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Figure 1. Pipeline of hand physical pose estimation. (a) From a single hand image, LiftNet estimates the corresponding joint 2D location
maps and relative depth maps. The 3D location of each hand joint can be then estimated by those two branches. (b) We use [9] to
optimize the global transformation used to align the palm joints of those two uniform joint locations; (c) IKNet learns to estimate local
transformation from the localized locations. FKLayer is adopted to measure cycle consistency from angular space to Euclidean space only
in the training phase; (d) Those estimated parameters can be used to deform the skeleton, mesh, and physical model.

A. Overview

In this supplementary document, we first provide de-
tails about the hand pose estimator used in the main paper
(Sec. B). Then, the limitations of the proposed method are
discussed in Sec. C. They were not included in the paper
due to the page limit.

B. Physical Pose Estimator
B.1. Formulation

As shown in Fig. 2, our articulated hand built in [1]
follows the topology #, rest configuration X € R21*3
and in-hand DoF axis {@; }3L, similar to a human hand [2].
Since it is tedious for the physics engine to simulate various
personalized meshes, we design a disentanglement to tackle
personalization described by bone ratios vector v € R29. It
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is defined to record the distances among adjacent joints and
characterizes each bone length (unit: mm) of X, with the
hand topology H.

Our physical pose estimator aims to regress the corre-
sponding physical pose state & € R?! from a single RGB
image. Its entire pipeline is shown in Fig. 1. It first predicts
personalized 3D joints location X, from given image, and
then disentangles our canonical € from bone ratios v and
global transformations (R, t) by steps.
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(a) Dynamic Hand Model
Figure 2. Physical hand model. Topology, DoFs and Joints of our
hand model. The palm-related joint indices are: 0,1,5,9, 13, 17.
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B.2. Pipeline

Personalized Feature. The bone ratios vector 4 € R?? is
extracted from the input image in the first step. LiftNet, a
CNN-based architecture is designed to predict the joint 2D
location maps and relative depth maps in a heatmap regres-
sion. Our loss design and map ground truth construction are
similar to [4, 11].

Through maximum likelihood estimation on those maps,
the corresponding joint information is combined to get per-
sonalized hand joints location Xp. After that, Xp is trans-
formed to the uniform location X up by keeping the root
joint fixed and storing each bone length to 4. As a result,
each bone counterpart length in X Up 1s depersonalized to
be [ = Imm. The rest configuration X transforms to be
Xy in the same way after being divided by its own bone
ratios yr:

Ry = 22 Zpr = 2 1)

YT

Global Transformation. Global transformation parame-
ters (R, t) from Xy to X Up can be determined by the
point pattern alignment [9]. Scale parameters in [9] can
be fixed as 1.0 because they both have uniform configu-
ration; This linear optimization problem have an exact so-
lution because the spatial relationship of the palm-related
joints (joint indices 0,1,5,9,13,17 in Fig. 2(c).) is rigid.
After that, we get the joint location X which only con-
tains local transformation of different fingers:

Xy =R (Xy,—t) 2

Local Transformation. The function of our IKNet (in-
verse kinematic network) Gyx is to estimate physical in-
hand pose 6 from Xy, produced in the previous step. De-
spite having the same name, the IKNet of this work is quite
different from [16] in pose representation and input data
configuration. Since Euler’s angle is difficult to regress[15],
we also design a FKLayer (forward kinematic layer) fry as
IKNet’s loopback inspection:

Xy = frr(0) = frr(0;{@;}7L,, ) (3)

frK is specific to our fixed topology H and local DOF axis
{d; }?1:1, has no learnable parameters, and takes 0 as the in-
put to output the deformed joint location Xy;. This makes
the training of IKNet also have a self-supervised term:

Lix = L1(Grx(X1),0) + Lo(frr (Grx(Xw)), Xuvi)

“)
The first term £ performs the supervision between the pre-
diction of G i and the ground truth € in angular space. And
the second term takes the prediction 6 back to the Euclidean
space to ensure the cycle consistency to the original input
X of IKNet.

Training and Inference. According to this three-step de-
sign, the pose estimator can make full use of abundant
multi-modal datasets: The RGB dataset with 2D annota-
tions [8, 10, 5] can train the backbone of LiftNet; The depth
[12] and synthetic datasets [8, 17, 7, 6] can be used for
IKNet training; The real RGB dataset [13, 18, 3, 14] with
3D annotations can be used for the fine-tuning of the whole
pipeline.

Our physical pose estimator assists TravelNet in both
training and inference. We use it to construct part of our
pose state archive for TravelNet training. In the inference
of TravelNet, the physical pose estimator separates the bone
ratio from images before TravelNet and reloads them again
on TravelNet outputs to get a personalized motion.

C. Limitations

Our approach has several limits, but it also opens up new
possibilities for future research.
Physical Modeling. Our hand model is an articulated rigid
body in a physics engine. It keeps the same skeleton and
approximate shape as the MANO original template. These
configurations are fixed during our motion solving because
the physics engine is not supported to adjust these rigid
parts dynamically. Theoretically, the TravelNet avoids the
penetrations caused by the invalid pose states without shape
variation. As for non-rigid part deformation, we directly use
linear blend skinning defined on the MANO because of the
consistency in the skeleton definition of the two models. A
promising future direction is to describe the hand model as
a soft body based on the finite element method. The motion
analysis based on this model will have higher flexibility.
Learning Paradigm. In our pipeline, the pose estimator
and the TravelNet have the obvious division of labor: the
former is responsible for image feature extracting and the
TravelNet for motion learning. Under this division, both
kinds of training data are sufficient. However, the image
quality is also helpful for noise filtering in the decoder. Im-
proving the current learning paradigm according to this in-
tuition may make the reconstructed motion more robust.
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