
Discovery of Latent 3D Keypoints via End-to-end
Geometric Reasoning

Supasorn Suwajanakorn, Noah Snavely, Jonathan Tompson,
Mohammad Norouzi

Vidyasirimedhi Institute of Science and Technology

Presented by Liqun Chen

Oct 18th, 2019

1



Outline

1 Introduction

2 Model framework

3 Experiment

2



Introduction

Outline

1 Introduction

2 Model framework

3 Experiment

3



Introduction

Introduction

proposed model: KeypointNet, an end-to-end geometric reasoning
framework to learn an optimal set of category-specic 3D key points,
along with their detectors.

KeypointNet extracts 3D keypoints that are optimized for a
downstream task.

previous works: develop a set of keypoint detectors by leveraging
strong supervision in the form of manual keypoint annotations in
different images of an object category, or by using expensive and
model-based fitting methods.

4



Introduction

Contribution of this work

1 a novel differentiable pose estimation objective

2 a multi-view consistency loss function

3 KeypointNet discovers geometrically and semantically consistent
keypoints across viewing angles as well as across object instances of a
given class.
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Model framework

Pipeline

Figure: During training, two views of the same object are given as input to the
KeypointNet. The known rigid transformation (R, t) between the two views is
provided as a supervisory signal. We optimize an ordered list of 3D keypoints that
are consistent in both views and enable recovery of the transformation. During
test, KeypointNet extracts 3D keypoints from individual input images.
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Model framework

End-to-end Optimization of 3D Keypoints

A multi-view consistency loss that measures the discrepancy between the
two sets of points under the ground truth transformation.

A relative pose estimation loss, which penalizes the angular difference
between the ground truth rotation R vs the rotation R̂ recovered from P1

and P2 using orthogonal procrustes.

Notation. Each training tuple comprises a pair of images (I, I ′) of the same
object from different viewpoints, along with their relative rigid transformation
T ∈ SE(3), which transforms the underlying 3D shape from I to I ′. T has the
following matrix form:

T =

[
R3×3 t3×1

0 1

]
, (1)

where R and t represent a 3D rotation and translation respectively. We learn a
function fθ(I), parametrized by θ, that maps a 2D image I to a list of 3D points
P = (p1, . . . , pN ) where pi ≡ (ui, vi, zi), by optimizing an objective function of
the form O(fθ(I), fθ(I

′)).
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Model framework

Multi-view consistency

[x, y, z] to denote 3D coordinates, and [u, v] to denote pixel coordinates. The projection of a
keypoint [u, v, z] from image I into image I′ (and vice versa) is given by the projection
operators:

[û, v̂, ẑ, 1]> ∼ πTπ−1([u, v, z, 1]>)

[û′, v̂′, ẑ′, 1]> ∼ πT−1π−1([u′, v′, z′, 1]>)

where, û denotes the projection of u to the second view, and û′ denotes the projection of u′ to
the first view. f is the global focal length. Here, π : R4 → R4 represents the perspective
projection operation that maps an input homogeneous 3D coordinate [x, y, z, 1]> in camera
coordinates to a pixel position plus depth:

π([x, y, z, 1]>) =

[
fx

z
,
fy

z
, z, 1

]>
= [u, v, z, 1]> (2)

We define a symmetric multi-view consistency loss as:

Lcon =
1

2N

N∑
i=1

∥∥∥[ui, vi, u
′
i, v
′
i]
> − [û′i, v̂

′
i, ûi, v̂i]

>
∥∥∥2 (3)

We measure error only in the observable image space (u, v) as opposed to also using z, because
depth is never directly observed, and usually has different units compared to u and v. Note
however that predicting z is critical for us to be able to project points between the two views.
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Model framework

Relative pose estimation

The pose estimation objective is defined as :

Lpose = 2 arcsin

(
1

2
√

2

∥∥∥R̂−R∥∥∥
F

)
(4)

which measures the angular distance between the optimal least-squares estimate R̂ computed
from the two sets of keypoints, and the ground truth relative rotation matrix R.
Estimate R̂: let X and X′ ∈ R3×N denote two matrices comprising unprojected 3D keypoint
coordinates for the two views. In other words, let X ≡ [X1, . . . , XN ] and Xi ≡ (π−1pi)[:3] ,
where [:3] returns the first 3 coordinates of its input. Similarly X′ denotes unprojected points in
P ′. Let X̃ and X̃′ denote the mean-subtracted version of X and X′, respectively. The optimal
least-squares rotation R̂ between the two sets of keypoints is then given by:

R̂ = V diag(1, 1, . . . ,det(V U>))U>, (5)

where U,Σ, V > = (X̃X̃′>). This estimation problem to recover R̂ is known as the orthogonal
Procrustes problem.
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Model framework

KeypointNet Architecture

Instead of regressing directly to the coordinate values, we ask the network to
output a probability distribution map gi(u, v) that represents how likely keypoint i
is to occur at pixel (u, v), with

∑
u,v gi(u, v) = 1. We use a spatial softmax layer

to produce such a distribution over image pixels. We then compute the expected
values of these spatial distributions to recover a pixel coordinate:

[ui, vi]
>
=
∑
u,v

[u · gi(u, v), v · gi(u, v)]> (6)
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Model framework

Additional Keypoint Characteristics (I)

No two keypoints should share the same 3D location.

Keypoints should lie within the object’s silhouette.

Separation loss penalizes two keypoints if they are closer than a hyperparameter δ in 3D:

Lsep =
1

N2

N∑
i=1

N∑
j 6=i

max
(

0, δ2 − ‖Xi −Xj‖2
)

(7)
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Model framework

Additional Keypoint Characteristics (II)

Silhouette consistency encourages the keypoints to lie within the silhouette of the object of
interest. As described above, our network predicts (ui, vi) coordinates of the ith keypoint via a
spatial distribution, denoted gi(u, v), over possible keypoint positions. By only allowing a
non-zero probability inside the silhouette of the object, as well as encouraging the spatial
distribution to be concentrated, i.e. uni-modal with a low variance.
During training, we have access to the binary segmentation mask of the object b(u, v) ∈ {0, 1}
in each image, where 1 means foreground object. The silhouette consistency loss is defined as:

Lobj =
1

N

N∑
i=1

− log
∑
u,v

b(u, v)gi(u, v) (8)

Note that this binary mask is only used to compute the loss and not used at inference time.
This objective incurs a zero cost if all of the probability mass lies within the silhouette. We also
include a term to minimize the variance of each of the distribution maps:

Lvar =
1

N

N∑
i=1

∑
u,v

gi(u, v)
∥∥∥[u, v]> − [ui, vi]

>
∥∥∥2 (9)
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Experiment

Experiment

training data: is generated from ShapeNet, a large-scale database of
approximately 51K 3D models across 270 categories. We create separate
training datasets for various object categories, including car,chair,and
plane.
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Experiment

Figure: Keypoint results on single objects from different views. Note that these
keypoints are predicted consistently across views even when they are completely
occluded. (e.g. the red point that tracks the back right leg of the chair.)

Figure: Results on ShapeNet test sets for cars, planes, and chairs. Our network is
able to generalize across unseen appearances and shape variations, and
consistently predict occluded parts such as wheels and chair legs.
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Experiment

Key point location consistency

To evaluate the consistency of predicted keypoints across views, the authors
transform the keypoints predicted for the same object under different views to
object space using the known camera matrices used for rendering. Then we
compute the standard error of 3D locations for all keypoints across all test cars.
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