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Research Goals
Å Learning models to capture 3D humans interacting with the world 

from images and video

Å Learning models to synthesize 3D humans interacting with the 
world



How to learn at scale: 
Potential solutions and challenges

1. Leveraging foundation models. Problem is that they are 
inherently 2D.

2. Learning from multiple datasets. Problem is that there are 
multiple 3D annotations of skeletons, keypoints. 

3. Learning from synthetic data. Problems are domain gap, and 
lack human object interaction.



SingleImage to 3D Avatar
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3D Humans are diverse & 
complex

ÅBody Shape
ÅTexture
ÅClothing Type
ÅAccessory
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Multi-View Diffusion Models

StableDiffusion [Rombach et al., 2022]
ImageDream [Wang et al., 2024] Xue Ŝǘ ŀƭΦ bŜǳǊLt{Ωнп ώIǳƳŀƴ о5ƛŦŦǳǎƛƻƴϐ



Multi-View Diffusion Models

ÅNo guarantee on 3D consistency among 
sampled multi-view images

ImageDream [Wang et al., 2024]
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MV Diffusion + Sparse Reconstruction

Sparse
Reconstructor
(Regressor)

NeRF / SDF / 3D-GS
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MV Diffusion + Sparse Reconstruction

Å3D inconsistent multi-view images lead to 
unplausible 3D reconstruction

LGM [Tang et al., 2024]

For example, floating 
3D Gaussian Splats
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Problem

ÅMultiview Diffusion Process lacks explicit 3D representation

Multiview-
inconsistent

Multiview-
consistent
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Solution

Å Introduce explicit 3D representation to refine multiview 
consistency at each diffusion timestep!

Multiview-
inconsistent

Multiview-
consistent

Reverse 
Sampling

Consistency 
Refinement
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3Diffusion: 3D Consistent Diffusion 
Model

3D-GS
RenderDiffusion 

Model

2D Multi-view 
Diffusion Model

Strong Multi-view Prior 
helps 3D generation

Explicit 3D representation guides 
diffusion sampling trajectory

Synchronized at 
each diffusion timestep t
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ὀπ
ÔÇÔ
introduces:

VShape prior
Į3D inconsistency
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3D Gaussian 

Splats ꞉

3D Consistent Reverse 
Sampling Step 

3D generation guided by 2D multi-view prior 2D sampling trajectory refinement 
with 3D representation

Reverse noise sampling

3D consistent

renderings ὀπ
ÔÇÔ

Estimated ὀπ
ÔÇÔ

Reverse sampling

Forward training 

3D Generation 
Model 

y = ñPhotorealistic 
humanò

2D Multi-View 
Diffusion 

Model 

Noisy 

multi-view ὀὸ
ÔÇÔ

3D Gaussian Splats ꞉
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Message

Å2D Multiview Diffusion Model and 3D 
RenderDiffusion Model are synchronized at each 
timestep t, so that:

ï3D model benefits from 2D Multiview prior at each 
step

ï3D model guides 2D Multiview sampling at each step
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Single Image Reconstruction
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Single Image Reconstruction
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Input Image SMPL ICON ECONOur

LARGE DRESS

Xue et al. NeurIPSô24 [Human 3Diffusion]



OBJECTS OCCLUSION
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STRONG GENERALIZATION

SiTH (CVPR2024)Input Image SiFU (CVPR2024) ECON (CVPR2023)Our

Xue et al. NeurIPSô24 [Human 3Diffusion]



STRONG GENERALIZATION
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How to learn at scale: 
Potential solutions and challenges

1. Leveraging foundation models. Problem is that they are 
inherently 2D.

2. Learning from multiple datasets. Problem is that there are 
multiple 3D annotations of skeletons, keypoints. 

3. Learning from synthetic data. Problems are domain gap, and 
lack human object interaction.



Neural Localization Fields

ǒ Explosive growth  of datasets available, but annotations are heterogeneous

ǒ Goal at training: leverage many heterogeneous datasets for high accuracy

ǒ Goal at inference: flexibility, reconfigurable output format
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Goal : 3D Human Pose & Shape Estimation from RGB

Sarandi & Pons-Moll NeurIPSô24 [NLF]



30

WORO"Ҳ33Dgtmgng{"OJCF"Ҳ35Jwocp508O"Ҳ36MPI-INF-5FJR"Ҳ39VqvcnEcrvwtg"Ҳ39OCFU"Ҳ39UWTTGCN"Ҳ39MuCo-5FJR"Ҳ3:LVC"Ҳ3:CMU-Rcpqrvke"Ҳ3;

IRC"Ҳ3;5F"Rgqrng"Ҳ3;SAIL-XQU"Ҳ3; JWODK"Ҳ425FQJ72M"Ҳ42EJK5F"Ҳ42Jwocp6F"Ҳ42AIST-Fcpeg--"Ҳ43ASPset-732"Ҳ43IKEA-CUO"Ҳ43

BML-OqXk"Ҳ43Hkv5F"Ҳ43JwocpUE5F"Ҳ43JURCEG"Ҳ43CIQTC"Ҳ43

DNA-Tgpfgtkpi"Ҳ45IgpgDqf{"Ҳ44GiqJwocpu"Ҳ45GiqDqf{"Ҳ45CTEVKE"Ҳ45KpvgtEcr"Ҳ44 OQ[Q"Ҳ45

ZJU-Oqecr"Ҳ43 JwOOcp"Ҳ44

U{pDqf{"Ҳ45

URGE"Ҳ43 TKEJ"Ҳ44DGJCXG"Ҳ44

DGFNCO"Ҳ45 Jk6F"Ҳ45

More and more datasets availableé



ébut annotations are heterogeneous

ǒ Different body models, different skeleton conventions, 2D skeletons, DensePose, partial annotations, etc.

We need a model formulation  to leverage large -scale 

heterogeneously annotated  human pose/shape data

é
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From pose estimation to continuous point localization

ǒ Thinking in terms of points unifies skeleton and body model estimation tasks

ǒ We ñupgradeò pose estimators to predict arbitrarily chosen points

32
Sarandi & Pons-Moll NeurIPSô24 [NLF]



Before: Localizing a point (e.g. a joint)

Pre-decided set of 

predictable points, 

via separate weights

Sarandi & Pons-Moll NeurIPSô24 [NLF]



Now: Localizing an arbitrary  point (chosen dynamically)

Sarandi & Pons-Moll NeurIPSô24 [NLF]







Obtaining body model parameters

ǒ Core of NLF is nonparametric

ǒ But given joints and vertices, obtaining parameters is simple

ǒ Side contribution: efficient body model fitting (IK) algorithm

ǒ 2-3 iterations of: get joint rotations via Kabsch, solve for shape via Cholesky 

Parametric SMPL fitNonparametric estimate by NLF

Sarandi & Pons-Moll NeurIPSô24 [NLF]







NLF Summary

ǒ New SOTA 3D Human pose and shape  estimation models

ǒ Goal: flexible model trainable with different annotations to leverage scale

ǒ Neural Localizer Field  to localize any body point,  not just predefined joints

ǒ Point-based formulation unifies many tasks and annotations

ǒ Code & models  soon: https://virtualhumans.mpi-inf.mpg.de/nlf

Sarandi & Pons-Moll NeurIPSô24 [NLF]

https://virtualhumans.mpi-inf.mpg.de/nlf


How to learn at scale: 
Potential solutions and challenges

1. Leveraging foundation models. Problem is that they are 
inherently 2D.

2. Learning from multiple datasets. Problem is that there are 
multiple 3D annotations of skeletons, keypoints. 
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Template Free Reconstruction of Human-object 
Interaction with Procedural Interaction Generation
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Goal 

Template-free HOI Reconstruction with ProciGen | Xianghui Xie

Input image 
3D human, high fidelity object shape 

and contacts 

ÅReconstruct human and object without any template shapes. 
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Challenges 
ÅDepth-scale ambiguity. 

ÅHeavy occlusion. 

Template-free HOI Reconstruction with ProciGen | Xianghui Xie

ÅDiverse human and object 
pose, shape variations.

Reason 3D from 2D: we need 
priors for interaction and shapes. 
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Challenge: lack of data 
ÅExisting real interaction data is limited: only 10-20 object shapes. 

ÅHuman or object shapes are much more diverse. 

Template-free HOI Reconstruction with ProciGen | Xianghui Xie

BEDLEM: 271 bodies, 1691 clothing

Objaverse-XL: 10M+ 3D objects

BEHAVE: 7 humans, 20 objects, 5 scenes

InterCap: 10 humans, 10 objects, 1 scene

.9I!±9Υ .ƘŀǘƴŀƎŀǊ Ŝǘ ŀƭΦ /±twΩноΦ 
InterCapΥ IǳŀƴƎ Ŝǘ ŀƭΦ D/twΩннΦ
.95[9aΥ .ƭŀŎƪ Ŝǘ ŀƭΦ /±twΩноΦ 
Objaverse-XL: Deitke Ŝǘ ŀƭΦ !Ǌƛ·ƛǾΩноΦ 
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