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Abstract

Existing interpolation methods use pre-trained video diffusion priors to generate
intermediate frames between sparsely sampled keyframes. In the absence of 3D ge-
ometric guidance, these methods struggle to produce plausible results for complex,
articulated human motions and offer limited control over the synthesized dynamics.
In this paper, we introduce PoseFuse3D Keyframe Interpolator (PoseFuse3D-KI), a
novel framework that integrates 3D human guidance signals into the diffusion pro-
cess for Controllable Human-centric Keyframe Interpolation (CHKI). To provide
rich spatial and structural cues for interpolation, our PoseFuse3D, a 3D-informed
control model, features a novel SMPL-X encoder that transforms 3D geometry
and shape into the 2D latent conditioning space, alongside a fusion network that
integrates these 3D cues with 2D pose embeddings. For evaluation, we build
CHKI-Video, a new dataset annotated with both 2D poses and 3D SMPL-X pa-
rameters. We show that PoseFuse3D-KI consistently outperforms state-of-the-art
baselines on CHKI-Video, achieving a 9% improvement in PSNR and a 38% reduc-
tion in LPIPS. Comprehensive ablations demonstrate that our PoseFuse3D model
improves interpolation fidelity.

1 Introduction

Frame interpolation aims to generate new frames between two consecutive video frames to improve
temporal smoothness. Traditional interpolation methods [12, 46, 17] assume small, simple motion
over short time spans. These methods are challenged when the input frames are widely separated,
known as keyframe interpolation or generative inbetweening [56, 47, 41, 11], where the motion
between them becomes complex and ambiguous. This challenge is magnified in human-centric videos,
where articulated body movements encompass diverse poses and shapes. With human subjects being
prevalent in today’s video content, there is a growing need for interpolation methods to handle large
temporal gaps and intricate human motion while offering plausible results.

Human-centric keyframe interpolation remains challenging for current methods. Recent ap-
proaches [11, 47, 41] leverage generative priors from image-to-video (I2V) models to bridge the
temporal gap. These methods condition the interpolation solely on the input keyframes without inter-
mediate guidance. Consequently, they often struggle to resolve motion ambiguities and accurately
capture the complex articulated dynamics of human motion. For instance, when keyframes involve
large occlusions or non-rigid joint movements, these methods often produce implausible or distorted
interpolations (Figure 1(a)) due to insufficient intermediate guidance. FCVG [56] has explored
interpolation keyframes with 2D skeletons as control signals for human subjects. However, 2D lines
cannot convey full body shape and geometry, leading to unrealistic results (see Figure 1(b)). These
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Figure 1: Keyframe Interpolation with Different Strategies. (a) Interpolation using I2V models
without intermediate guidance often yields implausible or distorted frames, especially under large
motion or occlusion. (b) Skeleton-guided interpolation offers structural cues but lacks geometric
detail, resulting in unrealistic body shape and appearance. (c) Our PoseFuse3D-KI employs dense
human-centric guidance, enabling temporally coherent and visually plausible interpolations.

methods lack fine-grained control over the interpolation process, limiting their ability to produce
flexible, high-fidelity human-centric interpolations.

In this study, we investigate the integration of 3D human conditions into the human-centric keyframe
interpolation pipeline. Drawing inspiration from recent advances in human animation [55, 54], we
propose to integrate 2D human poses [48] with 3D SMPL-X models [30] as intermediate control
signals. These signals provide precise guidance for complex articulated motions: 2D poses offer
concise representations of human joint poses, while 3D models capture rich spatial geometry. How-
ever, effectively processing these control signals poses challenges. First, common practice renders
3D human models into 2D proxies (e.g., colored surface, normals, depth maps) before encoding,
leading to substantial loss of spatial information in occluded regions. Therefore, we need to develop
a dedicated encoder that preserves occluded 3D details when converting models into control signals.
Second, fusing signals with different information content and granularity is nontrivial. This necessi-
tates designing appropriate neural architectures that can accurately extract 3D cues and harmonize
them with 2D poses into a unified, informative control input.

To this end, we introduce PoseFuse3D Keyframe Interpolator, termed as PoseFuse3D-KI, a novel
pose-control framework for controllable human-centric keyframe interpolation (Figure 1(c)). Our
framework is unique in its 3D-informed control model PoseFuse3D, which comprises three jointly
trained modules. The first derives control features from visualized conditions; the second encodes and
aggregates 3D body geometry into 2D image conditioning features; and the third combines outputs
from the first two modules into a unified control signal for interpolation. In contrast to Champ [55],
which fuses 3D features from rendered visualizations, our encoder processes features directly in 3D
and integrates projected features through feature aggregation.

To evaluate the proposed PoseFuse3D-KI, we have also built a high-quality video dataset for Control-
lable Human-centric Keyframe Interpolation (CHKI). Most existing interpolation datasets, such as
SportsSlomo [6], target small temporal gaps, lack annotations for 2D poses or 3D human models, and
offer limited human-centric motion diversity. Therefore, we introduce CHKI-Video, a new dataset for
a systematic evaluation of CHKI algorithms. CHKI-Video comprises 2,614 high-quality video clips
of over 180K frames sourced from SportsSlomo [6] and Pexels [1] website that hosts high-quality
stock videos. Each frame is carefully annotated with bounding boxes, segmentation masks, 2D
human poses, and SMPL-X parameters, using state-of-the-art tools [4, 20, 25, 34, 43] supplemented
by manual verification. From this collection, we derive a benchmark specifically for the CHKI task.
We hope this benchmark will help improve controlled keyframe interpolation techniques with its
high-quality videos and diverse examples.

Our contributions are threefold: (i) We present PoseFuse3D-KI, an effective interpolation framework
for human-centric keyframe interpolation, characterized by a novel pose-control model, PoseFuse3D.
It effectively extracts control signals from 3D SMPL-X and fuses 2D signals, allowing precise
and informative control. (ii) For evaluation, we construct CHKI-Video, a benchmark dataset with
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