
prove the usability and generality of stage-aware sampling.
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FlowBlending: Stage-Aware Multi-Model Sampling for Fast and High-Fidelity
Video Generation

Supplementary Material

A. Experimental Details

We evaluate the proposed sampling schedule on two representative open-source video diffusion models: LTX-Video (2B /
13B) [11] and WAN 2.1 (1.3B / 14B) [42]. LTX-Video generates 65-frame videos at a resolution of 608x342 and 30 fps on
the VBench dataset [17], and 832x480 videos on the PVD [3]. WAN 2.1 generates 61-frame videos at 832x480 and 16 fps
across both datasets.

For quantitative evaluation, we report FID [12] and FVD [41] on 284 generated samples using subset of PVD prompts,
and VBench metrics on 355 generated samples using VBench dataset prompts or 284 generated samples same as FID and
FVD. We use the default evaluation configurations provided by each official repository: LTX-Video experiments adopt the
ODE sampler, while WAN 2.1 experiments follow the UniPC sampler.

To assess computational efficiency, we additionally measure runtime and compute FLOPs of DiT blocks per generated
video. LTX-Video runtime is measured on an NVIDIA A6000 GPU, and WAN 2.1 runtime is measured on an NVIDIA A100
GPU.

Most of our quantitative results, including FID, FVD, and qualitative comparisons, are obtained using videos generated
on the PE Video Dataset, which we adopt as our primary evaluation set. Although we also report VBench metrics, the results
are rely on PVD due to its richer prompts and better alignment with the types of video quality differences we aim to study.

VBench includes a large collection of short and simple prompts designed to probe a wide range of video properties.
However, many of these prompts produce videos that do not align with the types of content we aim to evaluate. For instance,
prompts such as “a leafless tree”, “young guy with VR headset”, or “milk and cinnamon rolls” typically result in highly
static scenes with minimal motion or structural complexity. Such samples make it difficult for VBench metrics to capture the
aspects we care about most object consistency, motion coherence, and subtle high-frequency artifacts.

In contrast, the PE Video Dataset provides substantially richer text—video pairs with more dynamic and semantically
meaningful prompts (e.g., “a dog running across a snowy field,”). Evaluations with these prompts better reflect the perceptual
differences we observe empirically across sampling schedules. While both VBench and PE yield broadly similar trends, PE
offers a closer match to our practical experience regarding model quality, making it our primary benchmark dataset.

B. More ablation
B.1. Early stage ablation

Experimental details To determine the early stage boundary, we conduct additional ablation experiments using LTX-Video
(2B / 13B), an image-to-video model, and WAN 2.1 (1.3B / 14B), a text-to-video model. We follow the default configurations
provided by the official repositories, including the sampler, noise schedule, and total number of denoising steps. In detail, we
use 40 timesteps for LTX-Video and 50 timesteps for WAN 2.1.

For evaluation, we generate 355 videos using the text and image prompts from the VBench Dataset [17]. To quantify how
well the small model can replace the large model at different early stages, we measure frame-wise DINO similarity, CLIP
similarity, LPIPS, PSNR, and SSIM between each hybrid schedule that switches from the large to the small model (L — S)
at a given timestep and the large-only baseline (LLL). Each metric is computed between corresponding frames of the hybrid
schedule and the LLL output, and then averaged across all frames and videos:

N
1
Metric(ficr) = 7 S d@F ), 2, )
=1

Z(.L) denotes the i-th frame of the large-only baseline.

We progressively shift the early stage boundary across timesteps: LTX-Video experiments vary the boundary in increments
of 5 timesteps, and WAN 2.1 experiments vary it in increments of 10 timesteps. This allows us to precisely characterize how
sensitive the early denoising stage is to model capacity across both architectures.

where ©
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Figure Al. LTX-Video: Experiments for choosing early stage boundary . The star sign represents our choice of the early stage boundary.
The X-axis is the small model introduction point (%), where the small model follows the large model. We present the results for CLIP,
LPIPs, PSNR, and SSIM in order.
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Figure A2. WAN 2.1: Experiments for choosing early stage boundary. The star sign represents our choice of the early stage boundary.
The X-axis is the small model introduction point (%), where the small model follows the large model. We present the results for CLIP,
LPIPs, PSNR, and SSIM in order.

Results Figure Al and Figure A2 plot the early stage boundary on the x-axis, expressed as the Small-model introduction
point (%) measured from the start of the sampling steps. The y-axis reports the similarity between the outputs of the large-
only model and those of the LSS schedule, evaluated using DINO, CLIP, LPIPS, PSNR, and SSIM. These curves indicate
how closely the results resemble the large-only baseline as the early stage boundary varies. As shown in the figures, not
only the DINO similarity discussed in the main text but all metrics exhibit a consistent trend: a sharp decline in similarity
emerges beyond a specific point in the curve. We select the boundary just before this drop, which preserves global structure
and motion.

Among all metrics, we find that DINO and CLIP similarity, both of which capture richer semantic information, align most
closely with our observations. This is likely because small pixel-level differences measured by metrics such as LPIPS, PSNR,
or SSIM do not always correspond to perceptually meaningful changes.

More qualitative results Please see the attached HTML file (“index.html”) for the ablation study on selecting the early-
stage boundary. We provide videos generated with different small-model introduction points (%) in the denoising process, as
illustrated in Figure 4. A setting of 40% (LSL) means that the small model is introduced starting from 40% of the denoising
process, and 100% (LLL) corresponds to not introducing the small model at all. When the introduction point is delayed up
to 40%, the resulting appearance and motion remain nearly identical to the large-only model (LLL). However, pushing the
boundary further to 60% (LSS) leads to a different motion. Therefore, our final choice, introducing the small model at 40%,
provides the optimal balance between quality and efficiency.

B.2. Late stage ablation

Experimental details This section provides additional information on the setup used to determine the late stage boundary.
We experiment with two video diffusion families: LTX-Video (2B/13B), an image-to-video model, and WAN 2.1 (1.3B/13B),
a text-to-video model, and generate 284 videos using the PVD dataset for evaluation. We follow all default settings from each
official repository, including the sampler configuration and the total number of timesteps, where LTX-Video uses 40 steps
and WAN 2.1 uses 50 steps. In all experiments, we fix the early stage boundary identified in Section 4.2 and vary only the
late stage boundary. For each schedule, we measure performance using VBench metrics—Subject Consistency, Background
Consistency, Temporal Flickering, Motion Smoothness, Dynamic Degree, Aesthetic Quality, and Image Quality—along with



Algorithm 1 How to find early stage boundary via relative slope threshold

1: Input: The small model introduction points (%) {z;}~ ", DINO similarities {y;}~ ", threshold o € (0, 1)
2: Output: Early stage boundary index k, Early stage boundary location (xx, yx)
3: Step 1: Compute local slopes

4: fort =0to N —2do

5: Az Tiy1 — T

6: if Az = 0 then

7: s; +— 0

8: else

9: s (Yiy1 — ¥i)/Ax

10:  endif

11: end for

12: Step 2: Reference slope

13: Spef < So

14: Step 3: Find index where slope falls below threshold
15: k< N -1

16: fori =0to N — 2 do

17: if s; < v Sper then

18: E+—i+1

19: break
20:  end if
21: end for
22:
23: return (k,xy, yx)

FID and FVD. Ablations are performed by gradually shifting the late stage boundary forward from the fixed early boundary,
using 5-timestep intervals for LTX-Video and 10-timestep intervals for WAN 2.1. All LTX-Video results are obtained on
an NVIDIA A6000 Ada GPU, while WAN 2.1 evaluations are conducted on an NVIDIA A100 GPU due to model size
differences.

Results In Figure A3, we provide the results of LTX-Video with the Vbench metrics, FID, and FVD. The star sign represents
our late boundary choice, and the optimal choice of the late boundary enables us to maintain the video quality. As shown in
the Figure A3, FID and FVD graphs have the best scores with our late boundary choice. With our late boundary choice, the
video quality-related metrics and background consistency also show the best and comparable results, respectively. Likewise,
the temporal flickering and motion smoothness achieves nearly on par with the best results. Although our late boundary
choice always work on the other metrics, their measurements are far from our purpose of using the big model at the late
stage. For example, measuring the dynamic degree and aesthetic score is irrelevant to maintaining fine details of the video.
In the imaging quality metric, using more big model results in a better score. However, the observed visual difference is
negligible.

In Figure A4, we provide the Vbench metrics, FID, and FVD. Similar to the LTX-Video setting, we can identify an optimal
late boundary by locating the points where FID and FVD are minimized. Moreover, the overall trends are consistent with
those observed for LTX-Video across different metrics, indicating that our late boundary strategy behaves robustly regardless
of the specific evaluation metric.

In Algorithm 1, we provide the pseudo-algorithm to find the early stage boundary with the slope. We set the threshold to
find the late stage boundary with FID.

Qualitative results Please see the attached HTML file (“index.html”) for the ablation study on selecting the late-stage
boundary. Therefore, reintroducing the large model at 20%, our final choice, offers the optimal balance between video qual-
ity and efficiency. We provide videos generated with different large-model reintroduction points (% from the end) in the
denoising process, as illustrated in Figure 5. A setting of 40% (LSL) means that the large model is reintroduced starting
from the last 40% of the denoising trajectory; 20% (LSL-ours) reintroduces the large model from the last 20%; and 0%
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Figure A3. LTX-Video: Experiments for choosing late stage boundary. The star sign represents our choice of the late stage boundary.
The star sign represents the large model reintroduction points (% from end). We measure Subject Consistency, Background Consistency,
Temporal Flickering, Motion Smoothness, Dynamic Degree, Aesthetic Quality, Image Quality, FID, and FVD.
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Figure A4. WAN 2.1: Experiments for choosing late stage boundary. The star sign represents our choice of the late stage boundary.
The star sign represents the large model reintroduction points (% from end). We measure Subject Consistency, Background Consistency,
Temporal Flickering, Motion Smoothness, Dynamic Degree, Aesthetic Quality, Image Quality, FID, and FVD.

(LSS) corresponds to not reintroducing the large model. When the reintroduction point is set to 20%, the model preserves
fine-grained textures without introducing noticeable artifacts. However, pushing the boundary further to 0% (LSS) introduces
visible artifacts-most prominently, a severe artifact on the dog’s eye in the last frame. Therefore, reintroducing the large
model at 20%, our final choice, offers the optimal balance between video quality and efficiency.

C. U-shaped divergence curve
C.1. Experimental details

We measured the divergence between the velocity fields of the small and large models across timesteps.
The details are as follows. LTX-Video [11] is an image-to-video (I2V) model, and Wan2.1 (1.3B/13B) [42] is a text-to-
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Figure AS. Velocity divergence across diffusion steps. We measure the divergence between the velocity predictions of the small and large
models at every denoising step for LTX-Video and WAN2.1. (a) uses the large model as the main stream, while (b) uses the small model
as the main stream. For each timestep, we compare the velocity predicted with the conditional input (cond) and the null input (uncond),
corresponding to the CFG-conditioned and unconditioned branches, respectively. Divergence is lowest in the intermediate stage, indicating
that the small model denoises reliably there, whereas the early and late stages show higher divergence due to structure formation and detail
refinement.

video (T2V) model. We measured 355 videos using the text and image prompt from VBench dataset [17]. We use the default
sampler and inference timesteps, following the official repository of each video model. We measured the runtime of LTX-
video and WAN2.1 on a NVIDIA A6000 GPU and on a NVIDIA A100 GPU, respectively. In the Figure A6, we provide the
illustration of how we measure the divergence between the velocity fields of the small and large models across timesteps. As
shown in the figure, we set the sampling trajectory of the large models as a main stream, and we fed the previous large model
outputs to the large model and the small model during inference. We measure the divergence between the velocity predictions
of the small and large models at each time step. We use cosine distance and L2 distance as measurements.

In the Figure A5 (a), we provide the experiment results. Divergence is lowest in the intermediate stage, indicating that the
small model can reliably denoise there. Early stage exhibits high variance (structure formation), while late stage shows high
mean divergence (detail refinement). This supports allocating the large model to the early and late stages. Interestingly, we
found a similar result with the small model as a mainstream.

D. Comprehensive schedule sweep

We further provide the evaluations using FID, FVD, and VBench across various combinations of the small and large models.
In Figure A7, we evaluate LTX-Video [11] on the PV dataset [3] and sort all combinations in ascending order of their FID
scores. We observe that our LSL strategy consistently outperforms the other combinations. In Figure A9, we present the
results on the VBench dataset using the same combination order obtained from the PV dataset.

Likewise, we provide the evaluation results with WAN2.1 [42]. In Figure A9, we evaluate Wan2.1 on the PV dataset and
sort all combinations in ascending order of their FID scores. We also observe that our LSL strategy consistently outperforms
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Figure A6. Illustration of velocity divergence across diffusion steps. We follow the sampling trajectory of the main-stream model (blue)
and feed its intermediate outputs into both the large and small models at each timestep. The divergence between their velocity predictions
is then computed using cosine distance and L2 distance. This procedure is applied identically to LTX-Video and WAN?2.1, using the official
inference settings of each model.

the other combinations. In Figure A10, we present the results on the VBench dataset using the same combination order
obtained from the PV dataset.

E. Qualitative results

We include the videos corresponding to all figures presented in the main paper in the supplementary material. Please refer to
our project page (https://jibin86.github.io/flowblending project_page/)

F. More Related Work

Beyond the methods introduced in the main paper, several additional approaches have been proposed to accelerate diffusion
sampling. Adversarial distillation has been explored as an effective way to reduce the number of inference steps [36, 37, 46].
Based on a deeper understanding of diffusion dynamics, training-free acceleration techniques have also been developed,
leveraging step-wise feature reuse [27, 30, 51].

Pan et al. [33] is the most closely related to our work, as they also adopt different models for different denoising stages.
However, unlike Pan et al. [33], whose aim is primarily to improve image quality, our goal is to preserve the fidelity of a large
video diffusion model while reducing computational cost. In video generation, early-stage misalignment in motion cannot be
corrected by a small model in later stages. To tackle this challenge, we analyze the stage-specific behavior of video diffusion
models and introduce a stage-aware strategy that determines stage boundaries using capacity-sensitive metrics.
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LTX—V] deo BN Large Model steps
[ Small Model steps
FD FYvD SC BC TF MS DD AQ Q
5.70/752.07/ 90.79/ 9396/ 9520/ 97.74/ 3398/ 44.52/ 46.14/
5.72/818.83/ 91.06/ 93.86/ 94.81/ 97.55/ 3521/ 4547/ 48.00/
5.72/764.43/ 9090/ 9391/ 9521/ 97.78/ 33.63/ 44.83/ 46.62/
5.73/809.61/ 91.04/ 9399/ 9490/ 97.61/ 34.68/ 4526/ 47.62/
5.73/834.26/ 9096/ 93.79/ 94.81/ 97.56/ 3521/ 4543/ 48.12/
5.73/813.19/ 90.81/ 9394/ 95.15/ 97.76/ 34.51/ 44.64/ 46.24/
5.73/773.73/ 90.94/ 9393/ 95.13/ 97.70/ 3433/ 44.87/ 46.64/
5.73/835.04/ 91.13/ 93.95/ 94.92/ 97.64/ 3556/ 4549/ 4787/
5.74/772.28/ 90.85/ 9391/ 95.12/ 97.67/ 33.80/ 4445/ 46.24/
5.74/788.74/ 90.93/ 9393/ 95.08/ 97.76/ 34.68/ 45.17/ 4741/
5.74/801.22/ 91.10/ 9397/ 9499/ 97.64/ 3521/ 4494/ 46.92/
5.75/801.31/ 90.95/ 94.04/ 94.93/ 97.53/ 34.33/ 44.71/ 46.50/
5.75/759.39/ 90.66/ 93.89/ 95.14/ 97.63/ 34.15/ 44.25/ 4577/
5.75/769.47/ 90.71/ 93.86/ 95.06/ 97.56/ 33.45/ 4422/ 4583/
5.75/782.32/ 90.90/ 93.95/ 95.03/ 97.76/ 3556/ 45.03/ 46.75/
5.75/825.55/ 90.67/ 9390/ 95.15/ 97.73/ 3398/ 4422/ 4584/
5.75/828.27/ 91.02/ 9395/ 94.83/ 97.56/ 3504/ 4543/ 48.06/
5.75/812.81/ 91.15/ 94.00/ 9498/ 97.66/ 34.68/ 4522/ 4740/
5.76/822.85/ 90.92/ 9390/ 94.85/ 97.54/ 34.68/ 4524/ 47.63/
5.76/764.00/ 90.93/ 93.85/ 95.01/ 97.72/ 34,51/ 45.10/ 4733/
5.76/853.27/ 90.51/ 93.60/ 94.78/ 97.59/ 36.97/ 44.98/ 47.07/
5.77/809.53/ 90.97/ 93.94/ 94.86/ 97.52/ 35.04/ 4498/ 47.17/
5.77/825.70/ 90.19/ 93.72/ 94.93/ 97.57/ 35.74/ 43.98/ 4590/
5.78 /838.85/ 90.72/ 93.69/ 94.62/ 97.45/ 3592/ 4541/ 4780/
5.79/827.03/ 90.30/ 93.70/ 94.92/ 97.60/ 3592/ 4446/ 4621/
5.79/840.10/ 90.86/ 93.70/ 94.70/ 97.49/ 3556/ 45.44/ 4799/
5.79/828.16/ 90.52/ 93.89/ 95.09/ 97.61/ 33.80/ 44.02/ 4543/
5.79/829.45/ 90.06/ 93.75/ 94.86/ 9745/ 3521/ 43.78/ 4547/
5.80/838.92/ 90.82/ 93.82/ 94.68/ 9745/ 35.04/ 4541/ 48.11/
5.88/901.37/ 89.63/ 93.10/ 93.57/ 96.87/ 39.08/ 4535/ 48.25/
6.01/874.96/ 88.46/ 92.75/ 93.82/ 96.93/ 3891/ 43.69/ 45.52/
6.03/915.19/ 88.60/ 92.45/ 92.90/ 96.63/ 40.32/ 4544/ 48.14/
6.06/970.07 / 88.02/ 92.24/ 92.60/ 96.43/ 41.73/ 45.24/ 48.03/
6.07/904.85/ 87.95/ 9237/ 93.25/ 96.65/ 39.26/ 43.91/ 4530/
6.07/955.37/ 87.95/ 9232/ 92.66/ 9636/ 41.37/ 44.74/ 47.09/
6.11/943.44/ 87.56/ 92.17/ 93.08/ 96.50/ 4049/ 43.68/ 45.17/
6.15/963.15/ 87.45/ 92.15/ 92.54/ 96.24/ 41.73/ 44.11/ 46.00/
6.151004.22/ 87.59/ 92.01/ 9240/ 9636/ 42.08/ 45.04/ 47.75/
6.16 1007.87/ 87.49/ 92.05/ 92.46/ 9628/ 41.55/ 44.46/ 46.87/
6.21/959.41/ 87.06/ 92.05/ 92.73/ 96.34/ 41.37/ 43.66/ 45.00/
6.22/980.41/ 86.89/ 91.71/ 9240/ 9628/ 41.55/ 44.42/ 4641/
6.22/953.60/ 86.42/ 91.75/ 92.57/ 96.20/ 40.67/ 43.46/ 4492/
6.24/969.52/ 86.61/ 91.83/ 92.57/ 9627/ 41.02/ 44.03/ 4538/
6.25/960.97/ 86.46/ 91.72/ 92.61/ 96.20/ 4049/ 43.73/ 44.87/
6.26/990.61/ 86.71/ 91.78/ 92.44/ 96.15/ 41.90/ 43.80/ 4544/
6.28/951.79/ 86.23/ 91.70/ 92.47/ 96.02/ 40.67/ 43.14/ 4448/
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Figure A7. LTX-Video: Comprehensive schedule sweep on the PV dataset. We evaluate all combinations of small-large scheduling
for LTX-Video on the PV dataset and sort the results in ascending order of FID. Our LSL configuration consistently ranks near the top,
demonstrating strong performance across both FID and FVD. Other J}ietrics also exhibit a similar overall trend.



. BN Large Model steps
LTX-VldeO B Small Model steps
SC BC TF M5 DD AQ IQ
97.19/ 96.83/ 96.53/ 98.90/ 1850/ 60.01/ 70.63/
97.01/ 96.43/ 96.50/ 98.87/ 19.51/ 59.87/ 70.74/
97.33/ 96.60/ 96.66/ 98.95/ 1829/ 60.03/ 70.57/
97.34/ 96.69/ 96.66/ 98.95/ 18.09/ 60.06/ 70.62/
97.15/ 96.39/ 96.54/ 98.90/ 18.09/ 59.88/ 70.62/
97.15/ 96.66/ 96.52/ 98.88/ 1829/ 59.88/ 70.67/
97.16/ 96.47/ 96.57/ 98.90/ 1829/ 59.73/ 70.46/
96.90/ 96.37/ 96.44/ 98.82/ 19.31/ 59.57/ 70.50/
97.04/ 96.24/ 96.47/ 98.86/ 17.89/ 59.57/ 7041/
97.25/ 96.56/ 96.63/ 98.95/ 18.70/ 60.02/ 70.62/
97.25/ 96.58/ 96.63/ 98.94/ 17.89/ 60.07/ 70.64/
97.32/ 96.70/ 96.69/ 98.94/ 17.89/ 59.95/ 7044/
97.25/ 96.54/ 96.59/ 98.92/ 17.68/ 59.88/ 70.61/
97.30/ 96.49/ 96.65/ 98.93/ 17.89/ 59.74/ 7039/
96.87/ 96.61/ 96.30/ 98.75/ 19.51/ 59.59/ 70.50/
96.44/ 96.20/ 95.89/ 98.62/ 23.17/ 59.19/ 7045/
97.14/ 96.32/ 96.21/ 98.81/ 21.34/ 59.84/ 70.63/
95.85/ 94.65/ 9398/ 98.19/ 27.85/ 59.25/ 70.25/
9539/ 94.17/ 93.62/ 98.05/ 31.50/ 58.67/ 69.99/
9538/ 9433/ 93.71/ 97.99/ 29.07/ 5896/ 70.17/
9541/ 9439/ 93.65/ 97.90/ 30.89/ 59.04/ 7033/
95.07/ 93.86/ 93.37/ 97.88/ 31.71/ 58.40/ 70.03/
9536/ 9437/ 93.62/ 97.85/ 3049/ 58.72/ 70.02/
9499/ 93.86/ 93.32/ 97.87/ 31.71/ 58.55/ 69.95/
95.16/ 94.12/ 93.47/ 97.89/ 31.50/ 58.68/ 70.03/
9535/ 9428/ 93.62/ 97.95/ 31.10/ 59.08/ 70.37/
9532/ 94.13/ 93.61/ 97.92/ 31.30/ 58.73/ 70.03/
95.12/ 9393/ 93.35/ 97.82/ 33.13/ 58.60/ 70.07/
9522/ 9433/ 93.50/ 97.92/ 32.11/ 59.02/ 70.36/
95.06/ 94.10/ 93.37/ 97.87/ 32.11/ 5893/ 70.26/
95.13/ 94.15/ 93.43/ 97.89/ 31.71/ 59.08/ 70.35/
95.13/ 94.19/ 93.49/ 97.87/ 3191/ 5885/ 70.13/
95.19/ 9429/ 93.49/ 97.89/ 32.11/ 58.84/ 70.10/
94.99/ 93.87/ 93.33/ 97.83/ 32.11/ 58.60/ 70.04/
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Figure A8. LTX-Video: VBench evaluation under the same schedule ordering. Using the ordering derived from the PV dataset sweep,
we evaluate LTX-Video on VBench metrics. The relative ranking remains consistent, and the LSL configuration again shows robust per-
formance across diverse quality dimensions. Other metrics also exhibit a similar overall trend.
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[ Small Model steps

FID SC BC 1F Ms DD AQ 1
748/ 93.68/ 9498/ 9137/ 9439/ 38.03/ 5742/ 65.13/
749/ 9359/ 9477/ 91.35/ 9443/ 39.08/ 5745/ 65.75/
749/ 93.62/ 9489/ 9131/ 9432/ 38.73/ 5740/ 64.55/
7.50/ 93.46/ 9495/ 91.34/ 9440/ 39.08/ 5741/ 6556/
751/ 9373/ 9491/ 9140/ 9442/ 39.08/ 5742/ 6523/
7.51/ 9352/ 9474/ 9135/ 9432/ 3838/ 5727/ 6491/
7.52/ 9344/ 9481/ 9133/ 9433/ 3944/ 5725/ 6537/
7.52/ 9334/ 9437/ 90.84/ 94.04/ 37.68/ 56.84/ 67.56/
7.54/ 93.74/ 95.03/ 9135/ 9441/ 39.08/ 57.54/ 64.83/
7.54/ 93.64/ 9488/ 9128/ 9431/ 3944/ 5742/ 64.60/
7.54/ 9354/ 9479/ 9137/ 9442/ 38.73/ 5747/ 6572/
7.54/ 93.19/ 94.05/ 90.77/ 93.85/ 37.32/ 56.20/ 67.22/
7.55/ 93.68/ 9487/ 9123/ 9434/ 38.73/ 57.56/ 6493/
7.55/ 93.15/ 94.19/ 90.75/ 93.76/ 3697/ 56.21/ 66.96/
7.55/ 93.09/ 9423/ 90.74/ 93.88/ 38.38/ 56.41/ 67.65/
7.57/ 9331/ 9433/ 90.76/ 93.88/ 38.03/ 56.26/ 67.36/
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Figure A9. WAN 2.1: Comprehensive schedule sweep on the PV dataset. We apply the same exhaustive combination sweep to WAN
2.1 and sort all configurations by FID. Similar to LTX-Video, the LSL strategy consistently outperforms other schedules across both FID.
Other metrics also exhibit a similar overall trend.



BN Large Model steps

WAN 2 . 1 I Small Model steps

SC BC TF MS DD AQ IQ
96.64/ 98.34/ 97.72/ 96.59/ 17.36/ 66.47/ 6948/
96.49/ 98.34/ 97.66/ 96.48/ 17.36/ 66.58 / 69.39/
96.52/ 98.42/ 97.73/ 96.55/ 18.75/ 66.81/ 69.44/
96.54/ 98.21/ 97.66/ 96.50/ 17.36/ 66.28 / 69.40/
96.50/ 98.42/ 97.65/ 96.62/ 1528/ 66.16/ 69.83 /
96.47/ 97.83/ 98.35/ 96.44/ 21.53/ 65.88/ 70.27/
96.57/ 98.44/ 97.71/ 96.55/ 17.36/ 66.90/ 69.53/
96.52/ 98.35/ 97.66/ 96.48/ 16.67/ 66.85/ 69.39/
96.63 / 98.53/ 97.74/ 96.66/ 1597/ 66.60/ 69.97/
96.61/ 97.71/ 98.29/ 96.59/ 22.22/ 65.29/ 69.87 /
96.53/ 98.39/ 97.71/ 96.53/ 18.75/ 67.21/ 69.56 /
96.61/ 97.77/ 98.24/ 96.47/ 2292/ 65.00/ 69.79 /
96.48 / 97.70/ 98.34/ 96.57/ 2292/ 65.24/ 70.20/
96.59/ 97.64/ 98.34/ 96.62/ 2292/ 65.24/ 70.14/
96.50/ 97.69/ 98.27/ 96.50/ 21.53/ 65.26/ 69.99 /
96.52/ 97.71/ 98.24/ 96.36/ 21.53/ 65.56/ 70.00/
96.42/ 97.71/ 9828/ 96.50/ 22.22/ 65.12/ 70.11/
96.62/ 97.69/ 98.25/ 96.53/ 21.53/ 65.15/ 69.97/
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Figure A10. WAN 2.1: VBench evaluation under the same schedule ordering. Using the schedule ordering obtained from the PV dataset,
we report WAN 2.1 performance on VBench. The LSL schedule again provides strong performance across multiple VBench dimensions,
confirming its general effectiveness.
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