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We propose C-3PO, a certifiable and self-supervised pose estimation model, that estimates the pose of an object from

partial point cloud observations and computes a certificate of correctness for the resulting outputs. C-3PO detects semantic
keypoints, corrects them using a differentiable optimization layer, and computes two certificates of observable correctness
(oc) and non-degeneracy (nd). When oc = 1 and nd = 1, the C-3PO output is guaranteed to be correct. The first row shows
C-3PO processing an input point cloud of a chair (each subfigure also shows the keypoints and the object CAD model arranged
according to the pose computed at different iterations of the C-3PO corrector): (a) detected keypoints, (b)-(c) C-3PO corrector
result at iterations 2, 10, and 300, and (e) ground-truth vs. final C-3PO estimate. The second row shows C-3PO processing the
point cloud of a cap: (f) detected keypoints, (g)-(i) C-3PO corrector result at iterations 5, 10, 100, and (j) ground-truth vs. final
estimate. The non-degeneracy certificate (nd) detects that in this case the input is degenerate, i.e., while we can compute an

estimate that fits the input point cloud, the latter does not contain sufficient information to uniquely estimate the object pose.

Abstract—We consider a certifiable object pose estimation
problem, where —given a partial point cloud of an object— the
goal is to not only estimate the object pose, but also to provide
a certificate of correctness for the resulting estimate. Our first
contribution is a general theory of certification for end-to-end
perception models. In particular, we introduce the notion of
C-correctness, which bounds the distance between an estimate
and the ground truth. We then show that (-correctness can be
assessed by implementing two certificates: (i) a certificate of 0b-
servable correctness, that asserts if the model output is consistent
with the input data and prior information, (ii) a certificate of
non-degeneracy, that asserts whether the input data is sufficient
to compute a unique estimate. Our second contribution is to
apply this theory and design a new learning-based certifiable
pose estimator. In particular, we propose C-3PO, a semantic-
keypoint-based pose estimation model, augmented with the two
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certificates, to solve the certifiable pose estimation problem. C-3PO
also includes a keypoint corrector, implemented as a differentiable
optimization layer, that can correct large detection errors (e.g.,
due to the sim-to-real gap). Our third contribution is a novel
self-supervised training approach that uses our certificate of
observable correctness to provide the supervisory signal to C-3PO
during training. In it, the model trains only on the observably
correct input-output pairs produced in each batch and at each
iteration. As training progresses, we see that the observably
correct input-output pairs grow, eventually reaching near 100%
in many cases. We conduct extensive experiments to evaluate the
performance of the corrector, the certification, and the proposed
self-supervised training using the ShapeNet and YCB datasets.
The experiments show that (i) standard semantic-keypoint-based
methods (which constitute the backbone of C-3PO) outperform
more recent alternatives in challenging problem instances, (ii)
C-3PO further improves performance and significantly outper-
forms all the baselines, (iii) C-3PO’s certificates are able to
discern correct pose estimates. We release the implementation
and an interactive visualization of all the results presented
in this paper at: https://github.com/MIT-SPARK/C-3PO| and
https://github.com/MIT-SPARK/pose-baselines.
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I. INTRODUCTION

Object pose estimation is a crucial prerequisite for robots to
understand and interact with their surroundings. In this paper,
we consider the problem of 3D object pose estimation using
depth or partial point cloud data, which arises when the robot
is equipped with depth sensors (e.g., lidar, RBG-D cameras)
or has to postprocess a 3D point cloud (e.g., resulting from a
3D reconstruction pipeline). Local-feature-based registration
methods can be re-purposed to solve the object pose estimation
problem, see, e.g., [1]. Recent work, however, argues that
either a neural model that mimics the ICP algorithm [2], [3],
or approaches based on learned global representations [4], S]]
yield better performance. A known drawback of these methods
is that they are not expressive enough to yield high pose
estimation accuracy when the object point cloud suffers from
occlusions. Object pose estimation from partial or depth point
clouds, therefore, remains an open problem [J3]-[35].

When using a learning-based approach for pose estimation,
another major challenge is to guarantee —or at least assess—
the trustworthiness of the predictions of neural-network-based
models. Robot perception requires models that can be relied
upon for the robot to act safely in the world. Perception
failures can lead to catastrophic consequences including loss
of life [6]. Recent progress has been made towards certifying
geometric optimization problems [1]], [[7]], [8], which form the
back-end of common perception pipelines. However, these
approaches only produce certificates of optimality for the back-
end optimization, but might still fail without notice if the
perception front-end (e.g., the feature detector) produces largely
incorrect results. Here we argue that we need to go beyond
certifiable optimization and need to certify the entire perception
pipeline, i.e., we need to produce certificates that can determine
if the output produced by an end-to-end (e.g., opaque box)
perception pipeline is correct or not. To date, there is no theory
developed for this purpose for general perception tasks, let alone
for the case of object pose estimation. The current literature
only offers statistical guarantees for specific problems [9] or
is restricted to data near the training regime [10[]—-[14].

Finally, most of the recent progress on pose estimation has
focused on supervised learning and relies on large annotated
datasets [15]-[19]. However, obtaining human-labeled data
is not only costly, but also robot-dependent: a change in
placement of the sensor/camera (e.g., from the top of a self-
driving car to the head of a quadruped robot) is likely to
distort the predictions produced by the trained model. Though
photo-realistic simulators provide a partial answer to this
problem [20]-[22], a sim-to-real gap is likely going to remain
and needs to be tackled. Here, we argue that a scalable
pose estimation method must rely on self-supervision rather
than human-labeled data. Very few works have tackled pose
estimation in a self-supervised manner [5[], [23]-[28].

A. Contributions

We address the twin challenges of certifiability and self-
supervised training by noting that certification can provide
a supervision signal for self-training (i.e., if we can iden-
tify correct predictions, we can learn from them). More

specifically, we establish the foundations of certifiable object
pose estimation using learning-based models, by defining a
notion of correctness and developing certificates that can assert
correctness in practice. We then propose a new learning-based
model, named C-3PO (Certifiable 3D POse), for certifiable pose
estimation from depth or point cloud data. Finally, we show
how to use the proposed certificates to enable self-supervised
training of C-3PO. We unpack each contribution below.

(I) Theory of Certifiable Models and Certifiable Object
Pose Estimation. We start by defining the notion of (-
correctness that discerns whether an estimate is correct (i.e.,
matches the ground truth object) or not (Definition [I)). We then
use this notion to introduce the problem of certifiable object
perception (Problem [I), where —given a partial point cloud
of an object— we aim to estimate the pose of the object in
the point cloud and provide a certificate that guarantees that
the pose estimate is ¢-correct (Section [II).

After stating the problem, we develop a general theory
of certifying learning-based models (Section [[V). We show
that by implementing two certificates, namely, a certificate of
observable correctness, and a certificate of non-degeneracy, we
can infer (-correctness (Theorem[d). The observable correctness
certificate determines whether an output produced by a model
is consistent with the sensor data and prior knowledge (e.g.,
knowledge of the object shape). Non-degeneracy, on the other
hand, ensures that for the provided input there exists a unique,
correct solution. A case of degeneracy arises often, for instance,
in object pose estimation when the partial point cloud is so
occluded that there is more than one correct pose fitting the data;
see Fig. [3. Therefore, a certifiable model is a learning-based
model that implements these two certificates —of observable
correctness and non-degeneracy— so that for every output
produced by the model, its (-correctness may be checked.

(II) C-3PO: a Certifiable 3D POse Estimation Model. We
propose C-3PO (Certifiable 3D POse) to solve the certifiable
object pose estimation problem (Section [V). C-3PO first detects
semantic keypoints from the input, partial point cloud using a
trainable regression model. To correct for potential keypoint-
detection errors (e.g., induced by a sim-to-real gap), C-3PO adds
a keypoint corrector module that corrects some of the keypoint-
detection errors. The corrector module is implemented as a
differentiable optimization module [29], [30] (Section [V-C):
it takes in the detected keypoints and produces a correction,
by solving a non-linear, non-convex optimization problem.
Although the corrector optimization problem is hard to analyze,
we show that it can be differentiated through very easily. We
provide an exact analytical expression of the gradient of the
output (the correction), given the input (detected keypoints) to
the corrector (Theorem E), which we use to implement back-
propagation. We also implement a batch gradient descent that
solves a batch of corrector optimization problems in parallel
on GPU, thereby speeding up the forward pass. Experimental
analysis shows that the corrector is able to correct high-variance
perturbations to the semantic keypoints (Section [VII-B).

Finally, using our theory of certifiable models, we derive
two certificates, namely, a certificate of observable correctness
and a certificate of non-degeneracy for C-3PO (Section [V-DJ.
We prove that this enables C-3PO to check (-correctness in
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Fig. 3: Example of degenerate input for pose estimation. (a)
Input: partial point cloud of an object (gray), namely the “cap”
in ShapeNet [31]; (b) Estimated object pose shown as a posed
object CAD model (blue); (c) Estimated (blue) and ground-
truth (gray) pose overlaid as two posed point clouds. Ground
truth semantic keypoints are in red, detected keypoints in green.

the forward pass (Theorem [I6). We also empirically observe
that the implemented certificates are able to identify correct
predictions in practice (Sections and [VII-D).

(IIT) Certificate-based Self-supervised Training. C-3PO
allows addressing the twin problems of certification and self-
supervision by noting the following: if at test time we can use
the proposed certificates to distinguish (-correct outputs, we
can use the latter for further training. This forms the basis of
our new self-supervised training, which proceeds by training
only on the observably correct instances (i.e., input-output
pairs), in each batch and in each training iteration. As the
training progresses, the number of observably correct instances
increases, eventually resulting in a fully self-trained model.

We test the self-supervised training and certification on depth-
point-cloud dataset generated using ShapeNet objects [31] and
on the depth point clouds extracted from RGB-D images in the
YCB dataset [32] (Sections and [VIL-D). In both cases,
we observe that while the simulation-trained C-3PO performs
poorly (indicating a large sim-to-real gap), our self-supervised
training is able to successfully train C-3PO with self-supervision
and significantly outperforms existing baselines. As a further
experiment, we show that the proposed self-supervised training
can be even used to self-train C-3PO when the object category
labels are not available, for instance C-3PO is able to learn
to detect a “chair” from a large unlabeled dataset containing
chairs, tables, cars, airplanes, etc. (Section [VII-E).

An interactive visualization of all the results presented in
this paper is made available at: https://github.com/MIT-SPARK/
C-3PO and https://github.com/MIT-SPARK/pose-baselines.

II. RELATED WORK

Here we provide a non-exhaustive review about object pose
estimation, including recent image-based estimation methods.

Object Pose Estimation from RGB and RGB-D Inputs.
Recent progress in object pose estimation has been fueled
by the availability of pose-annotated datasets [33]-[36]. State-
of-the-art methods have evolved from correspondence-based
methods (which extract correspondences between the sensor
data and the object CAD model, and use them to register
the model to the data) and template-based methods (which
attempt to match the sensor data to templates consisting of the
CAD model of the object rendered at various poses) to direct

regression, augmented with pose refinement. Xiang et al. [17]
regress the object pose using a convolutional neural network
(CNN) backbone. Wang et al. [37] propose GDR-Net, which
instead extracts a 6-dimensional rotation representation, thus,
avoiding discontinuity issues [38]. Nguyen et al. [39] revive
template-based methods by showing their generalization power.
Li et al. [40] propose DeepIM, which uses a pre-trained optical
flow detection model to guide and train object pose refinement.
Labbe et al. [41] propose CosyPose, which showed state-of-the-
art performance on the BOP’20 pose estimation challenge [34],
relying on the pose regression network in [17], followed by
the pose refinement proposed in [40]. The state-of-the-art
performance in the BOP’22 challenge was also attained by a
model that uses a pose regression network [37]], [42].

We note two gaps in the pose estimation literature. First,
most of the approaches above are RGB or RGB-D based, and
investigating object pose estimation from only depth or partial
point clouds has received little attention. Second, these methods
rely on large pose-annotated datasets, with only few attempts
to develop self-supervised approaches [23], [24].

We next review different approaches for point-cloud-only
pose estimation, including approaches based on local feature
detection/description, global features, and semantic keypoints.

Local Feature Detectors and Descriptors. Local-feature-
based methods extract local features (potentially with descrip-
tors), determine point-to-point correspondences, and solve
a robust registration problem, which estimates the object
pose while filtering out incorrect correspondences. Significant
progress has been made in recent years towards (i) better
features to extract point-to-point correspondences [43]-[48],
(i) robust registration algorithms [1], [7], [49], as well
as (iii) end-to-end registration pipelines that simultaneously
learn correspondences and obtain the relative poses [50]—
[56]]. Modern robust registration methods have been shown to
compute accurate estimates even in the face of 99% random
outliers [1]. Several end-to-end learning-based registration
approaches have been proposed, but only a few can be trained
in a self-supervised manner. A weakly-supervised approach,
using a triplet loss, is developed in [44]. Self-supervised partial-
to-partial scene registration is considered in [57], [58]. In
particular, Banani et al. [58] use the fact that two successive
frames inherit some geometric and photometric consistency,
and leverage differentiable rendering to implement the training
loss. A teacher-student-verifier framework for joint feature
learning and registration is considered in [28].

Global Features. Methods that extract and use global fea-
tures have been proposed for point cloud alignment and object
pose estimation. Sarode et al. [51]] propose an architecture that
uses PointNet encoding to extract global features. Huang et al.
[59] extract global features from the point clouds and then
estimate the pose by minimizing a feature-metric projection
error. Li et al. [3] propose a similar approach, but uses Lucas-
Kanade-like iterations for minimizing the feature-metric error.
Yuan et al. [4] propose a probabilistic registration paradigm,
which extracts pose-invariant point correspondences, as latent
Gaussian mixture model. Zhu et al. [60] addresses point
cloud registration by extracting SO(3)-equivariant features.
Sun et al. [61] use a capsule network encoder. Among these
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approaches PointNetLK [3] and DeepGMR [4]] show the best
results for object pose estimation, albeit in different scenarios.
Li et al. 5] tackle category-level object pose estimation from
partial or complete object point clouds, by extracting an SE(3)-
invariant shape feature and a SE(3)-equivariant pose feature.
Semantic Keypoints. Semantic keypoint detectors extract
keypoints that correspond to specific points on the object
to detect (e.g., the wheels or headlights of a car), hence
circumventing the needs to compute local descriptors. Semantic
keypoint-based methods have been studied in the context of
human pose estimation [[62]-[64]. Pavlakos et al. [65], [66]
use class-specific semantic keypoints, extracted from CNN
features, to estimate object pose from an RGB image. Lin et al.
[67] propose an end-to-end, differentiable pose estimation
architecture using RGB images. Shi ef al. [68] propose an
active shape model using semantic keypoints, and solve the joint
pose and shape estimation problem assuming detected semantic
keypoints. Yang and Pavone [9] obtain performance guarantees
on keypoint detections and pose estimates using conformal
prediction. Zhou et al. [69] propose category-agnostic keypoint
detection, and argue that using a fixed number of keypoints
per-category can be limiting (e.g., chair with many legs).
Vecerik et al. [[70] advocate semantic keypoints to be the right
visual representation for object manipulation, and provide an
efficient training approach to learn instance and category-level
keypoints using a small number of annotated images.
Contrary to the works above, C-3PO does not rely on pose or
keypoint annotations for training. Instead, it only assumes the
availability of the object CAD model annotated with semantic
keypoints. You et al. [[71] provide a large-scale keypoint anno-
tated dataset on ShapeNet CAD models. Suwajanakorn et al.
[72] show that semantic keypoint annotations can be learned
in a self-supervised manner, from just the object CAD models.
Self-Supervised Pose Estimation. Few works have tackled
self-supervised pose estimation. In [23], [24], a pose estimation
model is first trained on synthetic RGB-D data, and then refined
further with self-supervised training on real, unannotated data;
differentiable rendering provides the required supervision signal.
Student-teacher iterative schemes are proposed in [27], [28]
to bridge the domain gap. Another approach is to extract a
pose-invariant feature, thereby canonizing only its shape [73]],
and using it for supervision. Zakharov et al. [25] utilize
differentiable rendering of signed distance fields of objects,
along with normalized object coordinate spaces [73], to learn
9D cuboids in a self-supervised manner. Li et al. [S] extract an
SE(3)-invariant feature, which works as a canonical object, and
uses it to supervise training with a Chamfer loss. Sun et al. [61]
tackles point cloud alignment in a self-supervised manner by
extracting features using capsule network. Deng et al. [26]
propose a way to self-supervise pose estimation by interacting
with the objects in the environment; the model gets trained on
the data collected autonomously by a manipulator.
Certification. Certifying correctness of the model output
is crucial for safety-critical and high-integrity applications.
Certifiably optimal algorithms return a solution and also
provide a certificate of optimality [1], [[7], [74]] of the solution.
Estimation contracts [?], [|1], on the other hand, determine
if the input is reasonable enough for the optimal solution to

be indeed correct, i.e., close to the ground-truth. Certifiably
optimal algorithms have been devised for several geometric
perception problems [1[], [7]], [8], where the duality gap serves
as the certificate of optimality. These notions of certification
can be applied to optimization problems, which form the back-
end of any perception pipeline, but do not apply to the entire
end-to-end pipeline or learning-based models. In this work, we
extend the notion of certification to learning-based models.

Recent works have attempted to address the question of
robustness and uncertainty-quantification of learning-based
models. Neural network verification attempts to ensure that
a learning-based model is robust to small deviations in the
input space [[12]-[14]. Conformal prediction, on the other hand,
uses training data to safeguard a learning-based model [9]-
[11], [75], [[76]. Given a user-specified probability, it enables
a trained model to predict uncertainty sets/intervals, instead
of a point estimate. The predicted set is then provably correct,
with the specified probability. Conformal prediction works
under the assumption that the test set and the dataset used to
derive thresholds for set-predictions have the same distribution.
Providing probabilistic guarantees under sim-to-real gap or
covariate shifts is an active research area [77], [[78].

Differentiable Optimization. Learning-based models have
traditionally relied on simple feedfoward functions (e.g., linear,
ReLU). Recent work has proposed to embed differentiable
optimization as a layer in learning-based models [30], [79],
[80]. A differentiable optimization layer is an optimization
problem for which the gradient of the optimal solution,
with respect to the input parameters, can be computed and
back-propagated. Embedding an optimization problem as a
differentiable optimization layer enables a learning-based model
to explicitly take into account various geometric and physical
constraints. Gould et al. [80] provide generic expressions to
differentiate any non-linear optimization problem. Agrawal et al.
[30] provide a way to differentiate through convex programs in
standard form. Amos et al. [[79] focus on quadratic optimization
problems. Differentiating combinatorial optimization problems
is considered in [81], [82], and a differentiable MAXSAT
solver is proposed in [83]. Donti et al. [84] propose a way
to differentiate a stochastic optimization problem. Teed et al.
[[85[] implement differentiable bundle adjustment.

While developing generic techniques to implement deriva-
tives of various classes of optimization problems is useful,
there is much scope for efficiency if the problem structure can
be exploited to implement simpler differentiation rules [[79],
[86], [87]. C-3PO implements a corrector module, which is a
differentiable optimization layer. It solves a non-linear, non-
convex optimization problem, but also exploits its specific
structure efficiently to compute its derivative.

III. PROBLEM STATEMENT

Certifiable Pose Estimation. Let B be the CAD model of
an object, represented as the set of all points (expressed in
homogeneous coordinates) on the surface of the object. Let
X* be the corresponding posed model, i.e., the CAD model
transformed according to its ground-truth pose T* € SE(3):

X*=T"-B. )]



Due to occlusions and sensor measurement noise, we only
observe a partial and noisy point cloud X. This can be written
as a function of the ground-truth posed model X*:

X =0(X") 4 ny, )

where © (X*) denotes the sampling of n points on the
object surface and deletion of occluded parts, and n,, is the
measurement noise.

The goal of certifiable pose estimation is to estimate the
pose of the object, given the partial point cloud X, and also
to provide a certificate on the correctness of the resulting
pose estimate —in terms of its “closeness” to the ground-truth
pose T* (more precisely, we will assert closeness between the
ground-truth posed model X* and the estimated model). We
define and use the following notion of correctness.

Definition 1 ({-correctness). We say that a pose estimate T,
produced by a model, is (-correct if

du(T-B,T* - B) <, 3)
where dg (-, ) is the Hausdorff distance.

The Hausdorff distance between two (potentially non-finite)
point sets A and B is defined as:

dp (A, B) = max { sup D(x, B), sup D(w,A)} , @
€A xzeB

where D(x, A) denotes the minimum distance from point x to
the set A. Intuitively, (-correctness of the estimate T ensures
that every point on the surface of the posed model T-B is
at most ( distance away from the surface of the ground-truth
posed model T - B. Unlike rotation and translation error,
the metric dy (T - B, T* - B) operates directly on the CAD
model surfaces. This obviates the need to handle symmetric
objects separately: for instance, while two poses corresponding
to symmetries of an object would produce different rotation
and translation errors, the posed model associated to both
poses will be the same, leading to the same Hausdorff distance
for both. We also use the fact that the Hausdorff distance
is a valid distance metric over the space of all posed CAD
models to derive and analyze the certificates in Section
In Appendix [A we discuss why we chose Hausdorff distance as
opposed to other metrics like pose error or ADD-S metric [[18]]
for our theoretical analysis.

The (-correctness of a pose estimate cannot be determined
by directly computing (3), as we do not have access to the
ground-truth pose in practice. A model solving the certifiable
pose estimation problem should find a way to assert if is
satisfied, without a genie-access to the ground truth, leading
to the following problem statement.

Problem 1 (Certifiable Object Pose Estimation). Propose a
pose estimation model that, along with producing an estimate,
can also provide a binary (0/1) certificate, such that whenever
a certificate is 1, the estimated pose is (-correct.

Unannotated Data and Self-Supervision. It is easy to
realize that certification is tightly coupled with self-supervision:
if we are able to discern —at test time— correct outputs,
we can then use them for further training. Therefore, in this

paper we also study the twin problem of self-supervising pose
estimation models. In particular, we investigate learning models
that can self-train using an unannotated real-world dataset,
which consists of partial point clouds of objects, segmented
from a scene; no pose or any other annotation is assumed on the
real-world dataset. We start by noting that annotated simulation
data is broadly available and can be used to initialize weights
of any learning-based pose estimation model. Therefore, we
consider the practical case where we are given a sim-trained
learning-based model, and our goal is to modify and further
train the model on the unannotated real-world data.

Problem 2 (Self-supervised Pose Estimation). Propose a
method to modify a sim-trained pose estimation model, and
train it with self-supervision on unannotated real-world data.

Note that the problem is particularly relevant when there is
a significant sim-to-real gap, in which case the self-supervised
training is used to bridge such gap.

IV. A THEORY OF CERTIFIABLE MODELS

Before delving into the details of our certifiable pose
estimation model (Section E), we provide a general framework
to develop certifiable models. We then tailor it to certifiable pose
estimation in Section We start by considering a general
problem setup, and discuss the certificates, their implementation,
and the resulting certifiable models.

Setup. Let X and Z be the space of all inputs and outputs, for
a problem set that we are solving. We assume the output space
Z is a metric space with a distance metric dz(-,-). Moreover,
we assume any input X € X is generated according to a
given generative model, i.e., X = ¢(Z*), for some unknown
Z* € Z; hence, the goal is to estimate Z* given X. For
instance, in our object pose estimation problem, X is the
given depth or point cloud data, Z* is the ground-truth posed
model we want to estimate, and the generative model is the
one in eq. (2). Note that since the output space is assumed to
be a metric space, we can straightforwardly extend Definition
and say that an estimate Z is (-correct if dz(Z,Z*) < (.

We denote a problem instantiated by an input X € X as
P(X). A learning-based model M, that is trained to solve
problems P(X) (for X € X), is nothing but a mapping M :
X — Z. That is, given input X, model M finds a (possibly
incorrect) solution Z = M(X) to the problem P(X).

The definition of the solution space S(X) below will play
a pivotal role in the definition and analysis of our certificates.

Definition 2 (Solution Space). Given an input X, the solution
space is the set of all outputs Z that can generate the input
X using the generative model ¢(-):

S(X)2{ZcZ|¢(Z)=X}. (5)

The intuition behind our certification approach is as follows:
the ground truth Z* is in the solution space since it generated
the input data, hence if we can (i) produce an estimate in the
solution space, and (ii) prove that the solution space is not
large, we can conclude that the estimate must be close to the
ground truth. Our certificates formalize these intuitions.



Certificates. We define two certificates to check (i) the
observable correctness of the output (i.e., whether the output
Z is in the solution space S(X) or not) and (ii) the non-
degeneracy (i.e., whether S(X) is small, or not); then we
prove that the two certificates imply correctness.

Definition 3 (Observable Correctness and Non-Degeneracy).
For model M and input X, the certificate of observable
correctness is a Boolean condition defined as

ObsCorrectM, X|=1{Z = M(X) e S(X)}. (6)
A certificate of non-degeneracy is defined as
NonDegeneracy|M, X]| =1{Diam[S(X)] <6}, (7)

where Diam[S(X)] = maxz zes(x) dz(Z, Z") denotes the
diameter of the solution space S(X), and 0 is a small constant.

We now show that the two certificates enable us to determine
when a model produces an (-correct output.

Theorem 4. For any input X, the output produced by the
model Z = M(X) is (-certifiably correct, i.e., dz(Z,Z*) <
¢, if the certificate of observable correctness (6) and non-
degeneracy (1) are both 1, and § < ¢ in ().

Implementing Certificates. Theorem |4 shows the impor-
tance of the certificates in (6)-(7). However, in general it may be
hard to implement (6)-(7) as the solution space S(X) might
be hard to characterize. We next prove that using an outer
approximation of S(X) (i.e., S(X) C S(X)), which is often
easier to obtain in practice, retains the correctness guarantees.

Theorem 5. Define the certificates oc and nd as:
oc(M, X) = H{Z =M(X) e E(X)} , and
nd(M, X) = I{Diam[S(X)] <6},

®)
9

where S(X) C S(X). Then, the output Z = M(X) is (-
certifiably correct, i.e., dz(Z,Z*) < ¢, if oc(M,X) =1
and nd(M,X) =1, and 6 < ¢ in (9).

In Section [V] we provide practical implementations of the
certificates in Theorem [5] for the pose estimation problem.

Certifiable Model. We define a certifiable model to be
a triplet (M, oc,nd), where M is a learning-based model,
and oc and nd are two certificates that (conservatively)
approximate the certificate of observable correctness (6) and
non-degeneracy (7)), in order to establish -correctness of every
output produced. In other words, a certifiable model should
always allow for a theorem, that is as follows:

Theorem 6 (Meta-Theorem for Certifiable Models). The output
Z = M(X) is (-certifiably correct, i.e., dz(Z,Z*) < (, if
oc(M,X)=1and ndM,X)=1.

Remark 7 (Relation to Certifiable Algorithms). A parallel
can be drawn between the two certificates in (6)-(7), and the
certificate of optimality and the notion of estimation contracts
in related work [?], 1], [|7]. A certificate of optimality indicates
whether the solver to optimal estimation problem returns the
optimal solution or not. Estimation contracts, on the other hand,
ensure that the input is “reasonable” enough for the optimal
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input point cloud X - TB
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B, b object CAD model +
semantic keypoints

Fig. 4: KeyPO: Semantic keypoint-based pose estimation.

Fig. 5: Annotation of semantic keypoints (red) on CAD models
of (a) table, (b) motorcycle, and (c) car in KeypointNet [71].

solution to be indeed correct, i.e., close to the ground-truth.
While the former is analogous to our certificate of observable
correctness (which indicates whether the output of a learning-
based model is in the solution space or not), the latter is similar
in spirit to the certificate of non-degeneracy. The difference is
that our approach, unlike [?], [|1], [|7], aims at guaranteeing
correctness of learning-based models, rather than optimization-
based estimators.

V. C-3PO: A CERTIFIABLE POSE ESTIMATION MODEL

This section provides a certifiable pose estimation model,
named C-3PO (Certifiable 3D POse), that includes a novel
architecture (mixing learning-based and optimization-based
modules), and a practical implementation of the certificates
introduced in the previous section. Then, in Section we
show that the use of the proposed certificates naturally enables
C-3PO to self-train on unannotated data.

A. Preliminaries: Semantic-Keypoint-based Pose Estimation
(KeyPO)

We start by briefly reviewing a standard pose estimation
method based on semantic keypoints (Fig. @), which constitutes
the backbone of C-3PO. Semantic keypoints b[i],i = 1,..., N,
are specific points annotated on the CAD model B, and are
fixed in number for a given object (see, e.g., Fig.[p). A standard
semantic-keypoint-based pose estimator (KeyPO) first detects
semantic keypoints g[i],i = 1,..., N, from the input point
cloud using a neural network. Then, it estimates the object
pose by solving an outlier-free registration problem:
Sy gl - T i3,

T = arg min (10)
TeSE(3)

R t .
0 1 (where R is the

that computes the object pose T = {
object rotation and ¢ is its translation) by aligning the detected



keypoints g[i] and the model keypoints bli], annotated on the
CAD model. After computing the pose estimate T', we can
also compute the posed CAD model and keypoints, namely

where B denotes a point cloud obtained by densely sampling
the CAD model B.

Remark 8 (Limitations of Standard Semantic-Keypoints-based
Models and Novel Insights). In the presence of keypoint
detection errors (e.g., caused by sim-to-real gap), the pose
computed by KeyPO might be inaccurate. Moreover, using only
a sparse number of keypoints (typically in the order of tens)
for pose estimation might lead to less accurate results. For
this reason, modern approaches either resort to neural models
that mimic ICP [2], [3], or approaches based on learned
global representations [4], [|5]. In this paper we provide two
novel insights: (i) despite common beliefs, standard semantic-
keypoint-based methods still outperform newer alternatives
in the presence of occlusions and large object displacements
(Section [@) (ii) we can correct detection errors and factor
dense information into the registration phase of semantic-
keypoint methods by introducing a corrector module, as
discussed in the following section.

B. Overview of C-3PO

C-3PO takes a partial or occluded object point cloud X as
input and estimates the object pose T, as well as a posed point
cloud X and keypoints g as in (11). C-3PO uses a standard
semantic keypoint-based pose estimation architecture as the
backbone, which first uses a neural network to detect semantic
keypoints, and then estimates the 3D pose via registration to
the corresponding CAD model. However, contrary to standard
semantic keypoint-based methods, C-3PO adds a keypoint
corrector module that corrects some of the keypoint-detection
errors (cf Figs. [ and [6). Finally, C-3PO implements two
certificates to check (-correctness of the estimate (Fig. [7).
Below, we provide an overview of the key components of
C-3PO, while we postpone the details to the following sections.

Semantic Keypoint-based Pose Estimation. A semantic
keypoint detection network first detects the semantic keypoints
yli],s = 1,..., N, from the input point cloud X (Fig. @.
We implement the keypoint detector in KeyPO as a trainable
regression model; in our tests, we use PointNet++ [88] or
point transformer [[89] as a neural architecture that operates on
point clouds. A regression model enables detecting semantic
keypoints even in the occluded regions of the input X.

Corrector. The semantic keypoint detector might produce
perturbed keypoints when tested on real data (e.g., if the
detector is trained on a simulation dataset and there is a sim-to-
real gap). In C-3PO, we add a corrector module that takes the
estimated semantic keypoints y —produced by the keypoint
detector— as input, and outputs a correction term Ay* to the

keypoints. The corrected keypoints become:
y=9+Ay". (12)

The resulting architecture is shown in Fig. [6. The correction
term Ay™ is obtained as a solution to the corrector optimization

Keypoint
Corrector

Registration |,

]

Fig. 6: C-3PO: Proposed semantic-keypoint-based pose estima-
tion and model fitting architecture with corrector.
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Fig. 7: C-3PO: Certificate of observable correctness and non-
Degeneracy. Here, {G;}/_; denote the collection of indicator
sets that are used to determine non-degeneracy; see (7).

Non-degeneracy
indicator sets

problem, whose details are given in Section[V-C. We implement
the corrector as a differentiable optimization module, by
explicitly computing its gradient. For faster training, we
implement batch gradient descent that solves a batch of
corrector optimization problems, in parallel, on GPU.

Certification. C-3PO implements the two certificates intro-
duced in Section a certificate of observable correctness
and a certificate of non-degeneracy, which together determine
(-correctness of a pose estimate. The key idea is that the
certificate of observable correctness assesses whether the output
of C-3PO fits the input data. On the other hand, the non-
degeneracy certificate ensures that the input point cloud X
provides sufficient information on the pose of the object to
allow us to unambiguously estimate it. Figure [3 shows an
instance in which using just the input point cloud (shown in
(a)), it is impossible to estimate the ground-truth pose. The key
intuition in C-3PO is that we can use the keypoints to infer non-
degeneracy: if we choose keypoints to cover the different parts
of the object (e.g., in Fig. [3, the keypoints capture the visor,
the top button, and other parts of the cap), then as long as we
detect specific subsets of keypoints on X (e.g., including the
ones on the visor for the cap in Fig. [3), we can unambiguously
estimate the object pose. Since we design the two certificates
to be conservative, we then use Theorem [5 to conclude that,
when the certificates are 1, the resulting estimate is {-correct.

C. Keypoint Corrector

The keypoint corrector adds a correction Ay* to the detected
keypoints y. This is intended to correct for any keypoint
detection errors. This section describes how we compute Ay*,
from the detected keypoints y, and the implementation of the
corrector as a differentiable optimization module.

First, we introduce some notation. Let T(Ay) denote the
optimal solution to the outlier-free registration problem in (10),
but with the keypoints y = g + Ay, instead of g in (10). For



a given T'(Ay), let

(4(Ay), X (Ay)) € Z,

be the posed keypoints and CAD model, computed using (11).
Namely, g(Ay) are the keypoints b transformed according to
the pose T'(Ay) and X (Ay) is the dense object point cloud B
transformed by the same transformation. In , we denoted
with Z the output space, i.e., the set of all posed keypoints
and sample CAD models.

Corrector Optimization Problem. The correction Ay is
optimized so that the predicted object model X (Ay) and
model keypoints g(Ay) are aligned to the input point cloud
X and the corrected keypoints y:

(13)

Minimize ch; (X, X (Ay)) +7]ly — §(Ay)||3,

AyeR3xN (14)

where v is a positive constant and chl/g(X,X) is the half-
Chamfer loss given by
- 1
chy)o(X, X) = — min ||z — &||3. (15)
e 8) = 1 3 min o -

The half-Chamfer loss measures the average squared distance
between each point in the input X and the closest point in
the estimated model X. The use of the half-Chamfer loss is
motivated by the fact that the input point cloud X is typically
occluded, hence we are only interested in assessing how well
the visible part of the object fits the posed model.

Forward Pass: Solving (14). The corrector output Ay* is
the solution of the optimization problem (14). The optimization
problem in (14) is non-linear and non-convex. A number of
open-source solvers can be used to solve in the forward
pass. We tested different solvers and observed that two solvers
work well, i.e., they are able correct large errors in the keypoints.
These are a simple constant-step-size gradient descent, which
we implement in PyTorch, and a trust-region method [90],
implemented in the SciPy library [91]. In implementing these
solvers, we need to obtain gradients of the objective function
in (14), which depends on the solution to the outlier-free
registration problem (10). The solution to (I0) involves linear
operations and SVD computation [92]]-[94]], the derivative of
which is computed using the autograd functionality in PyTorch.
More specifically, we implement batch gradient descent — a
simple, fixed-step-size gradient descent method implemented
in PyTorch that solves for a batch input on the GPU, and
this leads to much faster compute times (Appendix [E).

Gradient Computation for Back-Propagation. Implement-
ing the corrector as a block in an end-to-end differentiable
pipeline requires to be differentiable, i.e., there must be a
way to compute 0Ay*/0y. We now show that the corrector
optimization problem (14), although being non-linear and non-
convex, heeds to a very simple derivative (proof in Appendix |E).
This allows us to implement the corrector as a differentiable
optimization module in the C-3PO architecture.

Theorem 9. The gradient of the correction Ay* with respect
to the estimated keypoints y is the negative identity, i.e.,

Ay* /0y = —L (16)

Remark 10 (Corrector vs. ICP). The corrector is similar in
spirit but computationally different from an ICP-based pose
refinement. ICP-based methods tend to correct/refine the pose
by optimizing over the object rotation or translation. The
corrector, on the other hand, does so by optimizing over the
keypoint space; see (14). In our experiments, we observe that
correcting for pose over the space of keypoints is more powerful
(i.e., corrects larger errors) compared to doing so over the
space of rotation and poses.

D. Certificates for Pose Estimation

We now use the framework in Section[[V]to derive two certifi-
cates for C-3PO. C-3PO uses a dense point cloud representation
B of the object B, to obtain the posed output X see (LT).
While such a sampling is necessary for implementation (e.g., to
make it easy to compute distances between two posed models),
the definition of (-correctness (Definition [3) requires closeness
between the CAD models 7' - B and T* - B.

To bridge this gap, we use two output spaces: (i) Z: the
space of all outputs (7, X ) produced by C-3PO; see (L1). This
space is nothing but the space of all posed tuple (b, B) of
model keypoints b and sampled object CAD model B. (i) Z:
the space of all posed tuple (b, B):

Z:{(T~b,T~B)‘TeSE(3)}, 17)

where now B is the full CAD model.

Remark 11. The choice of Z. (or Z) to be the space of all
posed keypoints and models, and not just the space of all
poses (i.e., SE(3)) circumvents the need to consider symmetric
objects as a special case, and helps our analysis (Appendix D).

Certificate of Observable Correctness. We conservatively
approximate the observable correctness certificate by checking
the geometric consistency between the input point cloud X
and the output Z = (¢, X) in (T1). Since the input point cloud
is partial, we only check if every point in the partial input X
is close to a point in X:

oc(Z,X) =1 {max min || X [i] — X[j]||2 < eoc} . (18)
i€[n] j€[m)]

where €,. is a small positive constant. We show that this
certificate can be derived as an outer approximation certificate
when the noise mn,, in is bounded, and the point cloud
representation B of B is sufficiently dense (Appendix .

We note that while the certificate is written as a function
of the output Z and the input X, it can repurposed to the
form oc(M, X) (in Section by setting Z = M(X).

Certificate of Non-degeneracy. Non-degeneracy depends
on the size of the solution space S(X) (see (7)). Intuitively,
the solution space is likely to be large if the input point cloud
is highly occluded or is missing important features or parts of
the object. Consider the case of an otherwise symmetric mug,
with a handle. If the input point cloud X misses the handle
entirely, there will be multiple ways to register the CAD model
to the input — thereby, making S(X) large.

Motivated by this observation, we define the notion of a
cover set of points on a CAD model.



Definition 12 (Cover Set). A subset of points A on the surface
of a CAD model B is a cover set if, given the 3D positions of
points in A, we can unambiguously estimate (up to noise) the

pose of B:

sup D(z,T-B)<§ = dy(T'-B,T-B) <4, (19)
xeT’-A

for any T, T' € SE(3) and where § is a positive constant.

Eq. states that if the partial point cloud A of the object
B is such that every point in T - A is close in distance to the
posed model T" - B, then it will necessitate that that two posed
models T' - B and T - B, are in fact very closely aligned.
This implies that if our input point cloud X is large enough
to encompass at least a cover set of the object, the size of the
solution space must be small; implying non-degeneracy (7).

Our insight is that we can use semantic keypoints, intelli-
gently annotated, to check for the size of the solution space,
and if the observed X does indeed encompass a cover set. In
our mug example, if we are able to detect a few keypoints
on the mug handle, such that those points are also close to
the input point cloud, then we can conclude that the input is
non-degenerate. This leads to the notion of indicator set.

Definition 13 (Indicator Set). Let © (B) be a sampled and
visible portion of an object B as in @2). A subset of keypoints
G C [N] is an indicator set if when all keypoints {b[i]};cq
are close to © (B) by distance d;pq, i.e.,

Helfnﬂb[ i]=©(B)[jlll2 < dina Vi€ G, (20)
J
then © (B) is a cover set for B.

Let {G;}/_, be a collection of such indicator sets for the
object. Given an input point cloud X and an output Z =
(9, X ) e 7, we declare non-degeneracy if —for at least one
set G;, | € [g]— every keypoint in g[i] in G; is close to a
point in the input X . Mathematically, this is given by:

d(Z,X) =1 U N {mmy

X[illa < 6ua
1=1ieG;

2y
where d,,4 is a small positive constant.

Certification Guarantees. We now prove that using the
two certificates (I8)-(21), we can determine whether an
estimate produced by the model M is ¢-correct (Definition [1),
under some reasonable assumptions. The proof is given in

Appendix [D.

Assumption 14 (Bounded Noise). The noise is bounded,
namely max; ||1e,[i]||2 < €.

Assumption 15 (Dense CAD Model Sampling). The sampled
point cloud B is such that every point on B is at most a
distance €5 away from a point in B, namely min ;e ||z —
Blj)|l2 < € for all € B.

Theorem 16. Assume bounded noise, dense CAD model
sampling (Assumptions E@), and that the sets {G}]_;
in are indicator sets. Then, the output produced by a
pose estimator M: Z = (§,X) = M(X) is C-correct

(Definition |Z), if oc(Z,X) = nd(Z,X) = 1 in (18),
for any ( > €y + €, provided ey + Opg + 264 < Oing.

Remark 17 (Choosing Indicator Sets). The non-degeneracy
certificate in provably works (Theorem [I6) when there
exists indicator sets, among the annotated keypoints. Deriving
indicator sets to provably meet its definition is hard and we do
not choose that route. We, instead, hand-craft the indicator sets
and show its usefulness towards correctly certifying C-3PO’s
pose estimates. We show, in our experiments, that a simple
choice of subsets (listed in Appendix [F) suffices to determine
non-degeneracy.

VI. SELF-SUPERVISED TRAINING

The certificates implemented in C-3PO enable a simple
yet effective self-supervised training procedure. According to
the setup described in Problem E we assume that the real-
world, training dataset D consists of a collection of input
point clouds X, bearing no pose or keypoint annotation. The
only trainable part in our C-3PO architecture is the keypoint
detector, which is initialized to a sim-trained model. In the
self-supervised training, it is the keypoint detector that gets
trained to better detect semantic keypoint on real-world data.
The other components in C-3PO (i.e., corrector and certificates)
enable this self-supervised training.

Certificate-based Self-Supervised Training. Our self-
supervised training is the same as a standard supervised training
using stochastic gradient descent (SGD), except from two
changes. First, at each iteration, when we see a batch of inputs
{X}, we compute the output {(¢*, X*)} using the current
model weights. We then compute the loss:

+92Hy

for each input-output pair ¢ in the batch; where chy 5 is the
half-Chamfer loss, {y"}; are the corrected keypoints, and 0 is
a positive constant.

Second, at each iteration, we also determine the observable
correctness of each input-output pair, by computing certificates
in (I8): oc; = oc((¥%, X), X1).

We then compute the total training loss for the batch —that
we use for back-propagation— as

LZZOCi'ﬁi,

which is nothing but the sum-total of loss computed only
for the observably correct input-output pairs, in the batch.

E —Ch1/2 4XZ ||2, (22)

(23)

Remark 18 (Role of Certification). Self-supervised training
using the total loss L =), L;, i.e., using all and not just the
observably correct instances, would not work well in practice.
This is because, some of the predicted models X are not
correctly registered to the input point clouds X. Including them
in the loss function induces incorrect supervision causing
the self-supervised training to fail. Certification, on the other
hand, weeds out incorrectly registered object models during
the self-supervised training and provides correct supervision
to the keypoint detector during training. In all our experiments



we observe that as our self-supervised training progresses, the
fraction of observably correct instances increases, eventually
converging to nearly 100% of the model outputs being
observably correct (see Fig. in Section [VII-D).

VII. EXPERIMENTS

We present five experiments. We first show that a standard
semantic-keypoint-based architecture outperforms more recent
alternatives in problems with partial point clouds and large
object displacements (Section [VII-A). We then analyze the
ability of the corrector to correct errors in the keypoint
detections (Section [VII-B). We show the effectiveness of our
self-supervised training and certification on a depth-point-cloud
dataset generated using ShapeNet [31] objects (Section [VII-C)
and on the YCB dataset [32] (Section [VII-D); here we observe
that C-3PO significantly outperforms all the baselines and state-
of-the-art approaches. Finally, we show that our self-supervised
training method can work even when the training data has no
object category labels on the input point clouds (Section [VII-E).

A. Why Do We Use Semantic Keypoints?

We start by providing an experimental analysis that justifies
our choice of KeyPO as the backbone for C-3PO. This choice
seems to go against the commonplace belief that neural models
that mimic the ICP algorithm [2], [3], or based on learned global
representations [4f], [|5] outperform keypoint-based approaches.
This section empirically shows that this conclusion is only
true in relatively easy problem instances, while keypoint-based
approaches still constitute the go-to solution for hard problems
with occlusions and arbitrary object poses.

Setup. We consider the following approaches: (i) FPFH +
TEASER++ [1], [43]: a local-feature-based pose estimation
method, that extracts local features and computes a pose
estimate via robust registration; (ii) PointNetLK [3]: a learning-
based model that attempts to “neuralize” iterative closest point
and is considered a state-of-the-art approach for point cloud
alignment and pose estimation; (iii) DeepGMR [4]: a learning-
based model that attempts to extract deep features, by modeling
them as latent Gaussian variables; the method is also known to
be competitive to PointNetLK; (iv) EquiPose [5]: a learning-
based model that attempts to solve shape completion, pose
estimation, and in-category generalization; and (v) KeyPO: a
standard semantic keypoint-based pose estimation architecture
(Fig. |4) with a point transformer [89]] as a keypoint detector.

We analyze these models under two experimental settings,
named easy and hard. In the easy case, we consider relatively
small rotations and translations of the objects, while the
hard case we induce larger rotations and translations. The
cumulative distributions of the object rotations and translations
are visualized in Fig. [9] Since several methods tend to perform
well when the input X is a full point cloud, as opposed to
a depth or a partial point cloud, we consider the following
scenarios: (i) Easy + Full PC, where the object displacement
is small and the input point cloud is the full point cloud, (ii)
Hard + Full PC, where the object displacement is large and
the input point cloud is the full point cloud, and (iii) Hard

+ Depth PC, where the object displacement is large, and the
input point cloud is partial and computed from the rendered
depth image of the object.

Results. Figure [§ shows the distribution of the ADD-S
scores [[18] for object pose estimation of a ShapeNet car object
and for all the techniques above. From the figure, we note that
the performance of all the approaches, except KeyPO, degrades
as we go from easy to hard test setups and from full point clouds
to depth point clouds. PointNetLK, while performing extremely
well on the Easy + Full PC dataset degrades significantly
when the object rotations and translations are large. DeepGMR,
while still performing well with large pose magnitudes, shows
significant performance degradation when the input point
cloud is a depth point cloud. EquiPose, while generalizing
better, shows consistent sub-optimal performance. In particular,
EquiPose seems to trade off its pose estimation accuracy for
the objective of in-category generalization, and we consistently
see the object shape/size not exactly matching the input. Like
EquiPose, the local feature-based method FPFH + TEASER++
also generalizes well, but are still outperformed by KeyPO on
the Hard + DepthPC dataset.

Insights. We gather the following insights from the above
analysis. Methods attempting to “neuralize” ICP, for solving
object pose estimation, can yield optimal performance under
small rotations and translation, while yielding sub-optimal
performance when the object displacement is large; this is
not dissimilar from ICP, which works well when initialized
close to the ground-truth pose, but is prone to converge to local
minima otherwise. Methods like DeepGMR, that extract learned
representations, while succeeding when the input is a full point
cloud, fail when the input is occluded. The performance gap
between KeyPO and DeepGMR (on Hard + Depth PC) indicates
that we are better off using semantic keypoints as a learned
representation for the task of pose estimation.

B. Keypoint Corrector Analysis

This section shows that the keypoint corrector module is
able to correct large errors in the keypoint detections.

Setup. We consider ShapeNet objects [31] and use the
semantic keypoints labeled by the KeypointNet dataset [[71].
Give an object model and semantic keypoints (b, B), we extract
depth point cloud of B from a certain viewing angle, transform
(b, B) by arandom pose, and add perturbations to the keypoints.
The induced pose error is the same as in the hard case described
in Section [VII-Al For each keypoint b[i], with probability f,
we add uniform noise distributed in [—od/2, 0d/2], and with
probability 1— f, keep b[i] unperturbed. Here, d is the diameter
of the object. We set f = 0.8. We study the performance of
the corrector as a function of the noise variance parameter o.

Results. Figure @(left, mid) show the rotation and trans-
lation error as a function of the noise parameter o; for
the ShapeNet object chair. We compare the output of the
corrector + registration with a naive method that applies
only the registration block (eq. (10)) to the detected/perturbed
keypoints y. Not all outputs produced by these two models
—naive and corrector— are observably correct per eq. (18).
The figures also plot the rotation and translation errors for
the observably correct instances. Figure [[0(right) shows the
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Fig. 8: Shows the distribution of ADD-S scores [18] for object pose estimation of a ShapeNet object car. Shows various
baselines on three datasets: (a) Easy + Full PC, (b) Hard + Full PC, and (c) Hard + Full PC.

TABLE I: Evaluation of C-3PO and baselines for the ShapeNet experiment.

| ADD-S ADD-S (AUC) | car chair helmet laptop skateboard table |
KeyPo (sim) 0.00 0.00 0.00 12.01 0.00 2.00 0.00 0.00 4.00 11.30 0.00 3.13
KeyPo (sim) + ICP 0.00 0.00 0.00 11.56 0.00 2.00 2.00 2.00 2.00 9.80 0.00 0.00
KeyPo (sim) + Corr. 0.00 13.69 68.00 57.16 10.00 20.14 26.00 20.57 70.00 59.17 80.00 53.54
C-3PO 80.00 64.00 | 100.00 79.06 | 100.00 70.49 | 100.00 64.70 | 100.00 82.90 98.00 67.69
C-3PO (oc=1, nd=1) 100.00 84.59 | 100.00 90.13 | 100.00 71.53 | 100.00 64.70 | 100.00 82.90 | 100.00 69.07
DeepGMR 0.00 2.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
PointNetLK 0.00 2.76 6.00 7.06 0.00 0.00 0.00 0.00 2.00 5.14 4.00 5.27
FPFH + TEASER++ 26.00 25.03 26.00 25.65 50.00 46.29 42.00 32.32 38.00 40.33 48.00  39.23
EquiPose 16.00 19.69 14.00  20.33 - - - - - - - -
KeyPo (real) 100.00 79.08 | 100.00 79.92 | 100.00 80.28 | 100.00 83.11 | 100.00 84.02 54.00 44.67

fraction of non-observably correct outputs produced by the
two methods. We conduct similar analysis for several other
ShapeNet objects in [?].

Insights. We observe that the corrector significantly im-
proves the rotation and translation error, viz-a-viz the keypoint
registration used in standard keypoint-based methods. A further
performance boost is seen when we inspect the observably
correct, i.e., oc = 1, instances produced by the corrector. This
boost is not only in the absolute reduction of the two error
metrics, but also in the reduction of the error variance. We
observe a near-constant error, w.r.t. increasing keypoint noise o,
for the observably correct instances produced by the corrector.
Finally, we note that the fraction observably correct remains
significantly high, when using the corrector. For instance, more
than 90% of the outputs produced by the corrector remain
observably correct, for ¢ < 1, whereas the naive method fails
to produce any observably correct output for o > 0.4.

Note that the purpose of the corrector module in C-3PO is
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hard hard
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Fig. 9: Cumulative distribution function of object rotations and
translations for easy/hard test dataset. The object rotations are
in radians (rotation angle around a randomly chosen rotation
axis), while the translations is measured as the norm of the
translation vector normalized by the object diameter.

to ensure that there is a non-negligible fraction of input-output
instances that are observably correct for self-supervised training,
thus surmounting the sim-to-real gap. This analysis indicates
that the corrector can indeed help bridge the sim-to-real gap.

C. The ShapeNet Experiment

This section demonstrates our self-supervised training on
depth-point-cloud data generated using ShapeNet [31] objects.

Setup. ShapeNet [31] classifies objects into 16 categories.
We select one object in each category and use the semantic
keypoints labeled by the KeypointNet dataset [71]. We use
uniformly sampled point clouds of these 16 objects as the
simulation dataset, and a collection of depth point clouds,
rendered using Open3D [95], as the real-world dataset. This
choice ensures a large sim-to-real gap, and enables us to
showcase the utility of our self-supervised training. We consider
object displacements corresponding to the hard setup described
in Section We initially train the detector using the
simulation dataset, and self-train it on the depth point cloud
dataset, as discussed in Section Hyper-parameter tuning
and the implementation of the non-degeneracy certificates is
discussed in Appendix [F|

We report the following baselines in Table E} (i) KeyPO (sim):
a simulation-trained keypoint detector KeyPO; (ii) KeyPO
(sim) + ICP: the simulation-trained keypoint detector, with
iterative closest point refinement using the input X and the
predicted point cloud X; (iii) KeyPO (sim) + corrector, and (iv)
KeyPO (real): the keypoint detector trained on the real-wold
dataset of depth point clouds, with full supervision. KeyPO
(real), therefore, marks an upper-bound on the performance
of any self-supervised method. C-3PO denotes the proposed
method, obtained after the self-supervised training on real-data.
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training (Section [VI).

We use the point transformer regression model [89] for the
keypoint detector in KeyPO and C-3PO. We also compare the
performance of C-3PO against: (i) DeepGMR, (ii) PointNetLK,
(iii)) EquiPose: only in cases where the trained model is
available, and (iv) FPFH + TEASER++. Table [I| shows the
performance on 6 of the 16 objects. The remaining objects are
reported in [?]. We evaluate the performance of each model
using threshold ADD-S and ADD-S (AUC) score [18]. We
choose thresholds for the ADD-S and ADD-S (AUC) to be
5% and 10% of the object diameter d.

Results. Figure [T1] sheds light on the performance of the
proposed self-supervised approach and shows how the number
of observably correct instances in C-3PO increases with the
number of SGD iterations during self-supervised training,
reaching close to 100% in most cases. In Fig. [T, there is
a noticeable difference in convergence time when the keypoint
detector is modeled as a point transformer regression model vs.
PointNet++ regression model. The point transformer regression
model is consistently better than the PointNet++.

Table [ shows that KeyPO (sim) performs very poorly and is
not helped much by ICP; thereby, confirming the large sim-to-
real gap in the experiment. KeyPO (sim) + Corr., on the other
hand, shows a significant performance improvement in Table [
confirming that the corrector indeed helps bridge the sim-to-
real gap, to an extent. We, therefore, deduce that correcting
for pose over the space of keypoints is more powerful than

doing so over the space of rotation and poses, which is what
the ICP attempts, thus validating Remark [T0]

We observe that C-3PO is able to significantly outperform all
the baselines, and match the performance of the fully supervised
KeyPO (real). A further performance boost is attained by
evaluating only the observably correct and/or non-degenerate
outputs produced. We see this in Table[, as well as in Figure
which shows the distribution of ADD-S scores, over the test
dataset. The reasons for very low scores of the baselines such as
DeepGMR, PointNetLK, FPFH + TEASER++, and EquiPose
remain the same as discussed in Section [VI-A]

Degeneracy. Degeneracy arises when the depth point cloud
of an object is severely occluded, and there are multiple ways
to fit the object model to it. We observe this specifically in
the case of two objects in the ShapeNet dataset: mug and cap.
For the mug, degeneracy occurs when the handle of the mug
is not visible, whereas for the cap, when the visor of the cap
is not visible (Fig. [3). Table [T shows the ADD-S and ADD-S
(AUC) scores attained by C-3PO on these two objects (cap
and mug). We observe that, while the self-supervised training
works correctly to reach 100% and 82% observably correct
instances for cap and mug, respectively, the ADD-S and ADD-
S (AUC) scores remain low. This is because the observably
correct instances include degenerate cases. This causes the
predicted output to deviate from the ground truth. Table [II} also
shows the ADD-S and ADD-S AUC scores for oc = 1 and
oc = nd =1 instances produced by C-3PO; see Appendix
for implementation details of the non-degeneracy certificate.
We observe that the non-degeneracy check (i.e., nd = 1)
on observably correct instances (i.e., oc = 1) significantly
improves the performance, empirically validating Theorem [16]

D. The YCB Experiment

This section shows that the proposed self-training method
allows bridging the sim-to-real gap in the YCB dataset [32].

Setup. The YCB dataset [32] includes RGB-D images of
household objects on a tabletop. The dataset provides Poisson-
reconstructed meshes, which we use as object models B. We
manually annotate semantic keypoints on each model. For the
simulation data, we use uniformly sampled point clouds on B,
and for the real-world data we use the segmented depth point
clouds extracted from the RGB-D images in the dataset.
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TABLE II: C-3PO w/wo observable correctness and non-
degeneracy certificates (21).

\ object \ C-3PO \ ADD-S  ADD-S AUC \ percent \
all 78.00 63.87 100.00
cap oc =1 78.00 63.87 100.00
oc, nd =1 100.00 80.11 32.00
all 68.00 53.55 100.00
mug oc =1 82.93 60.63 82.00
oc, nd =1 100.00 70.06 22.00
all 68.00 54.24 100.00
cracker box | oc =1 69.39 55.35 98.00
oc, nd =1 100.00 81.08 42.00

We use the same baselines as in the ShapeNet experiment,
except EquiPose. This is because a trained EquiPose models are
not available for the category-less YCB objects. We evaluate
the performance of each model using threshold ADD-S and
ADD-S (AUC) score [18]]. We choose thresholds for the ADD-S
and ADD-S (AUC) to be 2cm and 5cm.

Results and Insights. Table [[IT shows the results for 6 of
the 21 YCB objects. The remaining objects are reported in [?].
Even though the YCB dataset is generated using real objects
and sensors (unlike the dataset in the ShapeNet experiment),
the key results and insights in Section [VII-C| hold. We also see
a large sim-to-real gap, and that the KeyPO (sim) and KeyPO
(sim) + ICP do not yield good performance. The corrector
helps to an extent to bridge the sim-to-real gap, and provide a
respectable, initial fraction of observably correct instances for
self-supervised training. We observe that the self-supervised
training works, as the observable correct instances increase
with training iterations. C-3PO significantly outperforms all
the baseline approaches, and attains performance close to
the supervised baseline KeyPO (real). We observe several
degenerate cases (see cracker box in Table @, but our
implemented non-degeneracy certificate (see Appendix [F) is
able to filter them and boost performance: see Table |lI} This,
again, validates Theorem @

E. Learning without Object Category Labels

As a final result, we show that C-3PO’s self-training works
even when the data does not contain object category labels.

Setup. We use the depth point clouds from the ShapeNet
and YCB experiments (see Sections [VII-C| and [VII-D). We
omit the object category labels and create two mixed datasets.

The first one contains five ShapeNet objects (table, chair, bottle,
laptop, skateboard) and the second contains five YCB objects
(master chef can, mustard bottle, banana, scissors, extra large
clamp). We train C-3PO for each object in the dataset. We set
€oc = 0.0316d where d is the object diameter.

Results and Insights. A typical pose estimation method
produces object poses without any certificates. The use of
certificates in C-3PO helps it distinguish not only if the estimated
pose is correct, but also if the input is a partial point cloud
of the same object. Table shows C-3PO (A) (for instance,
“C-3PO (table)”), trained to estimates pose of object A in sim,
produces oc = 0 when it sees other objects (i.e., chair, bottle,
laptop, skateboard). Since we use observably correct instances
to self-supervise (Section , this indicates that the training
will ignore pose estimates produced on other objects.

Table [V indeed shows that also in this case the self-
supervised training in Section succeeds. In particular, Ta-
ble [V evaluates C-3PO (chair), trained to estimate the pose of
a chair, on a mixed dataset containing depth point clouds of
tables, chairs, bottles, laptop, and skateboard. We use the same
ADD-S and ADD-S (AUC) thresholds as in Section We
see that C-3PO (chair) is able to attain performance close to
C-3PO and the supervised baseline KeyPO (real) in Table
We get similar success when training and evaluating C-3PO for
other ShapeNet and YCB objects.

VIII. CONCLUSION

We introduced the problem of certifiable pose estimation
from partial point clouds, and defined the notion of (-
correctness. We developed a theory to certify end-to-end per-
ception models, and showed that implementing two certificates
—observable correctness and non-degeneracy— provides a
way to ascertain (-correctness of the resulting pose estimates.
We proposed C-3PO, a certifiable model, that implements the
two certificates derived using our theory. C-3PO relies on a
semantic keypoint-based architecture, and also implements a
keypoint corrector module, which we saw to be more effective
at correcting pose errors than traditional methods like ICP.
Finally, we introduced a self-supervised training procedure, that
leverages the certificate of observable correctness to provide
a supervisory signal and enable self-training on unlabeled
real data. Our experiments show that (i) standard semantic-
keypoint-based methods (which constitute the backbone of
C-3PO) outperform more recent alternatives in challenging
problem instances, (ii) C-3PO further improves performance
and significantly outperforms all the baselines, (iii) C-3PO’s
certificates are able to discern correct pose estimates.

This work opens many avenues for future investigation.
The success of the semantic-keypoint-based architecture for
pose estimation indicates the need to explore in-category
generalization power of a semantic keypoint detector. We note
here that self-supervised discovery of semantic keypoints on
CAD models has been shown in [[72f, thus obviating the need
for hand-annotation of semantic keypoints. Self-supervised,
category-level keypoint discovery is a problem, which, once
solved, can extend C-3PO to solve category-level object pose
estimation. Secondly, the theory of certifiable models developed



TABLE III: Evaluation of C-3PO and baselines for the YCB experiment.

\ ADD-S  ADD-S (AUC) \ chips can mustard bottle banana scissors extra large clamp cracker box \
KeyPo (sim) 0.00 3.84 0.00 15.15 2.00 27.29 34.00 53.22 0.00 11.73 0.00 2.00
KeyPo (sim) + ICP 0.00 4.47 0.00 13.97 4.00 26.09 36.00 52.55 2.00  10.79 0.00 2.00
KeyPo (sim) + Corr. 50.00 41.68 40.00 48.63 72.00 68.06 92.00 80.59 54.00 53.14 38.00 36.18
C-3PO 98.00 78.48 | 100.00 84.04 | 100.00 85.97 | 100.00 84.42 | 100.00  84.22 68.00 54.24
C-3PO (oc=1, nd=1) 100.00 78.78 | 100.00 85.05 | 100.00 87.34 | 100.00 86.77 | 100.00  84.80 | 100.00 81.08
DeepGMR 0.00 7.62 0.00 16.51 2.50  30.49 14.14  35.64 0.76 7.06 0.00 0.00
PointNetLK 0.00 0.00 0.00 3.72 22.17  28.37 7.07 8.08 0.00 0.00 0.00 0.00
FPFH + TEASER++ 0.17 5.90 0.33 13.23 4.83 24.43 47.81  50.07 5.29  13.20 0.17 4.91
KeyPo (real) 100.00 83.67 | 100.00 74.12 | 100.00 89.92 | 100.00 88.51 98.00 82.06 98.00 79.34

TABLE IV: Percentage of observably correct instances (i.e.,
%oc = 1) for the sim-trained C-3PO, for object A (row),
evaluated on the depth point cloud dataset for object B (column)

| % obs. correct | table | chair | bottle | laptop | skateboard |
C-3PO (table) 74.00 | 00.00 | 00.00 | 00.00 00.00
C-3PO (chair) 00.00 | 58.00 | 00.00 | 00.00 00.00
C-3PO (bottle) 00.00 | 00.00 | 98.00 | 00.00 00.00
C-3PO (laptop) 00.00 | 00.00 | 00.00 06.00 00.00
C-3PO (skateboard) | 00.00 | 00.00 | 00.00 | 00.00 52.00

TABLE V: Cross evaluation of C-3PO (chair) trained on the
mixed ShapeNet dataset to estimate pose of the chair object.

| | table | chair | bottle | laptop | skateboard |
ADD-S 00.00 | 100.00 | 00.00 | 00.00 00.00
ADD-S (AUC) | 00.00 83.73 | 00.00 | 00.00 00.00

in this work remains to be applied to other problems. We
believe this can pave the way towards certifying end-to-end
perception pipelines. Finally, we believe that two other ideas
presented in this paper, namely the corrector and the self-
supervised training approach, can be extended and applied to
other perception problems and deserve further investigation.

APPENDIX
A. Appendix: Hausdorff Metric for Certification

The (-correctness of a pose estimate is defined in terms of
the Hausdorff distance between the estimated T'- B and the
ground-truth T* - B posed CAD models. Here we address the
question of why we chose the Hausdorff distance, as opposed
to other metrics that are more common in the pose estimation
literature, like the pose error or the ADD-S score [18].

Pose Error. A common choice of metrics is to use rotation
and translation error between the estimated pose T and the
ground truth 7. The translation error is typically computed as
the Euclidean distance between the estimated and ground-truth
translation. Several alternatives exist for measuring the rotation
error [96]], [97]. Two popular options are (i) the angular distance,
(i1) the chordal distance, which corresponds to the Frobenius
norm of I — RTR*. While these metrics are appealing, they
cause problems for symmetric objects. For a symmetric object,
there exist at least two different poses from which the object is
identical, i.e., T - B = B for some T' € SE(3). Using rotation
and translation error, therefore, necessitates us to first address
the question of such equivalent poses, for each object, thus
adding complexity and getting in the way of our analysis.

ADD-S Metric. A popular metric for evaluating pose
estimation is the ADD-S metric [18]. It is defined as the
Chamfer loss between the estimated T' - B and the ground-
truth T* - B posed CAD models. Unlike the metric in ,
ADD-S is computed on sampled point clouds. The difference
between such a metric and the Hausdorff distance metric in ()
is that the latter computes the worst-case distance from a point
on T - B to the surface T* - B , and vice-versa. The ADD-S
metric, on the other hand, operates on averages, which can be
problematic. An average metric, like ADD-S, tends to average
out and potentially miss high errors in a few parts of the object,
which gets in the way of certification. The Hausdorff distance
metric, using “max” instead of “average”, is able to single out
such instances.

B. Appendix: Certifiable Models

Proof of Theorem [dl The result follows from the definitions.
Recall that the ground truth Z* generates the input data X,
hence —according to (5)— it belongs to the solution space:
Z* € §(X). Now assume that, for an estimate Z = M(X),
both the certificate of observable correctness (6) and non-
degeneracy are equal to 1. This implies (i) Z € S(X) and
(ii) Diam[S(X)] < d. Now, (ii) implies that dz(Z', Z") < ¢
for any Z’,Z" € S(X). Setting Z' = Z and Z"" = Z*, and
using the assumption § < (, we obtain the desired result.

Proof of Theorem Since S(X) is an outer approximation
of the solution set (i.e., S(X) C S(X)) and Z* € S(X), it
follows Z* € S(X). Moreover, since oc(M, X) = 1, we
also know that Z € S(X). Now, nd(M, X) = 1 implies
that dz(Z',Z") < 6 for all Z',Z" € S(X). Putting these
three conclusion together, and using the assumption § < ¢, we
obtain the desired result.

C. Appendix: Observable Correctness Certificate (18) as an
Outer Approximation

The observable correctness certificate is given by

oc(Z,X) =1 {max min | X[i] — T - B[j]||2 < eoc} :
i€[n] je[m]

R o (24)
where we have used the fact that X = T"- B in (I8). Note that
we use the densely sampled CAD model B (instead of B) to
implement the certificate, while the definition of (-correctness
is with respect to the posed CAD model B. For mathematical



analysis, we also consider the following certificate

oc'(Z,X) =1 {maxD(X[i],T -B) < e} .25

1€[n]
Note that is an “idealized” version of the certificate in (I8)),
as it computes the exact distance D(X[i], T - B) from any
point in the point cloud X to the posed CAD model T - B.
We prove the following.

Theorem 19 (Outer Approximation). Let S(X) be given by

S(X) = {(T-b,T~B) max D(X[i],T - B) < eoc/}.

i€[n]
Assuming bounded noise (Assumption [I4) and dense CAD
model sampling (Assumption [I3)), we have

(i) S(X) is an outer approximation of the solution space
S(X), provided €,, < €5
(ii) ocd(Z,X) < oc(Z,X), provided €, + €5 < €oe.

Proof: (i) We first show that S(X) is an outer approxima-
tion to the solution space S(X ). Recall that, given a generative
model ¢ : Z — X, the solution space S(X) is given by

S(X)={2€Z|¢(2)=X}.

For the certifiable pose estimation problem, we have the
generative model (LI):

X =O(T*- B) + n,. Q7

Let a tuple (T - b,T - B) € Z be in the solution space S(X).
This implies that there exists a realization of the noise n;,
such that X —n,, = © (T - B), which is equivalent to saying
that X — n;j C T - B. We can write this as

D(X[i] —n,[i],T-B) =0, Vi€ n]

(26)

(28)

The equation simply states that the output, up to noise, is a
rigid transformation of points in the CAD model. Since we
assume bounded noise (Assumption [T4), we can write (28) as

max D(X[i], T - B) < €, (29)

after making use of the triangle inequality. From this, we know
that whenever (T'-b, T- B) € S(X) we must have (29), which
is equivalent to saying (T'-b,T - B) € S(X) with €,, < €5c.

(ii) We now show oc’(Z, X) < oc(Z, X)), provided €, +
€s < €oc. It suffices to prove that whenever oc’(Z, X) = 1
we have oc(Z, X) = 1. We do this by showing

r‘n?o](D(X[i],T -B) < €y
€N

= max min || X[i] —
i€[n] j€[m]

[.7]”2 < €oc) (30)

provided €,, + €5 < €oc.
Let the left-hand side (LHS) of hold for a T'. We note
that

1X1i] = X[jlll2 < 1X[3] — @ll2 + [l — X[1]]l2,

for a @ € T B such that || X [i] — ||z < €,; which is possible
due the LHS of (30). Taking minimum over j € [m], we obtain

min || X [7] (32)
j€lm]

€29

- X[]]HQ < €w + €s,

after applying the CAD model sampling Assumption [I5] This is
nothing but the right-hand side of (30), provided €,, + €5 < €oc-
|

Remark 20. We remark here that Theorems [I9 and [5 imply
that the implemented observable correctness certificate is an
upper-bound, i.e.,

ObsCorrectM, X] < oc(Z = M(X), X), (33)

under Assumptions and €,. > €, + €.

D. Appendix: Proof of Theorem

We prove the result in three parts: (i) we first prove that if the
certificate of non-degeneracy holds, then the posed keypoints
cannot be far from the posed ground-truth CAD model; (ii) if
the certificate of observable correctness holds, then the posed
CAD model cannot be far away from the posed and occluded
ground-truth CAD model; and finally (iii) we use these two to
show that the estimated pose T is (-correct.

(i): Let Z = (§,X) = M(X) be the model output as
in (T1). Let nd(Z, X) = 1. Then, there exists a G; such that

min|g{i] — X[jlll2 < dna, Vi € Gi. (34)

€[n]

Now, X = O (T* - B) + n,,. This implies

lgli] = (T" - B) [jlll2 < [|9[i] — X [jlll2 + [[7w[i]ll2,
(35)
< llgli] = X[jlll2 + €w,  (36)

where we used the bounded noise Assumption [E Now,

eqs. and imply

m%n}H'g[z} —O(T*-B)[j]ll2 < 0na + €w, YieG. (37)
JEN

This proves that the posed keypoints § = T - b, ¢f. (L1)), are
not far away from the posed ground-truth CAD model. We use

g="T-b, cf (1), to write (37) as

Igfn]llb[] Clilll2 < 0na+€w, Yie G, (38)
where C =T~ . ©(T* - B).
(ii): We also have oc(Z, X ) = 1. This implies
— X[i]ll2 < €oc, ¥ j € [n]. (39)

min || X [7]
1€[m]

Again, using the fact that X = © (T - B) + n,,, and that the
noise n,, is bounded (Assumption [I4)), we can show

_em[in]H@(T* -B)[j] = X[i]ll2 < €oc + €w, ¥ j € [n]. (40)
Recall that X = T B and consider the posed CAD model
T - B. Using (40), and the fact that every point in X is in the

set T - B, we get

DO (T*-B)[j,T - B) < €oc +€w, ¥j € [n]. (41
Substituting C = T~ - © (T* - B) in we get
D(C,B) < €oc + €, ¥V j € [n]. 42)
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This implies that there exists an occlusion and sampling
function ©’ such that

dH(C,@I (B)) < €oc + €w- (43)

Such a point cloud ©’ (B) can be obtained by only sampling
points on B that are closest to every point in C.

(iii): From and (43), we obtain

minl|blil — €' (B) [l < eoc + 0 + 26, (44)
for all ¢ € Gy, using the triangle inequality. This means that
all the keypoints in the indicator set G; are close to the
non-occluded part of ©’ (B). Since G; is an indicator set
(Definition E), we have that ©' (B) is a cover set of B,
provided

€oc + 5nd + 26y < 5ind' (45)

Now, also implies that D(©’ (B) [j], C) < €oc + €4, from
which we can deduce

D(®' (B)[j,T™"-T* - B) < €oc + €w, (46)

for all j. Knowing that ©' (B) is a cover set, this gives us
dg (B, T~!-T* - B) < €, + €, and therefore,

dy(T - B, T* - B) < €oc + €u, 47

which proves the result. This proves that the estimate produced
T is (-correct for any ( > €,c + €.

E. Appendix: Corrector

Proof of Theorem [9] Note that the only places where Ay
appears in the corrector is in conjunction with y, and that too,
in the form g+ Ay (see (10), (14)). The corrector optimization
problem can therefore be written as:

min - f(g+ Ay), (48)
for some function f, obtained by subsuming the constraints
in into the objective function and realizing that R(Ay)
and t(Ay), can in fact be written as R(g+Ay) and t(g+Ay).
Let y* be a solution of the optimization problem min,, f(y),
for f in (@8). Then, the optimal correction will be Ay* =
y* — y. Taking derivative with respect to y gives the result.
Batch Gradient Descent. To enable batch processing
in the corrector forward propagation, we implement batch

gradient descent — a simple, fixed-step-size gradient descent
implemented in PyTorch that solves for a batch input
on the GPU, in parallel, without iterating over data points in
the batch. This leads to much faster compute times, while
solving quite accurately.

Figure[I3]shows a comparison of the compute time advantage
viz-a-viz a SciPy optimization solver. The figure plots the time
taken by a solver to output the solution to (14)), per data point
in the batch, and a function of the total batch size. We see
that with increasing batch size, the implemented batch gradient
descent yields a compute time advantage over the SciPy solver
and over using batch size of one.

Remark 21 (Batch Solvers for Differentiable Optimization
Layers). We remark here that any differentiable optimization
layer require batch solvers to enable faster training. We observe
that implementations using existing solvers, and iterating over
data points in the batch, results in slower training times. While
PyTorch has many optimization algorithms (e.g., SDG, ADAM),
they are not suited to solve non-linear optimization problems
by design.

F. Appendix: The ShapeNet and YCB Experiment

Non-degeneracy Certificate. In this appendix, we discuss
the implementation of the non-degeneracy certificates and the
choice of indicator sets, used in the experiments. We note
that deriving indicator sets to provably meet the specifications
in Definition is hard and we do not choose that route. We,
instead, hand-craft the indicator sets and show its usefulness
towards correctly certifying C-3PO’s pose estimates.

For most of the ShapeNet and YCB objects, we choose
the indicator set to be empty, i.e., G; = 0, implying that
nd(Z ,X) =1 always. This is because any depth point cloud
of the object turns out to be a valid cover set, and therefore,
can uniquely identify the object pose (see (19)). However, for
some objects, this turns out not to be the case (e.g., cap in
Figure [3). We implement non-trivial non-degeneracy certificates
for ShapeNet object’s cap and mug, and for YCB object’s boxes
(of any kind), pitcher base, and power drill.

Let G = {G;}/_, denote the collection of all the indicator
sets. We describe our implementation of G for the few cases in
which we implement a non-trivial non-degeneracy certificate.
Figure |14 shows a list of five ShapeNet and YCB objets, along
with annotated semantic keypoints and their indices. For these
objects we implement a non-trivial, non-degeneracy certificate.
For the cap and mug, we choose G = {set([1])} and G =
{set([9])}, respectively. Note that [1] is the keypoint on the
flap of the cap, while [9] is the keypoint on the handle of the
mug. This choice requires that the input point cloud X have
points near the flap of the cap and the handle of the mug, to
be deemed as a cover set, and thereby, declare the input X as
non-degenerate. For 019 pitcher base we choose G = { set([8]),
set([10])} as non-visibility of the handle causes degeneracy,
and for 035 power drill we choose G = {set([9]), set([10]),
set([11]), set([12])} as non-visibility of the base of the power
drill leads to degeneracy.

'SGD and ADAM are designed to solve stochastic optimization problems.
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Fig. 14: Annotated keypoints and keypoint indices for ShapeNet objects (a) cap, (b) mug and for YCB objects (c) 004 sugar

box, (d) 019 pitcher base, and (e) 035 power drill.

TABLE VI: Comparing the keypoint detector architectures used
in C-3PO: PointNet++ vs Point Transformer.

TABLE VII: C-3PO w/wo observable correctness and non-
degeneracy certificates.

| Object | ADD-S ADD-S AUC % oc=1 | keypoint detector | | object | C-3PO | ADD-S ADD-S AUC | percent |
airplane 100.00 87.76 100.00 | Point Transformer all 58.00 52.03 100.00
P 58.00 63.35 54.00 | PointNet++ sugar box oc =1 58.33 52.57 96.00
bathiub 72.00 5771 60.00 | Point Transformer oc.nd =l | 100.00 8743 | 5000
54.00 50.40 50.00 | PointNet++ all 50.00 53.82 100.00
bed 56.00 52.68 0.00 | Point Transformer pudding box S e podl N
34.00 38.14 0.00 | PointNet++ i . . .
bottle 100.00 70.35 100.00 | Point Transformer gelatin box 21(1: - gggg ;igz lgggg
100.00 68.41 100.00 | PointNet++ oc, nd =I 100.00 89.26 42.00
cap 8o 6387 10000 | pomnt Transformer all 54.00 7217 | 100.00
: : : omtNet++ potted meat can | oc =1 61.90 75.86 | 84.00
car 80.00 64.00 6.00 | Point Transformer oc, nd =1 100.00 88.81 36.00
46.00 44.53 0.00 | PointNet++ all 86.00 81.42 100.00
hai 100.00 79.06 12.00 | Point Transformer power drill oc =1 97.22 85.53 72.00
chair 100.00 73.44 2.00 | PointNet++ oc,nd =1 | 100.00 87.13 | 56.00
. 100.00 83.77 28.00 | Point Transformer all 62.00 50.17 | 100.00
guitar 100.00 80.03 0.00 | PointNet++ wood block oc =1 48.28 39.85 | 5800
- oc, nd =1 100.00 83.11 22.00
helmet 100.00 70.49 92.00 | Point Transformer
cime 60.00 4778 32.00 | PointNet++ all 98.00 8533 | 100.00
- foam brick oc =1 96.67 85.74 60.00
Knife 100.00 86.94 86.00 Po%nt Transformer oc, nd =1 100.00 89.68 42.00
100.00 80.28 20.00 | PointNet++
lanto 100.00 64.70 100.00 | Point Transformer
ptop 82.00 56.67  86.00 | PointNet++
motorevele 100.00 75.02 18.00 Point Transformer Remark 22 (Learning Indicator Sets). While the implemen—
4 98.00 71.33 0.00 | PointNet++ tation of the non-degeneracy certificate is hand-crafted, we
68.00 53.55 82.00 | Point Transformer only use it at test time and on a few objects. For most objects,
e 32.00 37.38 52.00 | PointNet++ evaluations show that observable correctness imply certifiable
skateboard | 10000 82.90  100.00 | Point Transformer correctness. We leave it to future work to implement a more
96.00 79.66 96.00 | PointNet++ exact and systematic non-degeneracy certificate —probably a
table 98.00 67.69 98.00 | Point Transformer learning-based model, that does not require hand-crafting.
100.00 64.61 100.00 | PointNet++
ol 100.00 7821 80.00 | Point Transformer Hyper-parameters. We descqbe our'cho1?e of learn%n.g rate,
vesse 80.00 63.23 20.00 | PointNet++ number of epochs, the €, used in certification (Definition [3),

We implement non-trivial non-degeneracy certificate for
all the boxes in the YCB dataset. This is because it is
impossible to determine the correct pose of the box by
seeing the depth point cloud of only one side. We therefore
implement G = {set([0,1,3,4]), set([0,1,2,5]), set([1,2,3,7]),
set([0,2,3,6])set([4,5,6,0]), set([4,5,7,1]), set([5,6,7,2]),
set([4,6,7,3])}, which requires visibility of at least three sides
of the box to be declared non-degenerate in (7). We choose
Opg In to be 1.5% of the object diameter for ShapeNet
objects and 1.5cm for the YCB objects.

and other parameters used during the self-supervised training.
We set the maximum number of epochs to be 20 for ShapeNet
and 50 for YCB objects. We made two exceptions in the case
of ShapeNet, where we observed that the models for “car” and
“helmet” were still training (i.e., observed continuing decrease
in the train and validation loss, and improvement in the percent
certifiable). For these two models we set the maximum number
of epochs to 40. For the learning rate, we used 0.02, momentum
to be 0.9, while the training batch size was 50. We did not
optimize much over these parameters, but only found ones that
worked. We believe some improvement can be expected by
exhaustively optimizing these training hyper-parameters.

We observe that correctly setting up the certification param-



eter €, in (18] plays a crucial role in efficiently training the
model in a self-supervised manner. Setting €, too high allows
for the model to make and accept errors in training, while
setting it to too tight leads to increased training time, as a very
small number of input-output pairs remain certifiable, for the
simulation-trained model with the corrector, at the beginning of
the self-supervised training. A good €,. can be obtained either
by grid search or by visually inspecting the simulation-trained
KeyPO, applied on the real-world data, with the corrector. For
instance, if all the declared oc = 1 instances are also visually
correct (i.e., posed CAD model X is correctly aligned with
the input point cloud X'), and the oc = 0 instances are not,
then the chosen €. is correct. Table lists the e, used for
various objects in the ShapeNet and YCB dataset.

Remark 23 (Automatic Tuning of e..). The parameter
€oc IN (i) determines the observable correctness of
the input-output pairs and (ii) influences the proposed self-
supervised training (see Section |VI). This dual purpose makes
€oc amenable for automatic tuning during self-supervised
training. We think that it is possible to use the number of
observably correct instances, during training, as an indicator
to automatically adjust €,.. However, we leave this thread of
inquiry for future work.

PointNet++ vs Point Transformer. In Section we
noted that the C-3PO works better when we use point trans-
former as a keypoint detector, as opposed to PointNet++, i.e.,
the former converges to 100% certifiability much sooner during
training (see Fig. [IT). Table [VI] reports the ADD-S, ADD-S
(AUC), and percentage certifiable for models trained using the
point transformer and the PointNet++ architecture. We observe
that the point transformer performs better in all the cases.
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