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Abstract
Deep learning has had remarkable success in robotic

perception, but its data-centric nature suffers when it comes
to generalizing to ever-changing environments. By contrast,
physics-based optimization generalizes better, but it does
not perform as well in complicated tasks due to the lack
of high-level semantic information and reliance on manual
parametric tuning. To take advantage of these two comple-
mentary worlds, we present PyPose: a robotics-oriented,
PyTorch-based library that combines deep perceptual mod-
els with physics-based optimization. PyPose’s architecture is
tidy and well-organized, it has an imperative style interface
and is efficient and user-friendly, making it easy to integrate
into real-world robotic applications. Besides, it supports par-
allel computing of any order gradients of Lie groups and Lie
algebras and 2nd-order optimizers, such as trust region meth-
ods. Experiments show that PyPose achieves more than 10×
speedup in computation compared to the state-of-the-art
libraries. To boost future research, we provide concrete ex-
amples for several fields of robot learning, including SLAM,
planning, control, and inertial navigation.
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1. Introduction
Deep learning has made great inroads in visual perception

tasks such as classification [66], segmentation [45], and de-
tection [38]. However, it is still often unsatisfactory in some
robotic applications due to the lack of training data [65],
ever-changing environments [76], and limited computational
resources [67]. On the other hand, physics-based optimiza-
tion has shown great generalization ability and high accu-
racy in many vision and robotic tasks, such as control [24],
planning [70], and simultaneous localization and mapping
(SLAM) [76]. Nevertheless, it relies on problem-specific
parameter tuning and suffers from the lack of semantic in-
formation. Since both methods have shown their own merits,
more and more efforts have been made to take advantage of
the two complementary worlds [75].

Currently, learning-based methods and physics-based op-
timization are typically used separately in different modules
of a robotic system [23]. For example, in semantic SLAM,
learning-based methods showed promising results in scenar-
ios where high-level semantic information is needed or as a
replacement for hand-crafted features and descriptors, e.g.,
feature matching in the front-end [53], while physics-based
optimization plays a vital role in cases where a well-defined
physical model can be established, e.g., pose graph optimiza-
tion in the back-end [12]. Researchers usually first execute
the front end and then pass the results to the back end for
optimization. Despite the tremendous progress in the past
decades, such a two-stage, decoupled paradigm may only
achieve sub-optimal solutions, which in turn limits system
performance and generalization ability. Hence, developing
integrated methods with end-to-end differentiation through
optimization is an emerging trend [59–61].

A variety of applications in perception, motion planning,
and automatic control have been explored for end-to-end
learning [30,37,59]. However, most of these applications rely
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on problem-specific implementations that are often coded
from scratch, which makes it difficult for researchers to build
upon prior work and explore new ideas. This hinders the
development cycle due to the lack of a unified and system-
atic development framework. For example, people usually
leverage PyTorch-based [48] models for developing learning-
based perceptual models, but then have to use C(++)-based
optimization libraries, such as GTSAM [20], OMPL [54],
and CT [27], for physics-based optimization. The mixed
usage of Python and C++ libraries increases the system
complexity and slows down the development cycle as it is
time-consuming for cross-language debugging and ineffi-
cient to transfer data among different processes, e.g., ROS
nodes [51]. Therefore, there is an urgent need for a sys-
tematic development tool in a single language, accelerating
end-to-end learning for physics-based optimization.

Some researchers have spent effort towards this objec-
tive. For example, LieTorch exploits the group structure of
3D transformations and performs back-propagation in the
tangent spaces of manifolds [60]. However, only 1st-order
differentiable operations are currently implemented, which
limits its practical use, since higher order derivatives provide
additional local information about the data distribution and
enable new applications [44]. CvxpyLayer [3] takes con-
vex optimization as a differentiable neural network layer,
while it doesn’t support operation for Lie groups and 2nd-
order optimizers. Similarly, Theseus [49] takes non-linear
optimization as network layers; however, it adopts rotation
matrices for transformation representation, which is memory
inefficient for practical robotic applications.

To address the above limitations, we present PyPose, an
open-source library based on PyTorch to connect learning-
based perceptual models with classical algorithms that can
be formulated as physics-based optimization, e.g., geometry
problem, factor-graph optimization, and optimal control. In
summary, our main contributions are:

• We present a new python-based open-source library, Py-
Pose, to further enable end-to-end learning with physics-
based optimization and accelerate the next generation
of developments in robotics. PyPose is designed to be
easily interpretable, user-friendly, and efficient with a
tidy and well-organized architecture. It provides an im-
perative programming style for the convenience of real-
world robotic applications. PyPose supports any order
gradient computation of Lie groups and Lie algebras,
and 2nd-order optimizers such as Levenberg-Marquardt
with trust region steps. As demonstrated in Figure 1,
our experiments show that PyPose achieves more than
10× faster compared to state-of-the-art libraries.

• We provide sample uses of PyPose. Users can easily
build upon existing functionalities for various robotic
applications. To the best of our knowledge, PyPose is
one of the first Python libraries to comprehensively

cover several sub-fields of robotics, such as perception,
SLAM, and control, where optimization is involved.

2. Related Work
Existing open source libraries related to PyPose can

mainly be divided into two groups: (1) linear algebra and
machine learning frameworks and (2) optimization libraries.

2.1. Linear Algebra & Machine Learning
Linear algebra libraries are essential to machine learning

and robotics research. To name a few, NumPy [46], a linear
algebra library for Python, offers comprehensive operations
on vectors and matrices while enjoying higher running speed
due to its underlying well-optimized C code. Eigen [29], a
high performance C++ linear algebra library, has been used
in many projects such as TensorFlow [1], Ceres [2], GT-
SAM [20], and g2o [28]. ArrayFire [42], a GPU acceleration
library for C, C++, Fortran, and Python, contains simple
APIs and provides thousands of GPU-tuned functions.

While relying heavily on high-performance numerical
linear algebra techniques, machine learning libraries focus
more on operations on tensors (i.e., high-dimensional matri-
ces) and automatic differentiation. Early machine learning
frameworks, such as Torch [19], OpenNN [47], and MAT-
LAB [43], provide primitive tools for researchers to develop
neural networks. However, they only support CPU compu-
tation and lack concise APIs, which plague engineers using
them in applications. A few years later, deep learning frame-
works such as Chainer [62], Theano [4], and Caffe [34] arose
to handle the increasing size and complexity of neural net-
works while supporting multi-GPU training with convenient
APIs for users to build and train their neural networks. Fur-
thermore, the recent frameworks, such as TensorFlow [1],
PyTorch [48], and MXNet [18], provide a comprehensive
and flexible ecosystem (e.g., APIs for multiple programming
languages, distributed data parallel training, and facilitating
tools for benchmark and deployment). Gvnn [31] introduced
differentiable transformation layers into Torch-based frame-
work, leading to end-to-end geometric learning. JAX [9]
can automatically differentiate native Python and NumPy
functions and is an extensible system for composable func-
tion transformations. In many ways, the existence of these
frameworks facilitated and promoted the growth of deep
learning. Recently, more efforts have been taken to combine
standard optimization tools with deep learning. Recent work
like Theseus [49] and CvxpyLayer [3] showed how to embed
differentiable optimization within deep neural networks.

By leveraging PyTorch, our proposed library, PyPose,
enjoys the same benefits as the existing state-of-the-art deep
learning frameworks. Additionally, PyPose provides new
features, such as 2nd-order optimizers and computing any
order gradients of Lie groups and Lie algebras, which are
essential to geometrical optimization problems and robotics.



Table 1. A list of supported class alias of LieTensor.

Transformation Lie Group Lie Algebra

Rotation SO3() so3()
Rotation & Translation SE3() se3()

Rotation & Translation & Scale Sim3() sim3()
Rotation & Scale RxSO3() rxso3()

2.2. Open Source Optimization Libraries
Numerous optimization solvers and frameworks have

been developed and leveraged in robotics. To mention a
few, Ceres [2] is an open-source C++ library for large-scale
nonlinear least squares optimization problems and has been
widely used in SLAM. Pyomo [32] and JuMP [22] are opti-
mization frameworks that have been widely used due to their
flexibility in supporting a diverse set of tools for construct-
ing, solving, and analyzing optimization models. CasADi [6]
has been used to solve many real-world control problems
in robotics due to its fast and effective implementations of
different numerical methods for optimal control.

Pose- and factor-graph optimization also play an impor-
tant role in robotics. For example, g2o [28] and GTSAM [20]
are open-source C++ frameworks for graph-based nonlinear
optimization, which provide concise APIs for constructing
new problems and have been leveraged to solve several opti-
mization problems in SLAM and bundle adjustment.

Optimization libraries have also been widely used in
robotic control problems. To name a few, IPOPT [64] is
an open-source C++ solver for nonlinear programming prob-
lems based on interior-point methods and is widely used
in robotics and control. Similarly, OpenOCL [36] supports
a large class of optimization problems such as continuous
time, discrete time, constrained, unconstrained, multi-phase,
and trajectory optimization problems for real-time model-
predictive control. Another library for large-scale optimal
control and estimation problems is CT [27], which provides
standard interfaces for different optimal control solvers and
can be extended to a broad class of dynamical systems in
robotic applications. In addition, Drake [58] also has solvers
for common control problems and that can be directly inte-
grated with its simulation tool boxes. Its system complete-
ness made it favorable to many researchers.

3. Method
To reduce the learning curve of new users, we leverage—

to the greatest possible extent—existing structures in Py-
Torch. Our design principles are to keep the implementation
logical, modular, and transparent so that users can focus on
their own applications and invest effort in the mathematical
aspects of their problems rather than the implementation
details. Similar to PyTorch, we believe that trading a bit of
efficiency for interpretability and ease of development is ac-
ceptable. However, we are still careful in maintaining a good
balance between interpretability and efficiency by leveraging

advanced PyTorch functionalities.
Following these principles, we mainly provide four con-

cepts to enable end-to-end learning with physics-based op-
timization, i.e., LieTensor, Module, Function, and
Optimizer. We briefly present their motivation, mathe-
matical underpinning, and the interfaces in PyPose.

3.1. LieTensor
In robotics, 3D transformations are crucial for many appli-

cations, such as SLAM, control, and motion planning. How-
ever, most machine learning libraries, including PyTorch,
assume that the computation graph operates in Euclidean
space, while a 3D transformation lies on a smooth man-
ifold. Simply neglecting the manifold structure will lead
to inconsistent gradient computation and numerical issues.
Therefore, we need a specific data structure to represent 3D
transformations in learning models.

To address the above challenge while keeping PyTorch’s
excellent features, we resort to Lie theory and define
LieTensor as a subclass of PyTorch’s Tensor to rep-
resent 3D transformations. One of the challenges of imple-
menting a differentiable LieTensor is that we often need
to calculate numerically problematic terms such as sin x

x for
the conversion between a Lie group and Lie algebra [60]. To
solve this problem, we take the Taylor expansion to avoid
calculating the division by zero. To illustrate this, consider
the exponential map from R3 to S3 as an example, where
S3 is the set of unit-quaternions. For numerical stability, the
exponential map from R3 to S3 is formulated as follows:

Exp(x) =



[
xT γe, cos

(
∥x∥
2

)]T

∥x∥ > eps

[
xT γo, 1−

∥x∥2

8
+
∥x∥4

384

]T

otherwise,

where γe = 1
∥x∥ sin

(
∥x∥
2

)
, γo = 1

2 −
1
48∥x∥

2 + 1
3840∥x∥

4,
and eps is the smallest machine number where 1 + eps ̸= 1.
LieTensor is different from the existing libraries in

several aspects: (1) PyPose supports auto-diff for any order
gradient and is compatible with most popular devices, such
as CPU, GPU, TPU, and Apple silicon GPU, while other
libraries like LieTorch [60] implement customized CUDA
kernels and only support 1st-order gradient. (2) LieTensor
supports parallel computing of gradient with the vmap op-
erator, which allows it to compute Jacobian matrices much
faster. (3) Theseus [49] adopts rotation matrices, which re-
quire more memory, while PyPose uses quaternions, which
only require storing four scalars, have no gimbal lock issues,
and have better numerical properties. (4) Libraries such as
LieTorch, JaxLie [71], and Theseus only support Lie groups,
while PyPose supports both Lie groups and Lie algebras.
As a result, one can directly call the Exp and Log maps
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Figure 1. Efficiency comparison of dense Jacobian for Lie group operations on CPU/GPU, where “N/A” means performance is unavailable
with that batch size. The performance of Theseus [49] is computed with its AutoDiffCostFunction method. We take LieTorch
performance as 5× to be the baseline since Theseus runs out of memory at the batch size of 104.

from a LieTensor instance, which is more flexible and
user-friendly. Moreover, the gradient with respect to both
types can be automatically calculated and back-propagated.

For other types of supported 3D transformations, the
reader may refer to Table 1 for more details. The readers may
find a list of supported LieTensor operations in the docu-
mentation.1 A sample code for how to use a LieTensor is
given in the supplementary and PyPose tutorials.2

3.2. Module and Function

PyPose leverages the existing concept of Function and
Module in PyTorch to implement differentiable robotics-
related functionalities. Concretely, a Function performs
a specific computation given inputs and returns outputs; a
Module has the same functionality as a Function, but
it also stores data, such as Parameter, which is of type
Tensor or LieTensor, that can be updated by an opti-
mizer as discussed in the next section.

PyPose provides many useful modules, such as the system
transition function, model predictive control (MPC), Kalman
filter, and IMU preintegration.

A list of supported Module can be found in the docu-
mentation.3 Users can easily integrate them into their own
systems and perform a specific task, e.g., a System module
can be used by both EKF and MPC. A few practical exam-
ples in SLAM, planning, control, and inertial navigation are
presented in Section 4.3.

3.3. Optimizer
To enable end-to-end learning with physics-based opti-

mization, we need to integrate general optimizers beyond
the basic gradient-based methods such as SGD [52] and
Adam [35], since many practical problems in robotics re-
quire more advanced optimization such as constrained or
2nd-order optimization [8]. In this section, we take a robust
non-linear least square problem as an example and present
the intuition behind the optimization-oriented interfaces of
PyPose, including solver, kernel, corrector, and
strategy for using the 2nd-order Levenberg-Marquardt

1https://pypose.org/docs/main/basics
2https://pypose.org/tutorials/beginner/started
3https://pypose.org/docs/main/modules

(LM) optimizer. Consider a weighted least square problem:

min
θ

∑
i

(
f(θ,xi)− yi

)T
Wi

(
f(θ,xi)− yi

)
, (1)

where f( · ) is a regression model (Module), θ ∈ Rn is the
parameters to be optimized, xi ∈ Rm is an input, yi ∈ Rd

is the target, Wi ∈ Rd×d is a square information matrix.
The solution to (1) of an LM algorithm is computed by

iteratively updating an estimate θt via θt ← θt−1 + δt,
where the update step δt is computed as:∑

i

(
Hi + λ ·diag(Hi)

)
δt = −

∑
i

JT
i WiRi, (2)

where Ri = f(θt−1,xi)−yi is the i-th residual error, Ji is
the Jacobian of f computed at θt−1, Hi is an approximate
Hessian matrix computed as Hi = JT

i WiJi, and λ is a
damping factor. To find step δt, one needs a linear solver:

A · δt = b, (3)

where A =
∑

i

(
Hi + λ ·diag(Hi)

)
, b = −

∑
i J

T
i WiRi.

In practice, the square matrix A is often positive-definite, so
we could leverage standard linear solvers such as Cholesky.
If the Jacobian Ji is large and sparse, we may also use sparse
solvers such as sparse Cholesky [15] or preconditioned con-
jugate gradient (PCG) [33] solver.

In practice, one often introduces robust kernel func-
tions ρ : R 7→ R into (1) to reduce the effect of outliers:

min
θ

∑
i

ρ
(
RT

i WiRi

)
, (4)

where ρ is designed to down-weigh measurements with large
residuals Ri. In this case, we need to adjust (2) to account
for the presence of the robust kernel. A popular way is to
use Triggs’ correction [63], which is also adopted by the
Ceres [2] library. However, it needs 2nd-order derivative of
the kernel function ρ, which is always negative. This can
lead 2nd-order optimizers including LM to be unstable [63].
Alternatively, PyPose introduces FastTriggs corrector,
which is faster yet more stable than Triggs’ correction by
only involving the 1st-order derivative:

Rρ
i =

√
ρ′(ci)Ri, Jρ

i =
√

ρ′(ci)Ji, (5)

https://pypose.org/docs/main/basics
https://pypose.org/tutorials/beginner/started
https://pypose.org/docs/main/modules
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(b) GPU runtime.
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(c) CPU Jacobian runtime.
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Figure 2. Efficiency and memory comparison of batched Lie group operations (we take Theseus [49] performance as 1×). Note that Theseus
provides multiple ways to calculate Jacobian, and we adopted AutoDiffCostFunction for comparison. This is because this method is
used in its optimizers and can reflect the performance of an optimization problem. Theseus also provides analytical Jacobian for some single
operators, which could be faster, but one needs to manually compose the Jacobian of each operator for user-defined functions.

where ci = RT
i WiRi, R

ρ
i and Jρ

i are the corrected model
residual and Jacobian due to the introduction of kernel func-
tions, respectively. More details about FastTriggs and
its proof can be found in the documentation.4

A simple LM optimizer may not converge to the global
optimum if the initial guess is too far from the optimum.
For this reason, we often need other strategies such as adap-
tive damping, dog leg, and trust region methods [41] to
restrict each step, preventing it from stepping “too far”. To
adopt those strategies, one may simply pass a strategy
instance, e.g., TrustRegion, to an optimizer. In summary,
PyPose supports easy extensions for the aforementioned al-
gorithms by simply passing optimizer arguments to their
constructor, including solver, strategy, kernel, and
corrector. A list of available algorithms and examples
can be found in the documentation.5 A sample code showing

4https://pypose.org/docs/main/generated/pypose.optim.corrector.FastTriggs
5https://pypose.org/docs/main/optim

how to use an optimizer is provided in the supplementary.

4. Experiments
In this section, we showcase PyPose’s performance and

present practical examples of its use for vision and robotics.

4.1. Runtime Efficiency
We report the runtime efficiency of LieTensor and

compare it with the state-of-the-art libraries, including Li-
eTorch [60] and Theseus [49]. Since PyPose and LieTorch
use quaternions and Theseus uses rotation matrices to rep-
resent transformation, they are not directly comparable. To
have an extensive and fair comparison, we construct three
widely-used functions with the same input/output shapes for
all libraries, including exponential and logarithm mapping
f1(x) = Log(Exp(x)), x ∈ so(3), rotation composition
f2(x) = Log(Exp(x) ·Exp(y)), x,y ∈ so(3), and rotat-
ing points f3(x) = Exp(x) ·p, x ∈ so(3),p ∈ R3. We
take the number of operations per second for the operation
fi and its Jacobian Ji =

∂fi
∂x as the metric.

https://pypose.org/docs/main/generated/pypose.optim.corrector.FastTriggs
https://pypose.org/docs/main/optim


Table 2. The final error and runtime of optimizers.

Batch 101 102 103 104

Error Time Error Time Error Time Error Time

SGD 5.10E+1 0.46 4.96E+2 0.95 4.09E+3 1.45 6.86E+3 31.5
Adam 9.81E+1 2.96 1.25E+3 9.28 1.13E+4 16.9 1.16E+5 40.5
LM 5.96E-5 0.57 5.80E-4 0.60 3.72E-3 0.92 3.77E-2 51.6
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Figure 3. A PGO example “Garage” using the LM optimizer. PyPose
has the same final error as Ceres [2] and GTSAM [20].

We first report the performance of calculating dense Jaco-
bian of operator f1 in Figure 1. PyPose is up to 37.9× faster
on a CPU than Theseus and up to 8.8× faster than LieTorch.
On a GPU, PyPose achieves up to 42.9× faster than Theseus
and up to 8.6× faster than LieTorch.

Figure 2 shows the performance of calculating batched
operations, where the function inputs x are assumed to be
independent, and the batched Jacobian can be calculated in
parallel. In this case, we have to use “loop” for calculating
Jacobian with LieTorch; thus, we don’t compare with it for
fairness, as loop in Python is slow. On a CPU, PyPose is up
to 1.8×, 2.8×, and 2.2× faster than Theseus for the three
operations, respectively. On a GPU, PyPose shows even
better performance, up to 7.4×, 32.9×, and 17.4× faster.
For computing the batched Jacobian, PyPose achieves up to
7.3×, 16.1×, and 11.1× on a CPU and 3.0×, 14.4×, and
11.4× faster on a GPU for the three operations, respectively.

We noticed that PyPose only needs about 1/4 to 1/2 mem-
ory space compared to Theseus, which further demonstrates
its efficiency. We report a maximum batch size of 107 be-
cause bigger one takes too much memory to handle for our
platform. It is worth mentioning that the runtime usually
has a fluctuation within 10%, and we report the average per-
formance of multiple tests. A relative performance drop for
certain batch size is seen (Figure 2k), which might be caused
by cache miss or imbalanced Linux OS resource managing.

4.2. Optimization
We next report the performance of PyPose’s 2nd-order

optimizer Levenberg-Marquardt (LM) and compare with Py-
Torch’s 1st-order optimizers such as SGD and Adam. Specif-
ically, we construct a Module to learn transformation in-
verse, as provided in the PyPose tutorials and report their
performance in Table 2. Note that PyPose provides ana-
lytical solutions for inversion, and this module is only to

Table 3. Mean matching accuracy improves after self-supervised
training on TartanAir [69].

Difficulty # Sequence Original Trained Improvement

Easy 19 21.37% 32.04% + 49.94%
Hard 19 18.10% 24.50% + 35.33%

Overall 38 19.74% 28.27% + 43.24%

0.5

1

2

(a) Matching reprojection error. (b) Trajectory.

Figure 4. An example of visual SLAM using PyPose. (a) Matching
reprojection error (pixels) (top) is improved after self-supervised
tuning using PyPose (bottom). (b) Input sequence (bottom right),
resulting trajectory, and point cloud. The estimated and ground
truth trajectories are shown in blue and orange, respectively.

benchmark the optimizers. It can be seen that this problem
is quite challenging for 1st-order optimizers, while 2nd-order
optimizers can find the best solution with a much lower final
error quickly, which verifies the effectiveness of PyPose’s
implementation.

One of the drawbacks of 2nd-order optimizers is that they
need to compute Jacobians, which requires significant mem-
ory and may increase the runtime. Leveraging the sparsity
of Jacobian matrices could significantly alleviate this chal-
lenge [72]. One example is pose graph optimization (PGO),
which is challenging for 1st-order optimizers and also re-
quires pose inversion for every edge in the graph [7]. We
report the performance of PGO using the LM optimizer with
a TrustRegion [56] strategy in Figure 3, where the sam-
ple is from the g2o dataset [14]. PyPose achieves the same
final error as Ceres [2] and GTSAM [20]. An example using
PGO for inertial navigation is presented in Section 4.3.4.

4.3. Practical Examples
4.3.1 SLAM
To showcase PyPose’s ability to bridge learning and opti-
mization tasks, we develop a method for learning the SLAM
front-end in a self-supervised manner. Due to difficulty in
collecting accurate camera pose and/or dense depth, few
dataset options are available to researchers for training cor-
respondence models offline. To this end, we leverage the
estimated poses and landmark positions as pseudo-labels
for supervision. At the front end, we employ two recent
works, SuperPoint [21] and CAPS [68], for feature extrac-
tion and matching, respectively. Implemented with the LM
optimizer of PyPose, the backend performs bundle adjust-
ment and back-propagates the final projection error to update
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Figure 5. An example of an end-to-end planning using PyPose
library. (a) and (b) show a local planning experiment conducted in
the Matterport3D simulated environment. (a) shows the compari-
son plot of the algorithm planning time. (b) shows the trajectory
executed by the proposed method and the outline of the environ-
ment. (c) and (d) show an instance of the real-world experiment
conducted with ANYmal-legged robot. A kinodynamically feasible
trajectory, shown in (d), is directly generated from the input depth
image (c). The red dots in (c) show the trajectory projected back
into the image frame for visualization.

the CAPS feature matcher. In the experiment, we start with a
CAPS network pretrained on MegaDepth [39] and finetune
on the TartanAir [69] dataset with only image input. We
segment each TartanAir sequence into batches of 6 frames
and train the CAPS network with the estimated poses. To
assess the effect of unsupervised training, we evaluate the
CAPS model on the two-frame matching task and report the
results in Table 3. It can be seen that the matching accuracy
(reprojection error ≤ 1 pixel) increased by up to 50% on
unseen sequences after self-supervised training. We show
a visual comparison of the reprojection error distribution
before and after training in Figure 4a and the resulting trajec-
tory and point cloud on a test sequence in Figure 4b. While
the original model quickly loses track, the trained model
runs to completion with an ATE of 0.63 m. This verifies the
feasibility of PyPose for optimization in the SLAM backend.

4.3.2 Planning
The PyPose library has been used to develop a novel end-
to-end planning policy that maps the depth sensor inputs
directly into kinodynamically feasible trajectories. Here, we
combined learning and trajectory optimization to achieve effi-
cient planning and enforce smoothness and kinodynamic fea-
sibility for the output paths. The SE3 LieTensor of PyPose
library is utilized to form a differential layer for trajectory
optimization. As shown in Figure 5a, our method achieves
around 3× speedup on average compared to a traditional
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Figure 6. An example of MPC with imitation learning using Py-
Pose library. (a) and (b) show the learning performance comparison
of PyPose and Diff-MPC [5]. The two methods achieve the same
learning performance. (c) and (d) show the computation cost com-
parison, where different colors represent different batch sizes.

planning framework [13], which utilizes a combined pipeline
of geometry-based terrain analysis and motion-primitives-
based planning [73]. The experiment is conducted in the
Matterport3D [16] environment. The robot follows 20 manu-
ally inputted waypoints for global guidance but plans fully
autonomously by searching feasible paths and avoiding local
obstacles. The trajectory executed by the proposed method
is shown in Figure 5b. The efficiency of this method benefits
from both the end-to-end planning pipeline and the efficiency
of the PyPose library for training and deployment. Further-
more, this end-to-end policy has been integrated and tested
on a real-legged robot, ANYmal. A planning instance during
the field test is shown in Figure 5d using the current depth
observation, shown in Figure 5c.

4.3.3 Control
PyPose integrates the dynamics and control tasks into the
end-to-end learning framework. We demonstrate this capa-
bility using a learning-based MPC for an imitation learning
problem described in Diff-MPC [5], where both the expert
and learner employ a linear-quadratic regulator (LQR) that
share all information except for linear system parameters
and the learner tries to recover the dynamics using only ex-
pert controls. We treat MPC as a generic policy class with
parameterized cost functions and dynamics, which can be
learned by automatic differentiating (AD) through LQR op-
timization. Unlike the existing method of simply unrolling
and differentiating through the optimization iterations [57],
which incurs significant computational costs for both the for-
ward and backward passes, or the method of computing the
derivative analytically by solving the KKT condition of the
LQR problem at a fix point [5], which is problem-specific, in
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Figure 7. Examples of IMU integration and the IMU-centric PGO
on a sequence from the KITTI dataset. Compared with the raw
signal, the optimized result is very close to the ground truth.

PyPose, we use a problem-agnostic AD implementation that
applies one extra optimization iteration at the optimal point
in the forward pass to enable the automatic gradient com-
putation for the backward pass. Thus, our method does not
require the computation of gradients for the entire unrolled
chain or analytical derivative for the specific problem.

The preliminary results are shown in Figure 6 for a bench-
marking problem [5]. Figure 6a and 6b show the model and
trajectory losses, respectively, of four trajectories with ran-
domly sampled initial conditions. We can see both methods
achieve the same learning performance for different sam-
ple dynamics. We then compared the two methods’ overall
runtime and backward time. Our backward time is always
shorter because the method in [5] needs to solve an addi-
tional iteration LQR in the backward pass. Overall, when
the system is low-dimensional, our method shows a faster
learning process. As the system dimension increases, the
runtime of our method gets longer. The overhead is due to
the extra evaluation iteration in the forward pass needs to
create and maintain variables for the backward pass. How-
ever, we noticed that the overall runtime difference is not
significant. The advantage of our method is more prominent
as more complex optimization problems are involved.

4.3.4 Inertial Navigation
IMU preintegration [25] is one of the most popular strate-
gies for many inertial navigation systems, e.g., VIO [50],
LIO [77], and multi-sensor fusion [76]. A growing trend
consists in leveraging the IMU’s physical prior in learning-
based inertial navigation, e.g., IMU odometry network [17],
data-driven calibration [10, 74], and EKF-based odome-
try [40, 55]. To boost future research, PyPose develops
an IMUPreintegrator module for differentiable IMU
preintegration with covariance propagation. It supports
batched operation and integration on the manifold space.

In Figure 7a, we present an IMU integration example on
the KITTI dataset [26], where the blue shadows indicate the
propagated IMU covariance. In this example, the trajectory
drifts due to the accumulated sensor noise. However, as

IMU IMU

IMU 
Integration

IMU
Integration

Time

NetworkNetwork

PGO
GPS

CameraLidar

Gradient 
back-propagation

Figure 8. The framework of IMU calibration network using Py-
Pose’s IMUPreintegrator with LieTensor.

Table 4. The results of IMU pre-integration in 1s (200 frames) on
the testing sequences of the EuRoC dataset.

Seq MH_02_easy MH_04_hard V1_03_hard V2_02_med V1_01_easy
pos rot pos rot pos rot pos rot pos rot

Preinte [25] 0.050 0.659 0.047 0.652 0.062 0.649 0.041 0.677 0.161 0.649
Ours 0.012 0.012 0.017 0.016 0.025 0.036 0.038 0.054 0.124 0.056

shown Figure 7b, it can be improved by PGO with GPS
(loop closing) for every 5s segment, which also verifies the
effectiveness of our 2nd-order optimizers.

We next train an IMU calibration network shown in Fig-
ure 8 to denoise the IMU signals, after which we integrate
the denoised signal and calculate IMU’s state expressed with
LieTensor including position, orientation, and velocity.
To learn the parameters in the network, we supervise the
integrated pose and back-propagate the gradient through
the integrator module. To validate the effectiveness of this
method, we train the network on 5 sequences and evalu-
ate on 5 testing sequences from EuRoC dataset [11] with
root-mean-square-error (RMSE) on position (m) and rota-
tion (rad). As shown in Table 4, our method significantly
improved orientation and translation compared to the tradi-
tional method [25]. This experiment shows that PyPose can
benefit future research on the learning-based multi-modal
SLAM and inertial navigation systems.

5. Discussion
We present PyPose, a novel pythonic open source library

to boost the development of the next generation of robotics.
PyPose enables end-to-end learning with physics-based op-
timization and provides an imperative programming style
for the convenience of real-world robotics applications. It is
designed to be easy-interpretable, user-friendly, and efficient
with a tidy and well-organized architecture. To the best of
our knowledge, PyPose is one of the first comprehensive
pythonic libraries covering most sub-fields of robotics where
physics-based optimization is involved.

Despite its promising features, PyPose is still in its early
stage; its overall stability is not yet mature for practical vision
and robotic applications compared to PyTorch. Moreover, its
efficiency is still not comparable with C(++)-based libraries,
although it provides an alternative solution for robot learning-
based applications. In the future, we will keep adding more
features, including sparse block tensors, sparse Jacobian
computation, and constrained optimization.
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