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ABSTRACT

Exploring suitable solutions to improve performance by increasing the computa-
tional cost of inference in visual diffusion models is a highly promising direction.
Sufficient prior studies have demonstrated that correctly scaling up computation
in the sampling process can successfully lead to improved generation quality, en-
hanced image editing, and compositional generalization. While there have been
rapid advancements in developing inference-heavy algorithms for improved im-
age generation, relatively little work has explored inference scaling laws in video
diffusion models (VDMs). Furthermore, existing research shows only minimal
performance gains that are perceptible to the naked eye. To address this, we design
a novel training-free algorithm IV-Mixed Sampler that leverages the strengths of
image diffusion models (IDMs) to assist VDMs surpass their current capabilities.
The core of IV-Mixed Sampler is to use IDMs to significantly enhance the quality
of each video frame and VDMs ensure the temporal coherence of the video during
the sampling process. Our experiments have demonstrated that IV-Mixed Sampler
achieves state-of-the-art performance on 4 benchmarks including UCF-101-FVD,
MSR-VTT-FVD, Chronomagic-Bench-150/1649, and VBench. For example, the
open-source Animatediff with IV-Mixed Sampler reduces the UMT-FVD score
from 275.2 to 228.6, closing to 223.1 from the closed-source Pika-2.0. Our code
is released at https://github.com/xie-lab-ml/IV-mixed-Sampler. Our project page
can be found in https://klayand.github.io/IVmixedSampler.

1 INTRODUCTION

In the large foundation models era, maximizing the inference potential of foundation mod-

els ( , , ) that require high pre-training costs has become
a research staple for academrcs ( , , ). Efficient plug-and-play algo-
rithms ( , ) can 51gn1ﬁcantly drive large-scale models to reach their

full potential and outperform the original counterparts due to low trial-and-error costs. In contrast to
popular inference-heavy algorithms ( , ; ;

), which consistently emerge in the large language model (LLM) and i 1mage dlffusmn
model (IDM) field, text-to-video (T2V) synthesis still faces the prevalent challenge of low-quality
synthesized videos that lack semantic faithfulness ( s ). This limita-
tion severely hampers the deployment and application of v1deo dlffuswn models (VDMs). Motivated
by the success of inference scaling laws in both LLMs and IDMs, we inevitably wonder if it is pos-
sible to design an inference-heavy algorithm that is effective and plug-and-play on VDMs, allowing
us to enhance VDMs’ inference performance? This answer is obvious as VDM and IDM are the-
oretically identical ( , ). However, designing unique and outstanding training-free
algorithms based on the properties of VDM remains a significant challenge.

Motivation. VDM-based training-free algorithms typically face a significant challenge: their per-
formance ceiling is constrained by the VDM itself. To be specific, the videos synthesized from

most open-source VDMs ( , s ) exhibit several inherent problems,
such as weak semantic consistency between the videos and the prompts, as well as low quality. A
widely accepted perspective ( , ; , ) on this phenomenon is that underper-
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Figure 1: Visualization of IV-mixed Sampler and the standard DDIM sampling on Animatediff and
VideoCrafterV2. Unlike prior heavy-inference approaches (Guo et al., 2024; Wu et al., 2023), IV-mixed Sam-
pler is able to significantly improve the fidelity of the video while guaranteeing semantic faithfulness.

forming VDMs cannot overcome their intrinsic limitations because they are trained on low-quality,
small-scale T2V datasets. In contrast, IDMs can now reliably serve commercial application scenar-
ios (Betker et al., 2023; Liu et al., 2024a), thanks to the well-established dataset ecosystem created
by the AIGC community. This discrepancy naturally prompts us to consider whether we can view
IDMs as tools to enhance VDMs and how to make IDMs effective assistants for VDMs.

Since diffusion models employ a multi-step sampling mechanism and the quality of synthesized
samples from IDMs is significantly higher than that from VDM, it is reasonable to use IDMs and
VDMs alternately for score function estimation throughout the reverse sampling process. However,
this straightforward paradigm leads to a loss of temporal coherence in the synthesized videos during
our initial empirical explorations. Inspired by SDEdit (Meng et al., 2021), we enhance the quality
of each frame at every denoising step by performing the following additional operation: /) first
adding Gaussian noise and 2) then denoising using IDMs. We found that this form of inference
significantly impairs performance. Through empirical exploration, we identified the issue as the
“first adding Gaussian noise” step, which introduces excessive randomness. Replacing this step with
a deterministic modeling paradigm (i.e., deterministic sampling) yields stable performance gains.

In this paper, we consider the widely used deterministic function DDIM-Inversion (Mokady et al.,
2023) to inject perturbations into the video. To be specific, we integrate IDM and VDM using the
base operator: first performing DDIM-Inversion, followed by applying operations similar to DDIM
before each denoising step. Additionally, the observation that performing DDIM-Inversion with
IDM first significantly outperforms performing DDIM-Inversion with VDM first further supports
the conclusion that IDMs trained on high-quality datasets can positively impact the video sampling
process. Motivated by this, we further explore the upper bound of the performance gain that IDM
provides for video synthesis. We primarily extend the paradigm of the single-step diffusion process
and the single-step reverse process to multiple steps. Then, to ensure inference efficiency, we inves-
tigate all possible combinations in the two-step diffusion process and the two-step inverse process,
collectively naming this series of algorithms IV-mixed Sampler.

Contribution. Specifically, /) we construct IV-mixed Sampler under a rigorous mathematical
framework and demonstrate, through theoretical analysis, that it can be elegantly transformed into
a standard inverse ordinary differential equation (ODE) process. For the sake of intuition, we
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