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Abstract— Various heuristic objectives for modeling hand-
object interaction have been proposed in past work. However,
due to the lack of a cohesive framework, these objectives often
possess a narrow scope of applicability and are limited by their
efficiency or accuracy. In this paper, we propose HANDYPRI-
ORS, a unified and general pipeline for pose estimation in
human-object interaction scenes by leveraging recent advances
in differentiable physics and rendering. Our approach employs
rendering priors to align with input images and segmenta-
tion masks along with physics priors to mitigate penetration
and relative-sliding across frames. Furthermore, we present
two alternatives for hand and object pose estimation. The
optimization-based pose estimation achieves higher accuracy,
while the filtering-based tracking, which utilizes the differen-
tiable priors as dynamics and observation models, executes
faster. We demonstrate that HANDYPRIORS attains comparable
or superior results in the pose estimation task, and that the
differentiable physics module can predict contact information
for pose refinement. We also show that our approach generalizes
to perception tasks, including robotic hand manipulation and
human-object pose estimation in the wild.

I. INTRODUCTION

Hands serve as the primary means by which humans
interact with the physical world as they are responsible for
most of the intricate and dexterous object manipulation tasks.
A good understanding of hand-object interaction helps with
numerous learning-based tasks such as action recognition [1],
robotic manipulation [2], user interaction [3], etc.

Estimating hand and object interaction presents several
challenges. Firstly, the complex, deformable geometry and
dynamics of hands present challenges in learning and op-
timization. Unlike rigid objects, hands are articulated with
joints and possess high degrees of freedom. Their non-
linearity and non-convexity further exacerbate the complexity
of the task. Secondly, the presence of both self-occlusion and
hand-object occlusion result in uncertainty when predicting
hand poses during manipulation. Finally, the rich contacts
between hands and objects in interaction scenes necessitate
the need for a consistent estimation method for both the hand
and the object to avoid penetration.

There are generally two categories of approaches for
estimating hand and object poses. The first approach is
purely learning-based, where the network architectures, loss
functions, and training strategies are carefully designed to
train a generalizable mapping from images to hand and object
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Fig. 1: HANDYPRIORS is a modular block application
in multiple tasks. The estimation of hand-object interaction
can be achieved by (a) optimization-based refinement or (e)
filtering with Extended Kalman Filter (EKF). Moreover, the
differentiable contact module can be used to perform (b) pose
refinement given contact status. Our differentiable priors can
also be used in pose estimation for scenes with (c) robot
hands or (d) human bodies.

configurations [4], [5]. Although neural networks and large
training datasets can mitigate the difficulties posed by high
degrees of freedom and non-convexity, they cannot guar-
antee interpretability nor correctness. The second category
of approaches is optimization-based [6], [7], which involves
defining and optimizing heuristic target functions to improve
physical feasibility and reduce penetrations. Although the
optimization process may be slower, per-frame iterations can
improve the accuracy of the results.

In this paper, we leverage both learning and optimization
techniques. Our method utilizes pre-trained networks to pro-
vide an initial estimate of poses, and then uses differentiable
self-supervised terms to further refine the estimation by
correcting errors from pixel-level misalignment and non-
physical penetration/oscillation. Inspired by the success of
self-supervised learning in large-scale vision and language
models [8], [9], we adopt similar techniques to estimate
hand-object interactions. Specifically, we propose supervis-
ing the pose prediction by comparing it with subsequent
video frames, similar to the way in which text generation
can be trained using sequence completion.

To enable backpropagation of gradients from image space,
we develop fully-differentiable operators that simulate and
render predicted poses. This closed-loop optimization ap-
proach improves the accuracy by making the estimation
resemble more of the input image. We also incorporate
several regularization terms to minimize motion oscillation
and collision in predicted sequences.

While the optimization process improves the accuracy, it
can be time-consuming. To address this issue, we present an
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alternative filtering technique based on the Kalman filter [10]
to further utilize our differentiable dynamics and observation
modules. This approach allows the user to make a trade-off
between efficiency and accuracy depending on whether they
choose to perform online tracking or offline optimization.
Employing this integrated differentiable rendering and sim-
ulation pipeline, we also apply our pose estimation method
to human and synthetic robot hand scenes, demonstrating
the generalizability and robustness of our method. Figure 1
summarizes several applications of this approach.
In summary, the key contributions of this work are:
o An integrated differentiable rendering (Sec. III-B)
and simulation (Sec. III-C) pipeline to estimate hand-
object interaction.

e An offline optimization (Sec. III-D) and an online
tracking (Sec. III-E) process that can predict poses and
contact information, providing the user with options to
balance between accuracy and efficiency.

o Experiments that generalize our priors to applica-
tions, e.g. robotic manipulation (Sec. IV-A), contact
refinement (Sec. IV-D), and human bodies (Sec. IV-E).

In our experiments, our method achieves comparable

or better pose estimation results in hand-object-interaction
datasets [11], [12]. Additionally, we show that the contact
information predicted by our method effectively refines pose
estimation. Our ablation study compares the differences be-
tween the optimization and tracking results, further validating
the contributions of different losses.

II. RELATED WORKS

Hand and object pose estimation from monocular im-
ages [13], [14], [15], [16] is a fundamental problem in
computer vision. Many recent works predict 6 DoF object
poses assuming known rigid mesh models [17], [18], [19].
For human hands, MANO [20] proposes a parametric model
to represent the hand geometry using different shape and
pose parameters. Numerous learning-based approaches focus
on predicting 3D joint locations from RGB(D) inputs [21],
[22], [23], [24], [25], [26], [27]. Others [28], [29], [7], [30]
then regress to the MANO pose and shape parameters. There
are also approaches directly learning a mapping between
visual inputs and hand poses from annotated datasets [31],
[32], [33], [34]. These methods achieved remarkable success
on hand-only datasets but had poor performance when hands
were holding objects. There are also optimization-based
approaches that optimize hand parameters based on 2D key
points [6], [7], [35] or segmentations [11]. They tend to
have better accuracy but are much slower due to the iterative
optimization process. We propose a tracking-based pipeline
with higher efficiency. Our differentiable priors are more
general and can be applied to a wider range of applications.

Hand object interaction has been garnering progressively
more attention. Treating hand and object pose estimation
separately results in inaccurate estimation for both. With
an increasing number of hand-object datasets being cre-
ated [36], [37], [38], [11], [4], [39], many recent works

have started to focus on jointly tracking hands and objects.
However, simultaneously estimating both is challenging due
to occlusions and depth ambiguity. [5] designed a joint
learning framework based on contextual reasoning between
hand and object representations. [40] proposed an ordinal
relation loss to correct depth misalignment between hand
and object. [41] incorporated a feature injection mechanism
that better handles occlusion by integrating hand information
into the obscured areas. These methods improve the accuracy
of pose estimation but pay little attention to the physical
interaction between hand and objects. Other works aim to
predict physically plausible hand-object poses. To achieve
this goal, interaction constraints are applied to encourage
contact and minimize interpenetration. [7], [6] proposed
to use signed distance functions (SDF) to model contact
between hand and object, [42] design a deep network to
estimate contact areas and a virtual capsule technique to
simulate soft hand tissue deformation. [43] apply motion and
force vectors to reconstruct interactions. Compared to these
methods, our approach is more general and can be used in
contact-based refinement and pose estimation in both human-
hand and non-human-hand scenarios.

Differentiable Priors. Differentiable rendering [44], [45],
[46] and physics [47], [48], [49] have been used to solve
inverse problems for their efficiency in optimization. For
hand grasping, [50] leverages a physics simulator to evaluate
dynamic interactions between the hand and the object. [51]
uses differentiable physics to generate physically realistic and
stable grasps. There are also recent works that use differen-
tiable rendering to optimize human [52] or object [53] poses.
However, they do not consider their physical interactions.
[54] utilize a differentiable articulated body simulator to
learn and smoothen human-pose estimation. In contrast, our
method leverages rendering priors for each frame, thereby
significantly accelerating pose estimation in a video.

III. METHODS: HANDYPRIORS
A. Problem Setting

Given a sequence of RGB hand-object-interaction images
and the object’s 3D model, we propose two pipelines to
estimate the configuration of the hand and object in each
frame. Figure 2 shows an overview of our method.

In particular, we represent the hand using the MANO [20]
parameterization, which describes a hand by its pose 0 €
R4°+6 (representing the rotations of 15 hand joints and a 6
DoF global transformation) and shape 3 € R'C (a statistical
model) parameters. The 778 vertices V,qnqg € R778%3 of the
hand mesh can be computed from 6, 8 using a learned linear
model Viana = m(6, B).

The object pose has 6 degrees of freedom, which contains
its translation t € R and rotation (represented by XYZ
Euler angles) r € R3.

B. Differentiable Rendering Priors

The first prior of our approach is differentiable rendering,
which helps align the estimated 3D model with the 2D image.
Instance segmentation is the key information we rely on
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Fig. 2: An overview of our optimization and filtering pipelines. We provide two alternatives for utilizing the differentiable
priors. Given the image and the estimation from previous frames, (a) the optimization pipeline first initializes the poses with
pre-trained networks and then minimizes the rendering and physics losses from the differentiable operators; (b) the filtering
pipeline can take some simple observations and use Extended Kalman Filter (EKF) to update the state estimation. EKF
requires differentiable physics and rendering to model the system and runs much faster than the optimization pipeline.

to optimize hand and object poses. We use a segmentation
detector [55] trained on the COCO dataset [56] to extract
hand and object masks. Our experiment shows that although
the image segmentation detector, PointRend [55], was not
trained on the YCB objects [57], it can correctly predict
object masks. However, it fails to adequately segment hands
as fingertips are harder to detect. Thus, we further trained
PointRend to obtain better segmentations for the hand and
hand-held objects.

For each frame, we utilize a differentiable renderer Sof-
tRas [44] that rasterizes and projects 3D hand and object
models to 2D, then we optimize hand parameters 6 and object
parameters r, t by fitting the projected vertices onto the hand
and object masks. Next, we describe loss terms related to the
rendering part.

RGB image loss. Since hand texture varies greatly from
person to person, we only render the RGB images for objects.
We then apply L2 loss between the rendered image I,- and the
input RGB image I;,, cropped by the detected object mask
M,y The image loss term can be expressed as follow:

Limg(r;t) = ||(1 - Mhand)lr - MobinnHS (1)

Mask loss. Compared to the RGB image loss, masks have
fewer features but are not sensitive to lighting and texture,
hence the loss based on masks is more robust and general.
We use a differentiable renderer to render the silhouette of
hands and objects together. We then apply L2 loss between
the rendered mask M, and the detected mask M,

Lmask(evrat) = HMT - Md”% (2)
C. Differentiable Physics Priors

Besides the rendering priors defined on the 2D image
spaces, we also add more physics-related priors in the 3D
and temporal domain to help us regularize the hand-object
understanding.

Contact loss. During manipulation, we observe that most of
the contacting vertices between hand and objects do not have
sudden relative sliding. Based on this observation, we first
utilize a GPU-based differentiable contact module to infer
the signed distance function sdf (Vpanq) from hand vertices
to the object. Then, we find the contact points v; where the
SDF values are smaller than 0.1. The relative sliding between
tand t — 1 is,

Litiding (0, 1,t) = [[(vi—te) (r7) T = (Vi1 —te-1) (r, ) 7|

Moreover, given the SDF results, we reduce penetration
by penalizing the negative SDF values.

Lpenetration(av r, t) = min(07 _Sdf(vhand)) (3)

Smoothness loss. To enhance the continuity of hand and
object across time, we penalize sudden changes of object
and hand in two consecutive frames. For objects, we apply
L2 loss between object vertices in the current frame V; and
previous frame V,_;. For hands, we compute the L2 loss
between hand poses in two frames 6y, 6,1,

Lcon - ||Vt - Vt71||g + ||9t - etle% (4)

During the experiment, we also observed that objects
usually have jittering for several frames. Thus, we add a
smoothness term to punish the oscillation in object velocity,

Lsmo = H(Vt - thl) - (thl - Vt72)H%- (5)

D. Optimization-based Refinement

In summary, the losses of rendering priors are
Lrender = /\lLimage + A2L17"Lasl€7 (6)
and the physics-inspired losses are

Lphysics = )\Sleiding + >\4Lpenetration + )\5Lcon + >\6Lsm07
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Fig. 3: Diagram of the EKF filtering process. With (1)
the differentiable physics f and (2) rendering h modules
to compute the Jacobians, (3) the extended Kalman Filter
(EKF) can perform state estimation given the control signal,
observation, and previously estimated states.

TABLE I. Ablation study. We run ablation studies for
optimization (left) and filtering (right) pipelines. For opti-
mization, 2D and 3D errors (cm) decrease with gradually
added rendering L;cnqer and physics 10ss Lppysics. Filtering
(0.03 s) is faster than the optimization (e.g. ours take 5 s and
Homan [7] takes 9 s) but sacrifices accuracy.

Optimization 2D Error ~ 3D Error  Runtime (s) ‘ Filtering 2D Error 3D Error  Runtime (s)
Initialization 1.03 525 0.072 Ohand 44.59 5.57 0.024
+Lrender 0.77 1.54 229 Oobject 19.00 11.24 0.027
+Lphysics 0.43 110 5.83 Ohand-tobject 8.84 741 0.029

where \’s are the weights for the loss terms. With these
differentiable loss terms, we optimize the pose of the hand 6
and object r,t using a gradient-based optimization method
such as Adam [58].

E. Filtering-based Tracking

Besides the optimization-based process, we can also use
the differentiable priors in a more light-weight (faster but less
accurate) pipeline (Fig. 3). Multiple filtering algorithms (e.g.
Extended Kalman Filter (EKF) [10]) can be integrated with
this method for fast tracking. EKF can give a state estimation
in a dynamic system

Xt = f(Xe—1,Us) + €5, 2 = h(X4) + €, @)

where x is the state, u is the control, z is the observation, €,
and ¢, are noises, f(-), h(:) are differentiable functions for
states and observation, respectively. Using the EKF, we can
compute an estimation X; for the hidden state x; given the
observation z; and control uy.

The states of the hand-object system are x; = (6, ry, t¢).
Using those pose parameters (along with the known object
model and shape parameters [3), we can reconstruct the entire
scene. For most of the cases in real life and nearly all of the
cases in existing datasets, hands can be modelled as actuators
whereas objects are primarily passive. Therefore, the control
input for the system is the hand pose u; = 6.

Since the differentiable renderer can output various quan-
tities (2D keypoints, bounding box, full image set), the
observations we can choose are also flexible. For instance,
the 2D positions of the fingertips can serve as the only
feedback supervision. Then the observation function is,

h(xt) = Stips . Vhand(ot)a (®)

(a) Input (b) Semi [5] (c) HANDYPRIORS
Fig. 4: Real-world pose estimation. (a) We record a robotic
hand manipulating a cracker box in the real world using
a calibrated camera. With (b) initialization using [5]. We
observe that (c) our method can recover the transformation
of the box.
where Siips € RP*7™ is a one-hot encoding matrix that
selects fingertips out of the hand.

The more challenging part is to construct the dynamics
function f(-). A direct solution is to use a differentiable
full dynamics model to describe the system. However, the
actuation signals of the hand (like muscle contraction) are
unavailable from the MANO parameter. We thus choose to
use simpler and more robust quasistatic dynamics. If the
hand makes contact with an object on vertices v, =
Scontact * Vhand(0¢—1) at time step ¢ — 1, we assume the
relative sliding on the vertices from v;_; to v, € R"contact x3
is small. The rotation R and translation T are estimated as,

UXVT = svd(v,_¥;) )
R, = (UVH)TR,_;
Tt = \7t - {’tfl(UVT) + thl

where v = v — v is the contact vertices subtracting their
centroids v, svd(-) is the singular value decomposition.

With the differentiable observation h(-) (Eq. 8) and dy-
namics f(-) (Eq. 9), we can then use the EKF to track and
estimate the states x; = (04,1, ty).

IV. EXPERIMENTS

In this section, we apply our differentiable priors to five
scenarios: (a) object pose estimation for robotic manipu-
lation, (b) pose estimation, (c) filtering-based tracking, (d)
contact refinement, and (e) human-object pose estimation.
Our method can achieve comparable or better results in a
wide range of tasks.

A. Real-world Robotic Hand and Object Iteration

Our method can generalize to a wide range of sce-
narios, including robotic hands and object interaction. To
demonstrate this, we designed a robotic hand manipulation
task. We first record sequences of RGB images where an
Allegro robotic hand interacts with a YCB object [57]
using the calibrated Intel RealSense camera and record the
corresponding hand pose parameters. We then predict the
initial object pose using only the RGB image with [5].
Given the robotic hand configuration calculated using the
hand pose parameter and segmentation masks predicted by
Pointrend [55]. We then use our pipeline to optimize the
object pose r, t. Figure 4 shows the optimization result of our
method. The results demonstrate that our method is capable
of generating accurate object poses even with robotic hand
interaction scenes.
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TABLE II: Evaluation of hand pose estimation. We mea-
sure the joint error (cm), mesh error (cm), and joint AUC
on the DexYCB dataset [38]. PA is Procrustes Alignment.

Methods Joint (PA) Joint Mesh (PA) Mesh  Joints AUC
Artiboost [40] 0.65 1.12 0.69 1.21 0.870
Homan [7] 1.84 4.41 1.80 4.34 0.644
HandOccNet [41] 0.62 1.16 0.66 1.20 0.877
HANDYPRIORS (ours)  0.52 0.81 0.51 0.89 0.896

TABLE III: Quantitative evaluation of object pose es-
timation. Our approach is compared with Semi [5], Art-
iboost [40], Homan [7] on the HO3D [11] and DexYCB
Dataset [38]. We report the 2D (¢m) and 3D (c¢m) errors.

Method

2D Error (HO3D) 3D Error (HO3D) 2D Error (DexYCB) 3D Error (DexYCB)

Artiboost [40] 6.41 10.83 3.01 6.78
Homan [7] 4.60 4133 15.21 95.07
Semi [5] 2.06 26.35 9.20 47.77
HANDYPRIORS (ours) 1.67 3.22 0.96 379

B. Pose Estimation

1) Datasets and Metrics: Datasets. HO3D dataset [11]
is a real hand-object interaction dataset that contains ap-
proximately 80K images from more than 65 sequences. It
uses 10 models from the YCB dataset [57]. We report the
performance of all of the methods on the evaluation split of
the dataset. Dex-YCB dataset [38] consists of 582K images
over 1,000 sequences of 10 subjects grasping 20 different
YCB objects [57] from 8 camera views. In this work, we
report the performance of our method on the Sy test split
of the dataset. Following [40], we filter out frames that
contain the left hand or where the hand is not in contact with
the object. Metrics. In Table III, we measure the 2D error

by projecting the object vertices onto the image plane and
computing the Chamfer distance between the ground truth
vertices and predicted vertices. The 3D error is the Chamfer
distance in the original 3D space. We also report the collision
between the hand and the object. In Table II, we compute the
joint error, mesh error, and joint AUC (Area Under the ROC
Curve). For joint and mesh error, we report results before
and after Procrustes alignment, where Procrustes alignment
changes the global rotation, translation, and scale of the
estimated pose to match the ground truth.

2) Optimization-based Refinement: 'We compare our
optimization-based method described in Section III-D with
Semi [5], Artiboost [40], Homan [7] for the pose estimation
task. In the HO3D dataset, we test three objects from the
evaluation split: Mustard Bottle (SM11), Meat Can (MPM10-
15), and Bleach Cleanser (SB11, 13). Table III shows that
our method outperforms alternative methods for estimating
the pose of the objects. Our method also achieves comparable
results in terms of collision metrics. Table II shows the hand
prediction results compared to Artiboost [40], Homan [7],
and HandOccNet [41]. Our method also improves over
the initialization from [41] and achieves the best accuracy
in all metrics. Figure 5 shows some qualitative results of
the predictions. Compared to other methods, our optimized
results are better aligned with the image and have more
reasonable relative positions between hands and objects.

3) Ablation Study: In this part, we study the influence
of different loss terms on the estimation results. All the

TABLE IV: Error after contact-based pose refinement.
Our differentiable contact module achieves comparable re-
sults as ContactOpt [42].

Method hand joints  hand verts  object verts
ContactOpt 0.0143 0.0137 0.0367
ours 0.0143 0.0136 0.0364

experiments are run in the evaluation set SM1 from the
HO3D dataset [11]. Table I presents the quantitative results.
Starting from the initialization by the pre-trained network [5],
adding rendering 10ss Lyendering drastically improves the
performance, especially with regards to the 3D error as
it can adjust the translation errors in the depth direction.
Moreover, adding the physics loss term Lppysics improves
the results further by reducing penetration and oscillation in
the predicted sequences.

C. Filtering-based tracking

We apply the tracking algorithm described in Section III-
E to perform pose estimation. We run on the SM1 sequence
and qualitative results are shown in Figure 6. Our filtering
pipeline (b) yields adequate estimation results of the objects
given only the fingertips as inputs (red dots in the figures).
Meanwhile, the (a) learning-based method [5] would have
huge errors in object pose estimation.

We also conduct quantitative experiments in Table I where
different observations are fed into the filter. Oy, 4,4 use the
predicted 3D positions of fingertips from as observation;
Oopject takes the predicted object center as observations;
Ohand+object uses both the aforementioned hand and object
information as an observation. The results show that with
more observation available, the tracking results tend to be
more accurate. The tracking method is much faster than the
optimization pipeline; however, the accuracy decreases since
less information is provided to it.

D. Contact Refinement

The physics module can output contact information during
prediction. Given the pose of the hand and the object,
our GPU-based differentiable Warp kernel [59] can output
the signed distance function s and the normal direction n
for each hand vertex {n;,s;}i<n,.., = contact(f,r,t).
Following [42], we define a contact value CO; = min(%, 1)
for each vertex. When a vertex is within Imm (s; < f) of
the object, CO; = 1 then means this point is in-contact.

Given randomly initialized hand poses, our method refers
to the ground truth contact information provided by Con-
tactPose datasets [60] as the target. Since our contact(-)
module is also differentiable, we can then optimize the poses
to match the target contact status {C'O;,n;} with gradient-
based optimization and achieve comparable results as [42]
shown in Figure IV.

Figure 7 shows examples of the optimization process. (a)
and (c) are the input randomized hand, (b) and (d) are the
optimized hand-object interaction. The results are similar to
how people handle those objects in daily life.
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Fig. 6: Filtering results. We show that the filtering pipeline
can estimate the object pose with just fingertips (red points)
as input. It can give robust and continuous estimation even
when the purely learning-based method (a, c) fails.
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Fig. 7: Qualitative results of contact-based pose refine-
ment. Given randomized initial poses (a,c) and desired
contact regions, our method can refine poses using a differ-
entiable contact model & gradient-based optimization (b,d).
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E. Generalization to Human

Our proposed differentiable priors can also be applied to
human object pose estimation. With RGB images from the
COCO02017 dataset [56], we use [53] to initialize both human
and object poses, and then use [55] to predict the instance
segmentation mask for both the human and objects. Sub-
sequently, we replaced the MANO hand model [20] in our
pipeline by SMPL human body model [61] which describes
the human body also by pose § € R and shape 3 €
R0 parameters. Following the same set up as hand-object
optimization, we refine human parameters (0, 5, Thuman)
and object parameters(r,t) through our pipeline using both
differentiable rendering and physics priors. Our experiment
shows that our method can generate accurate human-object
pose estimation. As ground truth poses for human and object
are unavailable, we report the intersection of union(IoU) and
the interpenetration volume between human and object in
Table V. Figure 8 shows the qualitative result of our method
and the contribution of each component of the pipeline.

V. CONCLUSION

In this paper, we present HANDYPRIORS, a framework
of differentiable rendering and physics priors for pose es-
timation in hand-object-interaction scenes. Two alternatives
are presented to match different use cases: the optimization-
based pose refinement which focuses on the prediction ac-

TABLE V: Quantitative evaluation on human object pose
estimation Our method can achieve higher 2D IoU and lower
collision error (cm?) compared to PHOSA [53].

Method human IoU  object IoU  Collision
PHOSA 0.45 0.51 6818.18
+Lrender 0.64 0.59 8742.63
+Lphysics 0.68 0.64 666.67

(a) Initialization

7Ty Py

(b) L'render (C) LTendeT+physics

7Ty Py e

! -

Fig. 8: Human Object Pose Refinement. Qualitative com-
parison between (a) initialization using [53], (b) refinement
using only differentiable rendering, and (c) refinement using
both differentiable rendering and physics simulator. The
rendering loss helps to align the image, and the physics loss
can mitigate penetrations.

curacy, and the filtering-based tracking which focuses on the
runtime speed. Our proposed rendering and physics-related
operators enable closed-loop optimization and tracking with
self-supervision from the input RGB image sequences. Ex-
periments show that our method yields comparable or better
results in the pose estimation and contact refinement task due
to our unified and general priors. We also demonstrate that
our method can be applied to robotic hand manipulation and
human pose estimation tasks.

There could be several future follow-ups to this work.
First, the optimization pipeline can fail if the initialization is
poor. This problem could be alleviated by adding bounding
boxes or key-point related terms to the differentiable ren-
dering module. Second, the performance of the optimization
could be improved through a faster differentiable rendering
module, such as Nvdiffrast [62]. Third, the current filtering
pipeline based on EKF could potentially output the uncer-
tainty of the prediction. It would be promising to incorporate
our pipeline with probabilistic prediction. Fourth, while it
currently supports human hands, it could be adapted for
robotic arms with different configurations by changing the
kinematic structures.
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