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Figure 1: The BEHAVE network takes voxelized human and object point cloud as input and generates an input aligned
3D feature grid, F. We then sample 3D query points and for each input point p, we use the point feature F(p) to predict
unsigned distance to human and object surfaces, uh, uo, correspondences to the SMPL model c and object orientation a. We
use these predictions to fit SMPL and object meshes to the input, explicitly taking the contacts between them into account.

1. Network Architecture
The input to our method is multi-view segmented point

cloud of the human and the object. We voxelize it and feed
it to our feature encoder f enc

φ to obtain a grid aligned set of
features. The network f enc

φ comprises of 4×{2×Conv3D+
ReLU + BN} layers. We use a stride of 2 in our convolu-
tional layers.
We then train three separate decoders f udf

φ , f corr
φ and faφ to

predict (i) unsigned distances to the human uh, and the ob-
ject uo, surfaces; (ii) correspondences to the SMPL model c
and (iii) object orientation a, respectively. We use the same
architecture for all our decoders, 3 × {Conv1D + ReLU},
followed by a regression layer, Conv1D.
Our network structure can be seen in Fig. 1. We will release
our code for further research in this direction.

2. Data collection and annotation
In this section, we discuss in more detail about our data

collection, annotation and registration process.

2.1. Data capture system setup

We use four Azure Kinect RGB-D cameras [1] placed
at four corners of a square to capture human-object interac-

tions. We use checkerboard to calibrate the relative poses
between different kinects in a pairwise manner. Specif-
ically, we capture 20 pairs of RGB-D images from two
kinects and then register each color image with correspond-
ing depth image such that they have the same resolution.
We then use OpenCV to extract the checkerboard corners
in the color images and obtain their 3D camera coordinates
utilizing the registered depth map. Finally, we perform a
Procrustes registration on these ordered 3D checkerboard
corners to obtain the relative transformation between two
kinects. We obtain 3 pairs of relative transformation for 4
kinects and combine them to compute the transformation
under a common world coordinate.

2.2. Data preprocess and manual annotation

Both color and depth videos are captured at 30fps.
Kinect cameras are synchronized through audio cables and
the exact capture time of each image is saved for later pro-
cessing. We extract synchronized frames and run depth-
color registrations so that each depth image has the same
resolution as color image. Frames are extracted at 10fps for
better SMPL registration but our manual annotation is done
at 1fps to maximize the diversity of annotated frames.
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