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Abstract: Detecting and matching robust viewpoint-invariant keypoints is criti-
cal for visual SLAM and Structure-from-Motion. State-of-the-art learning-based
methods generate training samples via homography adaptation to create 2D syn-
thetic views with known keypoint matches from a single image. This approach,
however, does not generalize to non-planar 3D scenes with illumination variations
commonly seen in real-world videos. In this work, we propose self-supervised
learning of depth-aware keypoints directly from unlabeled videos. We jointly
learn keypoint and depth estimation networks by combining appearance and geo-
metric matching via a differentiable structure-from-motion module based on Pro-
crustean residual pose correction. We describe how our self-supervised keypoints
can be integrated into state-of-the-art visual odometry frameworks for robust and
accurate ego-motion estimation of autonomous vehicles in real-world conditions.†
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1 Introduction

Detecting interest points in images and matching them across views is a fundamental capability of
many robotic systems. Tasks such as Structure-from-Motion (SfM) [1], Visual Odometry (VO),
and visual Simultaneous Localization and Mapping (SLAM) [2] require salient keypoints to be de-
tected and re-identified in diverse settings with strong invariance to lighting, viewpoint changes, and
scale. Until recently, these tasks have relied on hand-engineered keypoint features [3, 4] with lim-
ited performance [5]. Deep learning has recently revolutionized many computer vision applications
in the supervised setting [6, 7, 8]. However, these methods rely on strong supervision in the form
of ground-truth labels that are often expensive to acquire. Moreover, supervising interest point de-
tection is challenging, as a human annotator cannot trivially identify salient regions in images that
would allow their re-identification in diverse scenarios. Inspired by recent approaches to keypoint
learning [9, 10, 11, 12], we propose an approach that exploits the temporal context in videos to
learn an accurate and repeatable monocular keypoint detector, descriptor, and 2D-3D keypoint lift-
ing function in a fully self-supervised manner. We focus on the task of ego-motion estimation and
show that by combining geometry and appearance in a joint optimization framework we can identify
depth-aware monocular keypoints that are particularly well suited for pose estimation. In addition,
we demonstrate that our 3D keypoint estimator can be effectively integrated into a state-of-the-art
visual tracking framework for accurate, long-range monocular visual odometry (see Figure 1).

Our main contribution is a fully self-supervised framework for the learning of depth-aware key-
point detection and description purely from unlabeled videos. Our novel formulation allows us to
simultaneously learn keypoint detection, matching, and 3D lifting for robust visual ego-motion. Our
second contribution lies in our principled use of the Orthogonal Procrustes algorithm to differen-
tially regress an SE3 pose that is tightly coupled with the joint estimation of depth and keypoints
from videos. We show that by enforcing strong regularization in the form of sparse multi-view ge-
ometric constraints, the keypoint and depth networks strongly benefit from joint optimization in an
end-to-end framework. Finally, in our third contribution, we show results comparable to state-

∗Equal contribution. This work was part of an internship stay at TRI.
†Video: https://youtu.be/bWqGU9zoH9I

4th Conference on Robot Learning (CoRL 2020), Cambridge MA, USA.

https://youtu.be/bWqGU9zoH9I


Figure 1: Self-Supervised 3D Keypoints for Robust Visual-Odometry. Left: The illustration
shows the proposed self-supervised 3D keypoints learned purely from unlabeled monocular videos
together with matched sparse 3D scene flow. Our method can effectively handle dynamic objects via
outlier rejection thanks to structured pose estimation with our 3D keypoints. Right: The proposed
3D keypoint estimator is integrated into a state-of-the-art visual tracking framework for accurate,
scale-aware, long-range monocular visual odometry.

of-the-art stereo long-term tracking by integrating our self-supervised, monocular and depth-aware
keypoints into existing visual tracking frameworks such as Direct Sparse Odometry (DSO) [13].

2 Related Work
Learning-based Methods for Keypoint Estimation. Over the past two decades, handcrafted im-
age features such as SIFT [3] and ORB [4] have been the key enabler of visual SLAM [2] and SfM
applications [1]. More recently, learning-based keypoint detectors and descriptors have advanced
the state-of-the-art performance on challenging benchmarks. While generating ground truth data is
a tedious and expensive process, DeTone et al. [9] has shown that synthetic data can be used for
supervising keypoints which can be transferred to real world scenes. Alternatively, SfM [14] or two-
view consistency [15, 16] can been used for keypoint learning without any additional labels. Single
images have also been successfully used to train generalizable keypoints, with explicit descriptor
losses by Christiansen et al. [10] or without by Tang et al. [17] . Additionally, descriptor discrimina-
tiveness can be learned, thus identifying high confidence matching regions [11]. Keypoints can also
be learned in an end-to-end optimization for downstream tasks such as localization [18], relative
pose estimation [12, 19] and 3D matching [20]. Our work extends previous work [10, 17] by com-
bining self-supervised keypoint learning with depth estimation in monocular videos and by using
the temporal consistency and scene geometry to regress a robust and repeatable keypoint estimator.

Learning-based Methods for Visual Odometry. While many learning-based methods exist, we
will focus our discussion on self-supervised methods. Recently, Godard et al. [21] used stereo
imagery to derive a photometric loss as proxy supervision to self-supervise a monocular depth net-
work. This was extended to the generalized multi-view case by Zhou et al. [22], leveraging SfM
constraints to simultaneously learn depth and camera ego-motion from monocular image sequences.
A number of end-to-end self-supervised methods have been proposed, using super-resolution [23],
learned [24] or self-discovered object detectors [25], two-stream rgb and depth networks [26], op-
tical flow [27, 28, 29], modeling camera intrinsics [30], using adversarial networks [31], etc. Ad-
ditionally, a number of hybrid methods have been proposed that combine self-supervised learning
of the depth network with traditional methods, for example using a robust estimator to compute the
fundamental matrix and eliminate outliers [28, 29] or by integrating learning [32, 33] with a state-of-
the-art tracking method [13]. Similar to Zhan et al. [28], Zhao et al. [29], we use traditional methods
to take advantage of the model-based PnP solution and the inliers established to outfit a differentiable
pose estimation module within the self-supervised 3D keypoint learning framework. Differentiable
Procrustes for point cloud alignment has been used previously by Wang and Solomon [34], Choy
et al. [35], with a focus on global registration as a supervised learning problem. In [36] RGB-D
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Figure 2: Monocular SfM-based 3D Keypoint Learning. We jointly optimize depth and keypoint
networks thanks to differentiable view synthesis and geometric pose estimation modules. The whole
system is self-supervised by strong geometric constraints on ego-motion thanks to our 3D keypoints.

data is registered through differentiable nonlinear least squares, allowing gradient flow and enabling
end-to-end differentiable SLAM. In this paper we instead focus on self-supervised sparse keypoint
detection and optimization for the task of ego-motion estimation, and show that our appearance-
based depth-aware keypoints achieve superior results compared to other learning-based methods.

3 Self-Supervised Depth-Aware Keypoint Learning

Inspired by the concept of leveraging known geometric transformations to self-supervise and boost
keypoint learning (DeTone et al. [9]), we propose a novel self-supervised method that relies on
epipolar constraints in two-view camera geometry for robust 3D keypoint learning. Crucially, we
generalize previous work by Tang et al. [17], Christiansen et al. [10] and self-supervise 3D keypoint
learning to leverage the structured geometry of scenes in unlabeled monocular videos, without any
need for supervision in the form of ground-truth or pseudo-ground-truth labels. Thanks to learning
the 2D-to-3D keypoint lifting function from monocular videos, we can accurately estimate the ego-
motion between temporally adjacent images (see Figure 2 for an overview of the proposed pipeline).

3.1 Notation
Our method works on sequences of monocular images, and we refer to It as the target image and
IC as the set of temporally adjacent context images, with Ic ∈ IC . We jointly learn two networks.
First the KeypointNet fk : I → (p,f , s) regresses N image keypoints consisting of positions
p ∈ R2×N , descriptors f ∈ R256×N and scores s ∈ RN . Second, the DepthNet fD : I → D
predicts the scale-ambiguous dense depth map D. We use d = D(p) ∈ RN to denote the values
of D associated with the keypoint positions p = [u,v]T . The ego-motion estimator fx(Ic, It) =
Xt→c = (R t

0 1 ) ∈ SE(3) predicts the relative 6-DoF rigid-body transformation between the target
and context image. Throughout this manuscript, we use p to refer to sets of keypoints, while p is
used to refer to a single keypoint. Given two sets of detected keypoints, we define φ (ft,fc) as the
keypoint matching function that computes keypoint correspondences via reciprocal matching in
descriptor space:

φ (ft,fc) = {(fi, fj) | arg min
j′

‖f2
i − f2

j′‖2 = j ∧ arg min
i′

‖f2
i′ − f2

j ‖2 = i} (1)

with fi ∈ ft and fj ∈ fc. φ defines an association between the keypoint positions in the two im-

ages, which we denote by
[
pφt ,p

φ
c

]
. We use the correspondences

[
pφt ,p

φ
c

]
and their corresponding

predicted depths
[
dφt ,d

φ
c

]
to estimate the rigid-body transformation Xt→c as described in detail in

Section 3.2. Through Xt→c, we define a joint optimization framework described in Section 3.3.

3



3.2 Differentiable Pose Estimation from Depth-Aware Keypoints

Pose Estimation via Perspective-n-Point. Using the estimated dense depth Dt of the target image,
we can compute the set P φ

t of 3D lifted keypoints through the operation: P φ
t = π−1(pφt ,d

φ
t ) where

Pt = [X,Y ,Z]T ∈ R3×N and π(·) is the standard pinhole camera projection model. Using the
keypoint correspondences

[
pφt ,p

φ
c

]
, we then have a 3D-2D correspondence set and can use the PnP

algorithm [37] to compute the initial relative pose transformation X0
t→c =

(
R0 t0
0 1

)
to geometrically

match the keypoints in the target image to those in the context image. Specifically, we minimize:

Eψ(X0
t→c) =

∥∥∥pφc − π (X0
t→c · P

φ
t

)∥∥∥
2
. (2)

The estimated relative pose X0
t→c is obtained by minimizing the residual error in Equation (2) using

the Gauss-Newton (GN) method with RANSAC to ensure robustness to outliers (see Appendix F
for details regarding this operation). This step allows us to compute the pose robustly, and yields an
inlier set of correspondences

[
pψt ,p

ψ
c

]
. However, this procedure is not differentiable with respect

to the keypoint set used to estimate it.

Residual Pose Correction via Orthogonal Procrustes. To alleviate the limitation of traditional
PnP and allow end-to-end learning, we show how the initial pose estimate can be used to derive
a 3D loss based on 3D-3D correspondences. We note that Sheffer and Wiesel [38] have recently
proposed a differentiable version of the traditional PnP algorithm which combines deep learning
with a model-based fine-tuning step. While this method has shown good results when trained with
noisy correspondences, we follow instead the monocular direct method of Engel et al. [13] that
performs frame-to-keyframe tracking. Specifically, we lift the context keypoints pψc to 3D using the
re-projected depth of the source keypoints via the initial pose estimateX0

t→c. This allows us to form
a 3D residual that can be used to recover the pose in closed-form (for convenience we omit the ψ
superscript below):

EOP (Xt→c) = ‖Pc −Xt→c · Pt‖2 ,
where Pt = π−1(pt, Dt(pt)) , Pc = π−1(pc,dc) , and dc =

[
X0
t→c · Pt

]
z
.

(3)

The 3D residual above can be effectively minimized by estimating the rotation and translation sep-
arately using a closed-form solution on the established inlier set. We first estimate the rotation by
subtracting the means of the points and minimizing Eq. 4 by solving an SVD in closed-form (other-
wise known as the Orthogonal Procrustes problem [39]):

E(R) = ‖P ∗c −R · P ∗t ‖2 , where P ∗i = Pi − P i , (4)

UΣV = SVD
(∑

(P ∗c )
T

(P ∗t )
)
, where R = V UT . (5)

Once the rotation R is computed, the translation t can be directly recovered by minimizing
t = P ∗c − R · P ∗t . Thus, the gradients for the pose rotation and translation can be effectively
propagated with respect to the lifted 3D keypoint locations, making the overall pose estimation fully-
differentiable. The differentiable pose estimated using the 2D keypoints from the source image and
3D keypoints from the target image tightly couples keypoint and depth estimation, thereby allowing
both predictions to be further optimized using the overall keypoint learning objective described next.

3.3 Joint Self-Supervised Learning of Depth and Keypoints

We self-supervise the joint end-to-end learning of the keypoint and depth networks using a combi-
nation of a geometric keypoint loss Lkpn, based on keypoint reprojection error, and a dense photo-
metric loss Ldepth, based on the warped projection of Dt in Ic: L = Ldepth + αLkpn.

3.3.1 Keypoint Loss

The total keypoint loss is composed of three terms: Lkpn = Lgeom + β1Ldesc + β2Lscore.

Geometric Loss. Using Xt→c and P φ
t , we compute the warped keypoints from image It to Ic as:

pφt→c = π
(
Xt→cP

φ
t

)
= π(R · P φ

t + t) (6)
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At training time, we aim to minimize the distance between the set of warped keypoints pφt→c and the
set of corresponding keypoints pφc obtained via descriptor matching (Eq. 1):

Lgeom = ||pφc − pφt→c||2 (7)

Descriptor Loss. Following Tang et al. [17], we use nested hardest sample mining to self-supervise
the keypoint descriptors between the two views. Given anchor descriptors ft from the target frame
and their associated positive descriptors f+ = fφt in the source frame, we define the triplet loss:

Ldesc = max(0, ‖f ,f+‖2 − ‖f ,f−‖2 +m) , (8)

where f− is the hardest descriptor sample mined from fs with margin m.

Score Loss. The score loss is introduced to identify reliable and repeatable keypoints in the match-
ing process. In particular, we want to ensure that (i) the feature-pairs have consistent scores across
matching views; and (ii) the network learns to predict high scores for good keypoints with low
geometric error and strong repeatability. Following Christiansen et al. [10], we achieve this by
minimizing the squared distance between scores for each matched keypoint-pair, and minimizing
(respectively maximizing) the average score of a matched keypoint-pair if the distance between the
paired keypoints is greater (respectively smaller) than the average distance:

Lscore =

[
(sφt + sφc )

2
· (‖(pφt→c,pφc ‖2 − d̄) + (sφt − sφc )2

]
, (9)

where sφt and sφc are the scores of the target and context keypoints respectively, and d̄ is the average

reprojection error of corresponding keypoints given by d̄ =
∑L
i

‖(pφi→c)
2−(pφi )

2‖2
L , and L denotes

the total number of keypoint pairs.

3.3.2 Depth Loss

The total depth loss is also composed of three terms: Ldepth = Lphoto + β3Lsmooth + β4Lconst.
Photometric loss. Following [22, 40, 41], we warp the estimated dense depth of the target image
Dt via the predicted ego-motion estimate Xt→c to the context frame Ic. Using [42], we synthesize
Ît = Ic (qt→c) for all pixels qt ∈ It, where qt→c is the context pixel computed by warping the target
pixel qt via Equation 6. This operation is done via grid sampling with bilinear interpolation [42] and
thus is differentiable. Following [22, 40, 42], we impose a dense photometric loss which consists of
a structural similarity (SSIM) loss [43] (defined in Appendix E) and an L1 pixel-wise loss term:

Lphoto
(
It, Ît

)
= γ

1− SSIM
(
It, Ît

)
2

+ (1− γ) |It − Ît| . (10)

In addition, we mask out static pixels which have a warped photometric loss Lphoto(It, Ît) higher
than their corresponding unwarped photometric loss Lphoto(It, Ic), calculated using the original
source image without view-synthesis as described in [40]. Additionally, we employ a smoothness
loss term Lsmooth following [21] which we describe in detail in Appendix E.

Depth Consistency. While recovering scale-consistent depth is not a strict requirement for the
proposed framework to learn 3D keypoints, scale-consistency is important for tasks that involve
accurate ego-motion estimation [25, 30]. To this end, we incorporate a depth consistency term that
discourages scale-drift between dense depth predictions in adjacent frames:

Lconst =
‖Dt(p

φ
t )−Dc(p

φ
c )‖

Dt(p
φ
t ) +Dc(p

φ
t )

(11)

Note that Lconst is a sparse loss defined based on the correspondences
[
pφt ,p

φ
c

]
.

4 Experiments

We evaluate our system on the KITTI [44] dataset and report trel - average translational RMSE drift
(%) on trajectories of length 100-800m, and rrel - average rotational RMSE drift (deg /100m) on
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trajectories of length 100-800m. All our trel results are obtained after performing a single Sim(3)
alignment step [45] w.r.t. the ground truth trajectories. We report results for the two main protocols
used in related works. Most end-to-end learning based methods train on the KITTI sequences 00-08
and evaluate on seq. 09 and 10. These results are summarized in Table 2, with more details in Ap-
pendices H and I. A number of methods including DVSO [32] and D3VO [33] train on the Eigen [46]
train split, which includes sequences 01, 02, 06, 08, 09 and 10; in this case the test sequences are 00,
03, 04, 05 and 07. We summarize our results for this protocol in Table 1. Additionally, we report in
the standard depth evaluation metrics on the Eigen [46] test split in Appendix C.

To evaluate the performance of our kepoint detector and decriptor we use the HPatches [47] dataset,
which contains a set of 116 image sequences (illumination and viewpoint) for a total of 580 image
pairs. We quantify detector performance through the Repeatability and Localization Error metrics
and descriptor performance through the Correctness and Matching Score metrics (the exact defini-
tion of these metrics can be found in Appendix J). For a fair comparison, we evaluate the results
generated without applying Non-Maxima Suppression (NMS). Following related work [17, 10, 9],
we pre-train our KeypointNet on the COCO [48] dataset, which contains 118k training images. We
note that pretraining on COCO is self-supervised, as described in Sec. 4.1.

4.1 Training

We implement our networks in PyTorch [49] using the ADAM optimizer [50]. We use 10−4 as
the learning rate and train KeypointNet and DepthNet jointly for 50 epochs with a batch size of 8.
We implement KeypointNet following [17], with the mention that we use an ImageNet pre-trained
ResNet-18 backbone, which we find performs better than the reference architecture. We follow [40]
and implement DepthNet using an ImageNet [51] pretrained ResNet-18 backbone along with a depth
decoder that outputs inverse depth at 4 different resolution scales. However, at test-time, only the
highest resolution scale is used for 2D-to-3D keypoint lifting. We describe our networks in detail
in Appendix A. We train on snippets of 3 images (It−∆t, It, It+∆t), for ∆t ∈ [1, 2, 4] with target
image It and images (It−∆t, It+∆t) ∈ IC as context images. Using the pair of target and context
images we compute the losses as defined in Section 3.3. The dense photometric loss is computed
over the context IC as shown in Equation 10. In all our experiments we set α = 0.1, β1 = β2 = 1.0,
β3 = β4 = 0.1, and γ = 0.85. Additionally, starting from the target image It, we also perform
Homography Adaptation similar to [17], e.g., translation, rotation, scaling, cropping and symmetric
perspective transform and we apply per-pixel Gaussian noise, color jitter, and Gaussian blur to the
images. Our method runs at 30fps on images of resolution 640x192 on a V100 GPU.

Pretrained baseline. We pretrain KeypointNet on COCO using Homography Adaptation for 50
epochs using a learning rate of 5 · 10−4 which is halved after 40 epochs. We refer to this as our
baseline KeypointNet, and evaluate its performance in Table 4. To speed up convergence, we pretrain
our DepthNet on the KITTI training sequences using the method described in [40]. We train for 200
epochs with a learning rate of 10−4 which is decayed by 0.5 every 40 epochs. We refer to this as
our baseline DepthNet, and we evaluate its performance in the ablative evaluations in Table 3.

4.2 Direct Sparse Odometry (DSO) Integration

To evaluate tracking performance, we integrate our self-supervised, depth-aware keypoints into the
DSO framework of Engel et al. [13], and we show that we are able to achieve long-term tracking
results which are especially on par with stereo methods such as DVSO [32] or ORB-SLAM2 [52].
Unlike other monocular visual odometry approaches, the superior keypoint matching and stable 3D
lifting performance of our proposed method allows us to bootstrap the tracking system, rejecting
false matches and outliers and avoiding significant scale-drift. Our integration is built on top of
the windowed sparse direct bundle adjustment formulation of DSO. Specifically, we improve depth-
initialization of keyframes in the original DSO implmenetation by using the depth estimated through
our proposed self-supervised 3D keypoints. In addition, we modify the hand-engineered direct semi-
dense tracking component to use the proposed sparse and robust learned keypoint-based method
introduced in this work. We describe the DSO integration in more details in Appendix D.

4.3 Visual Odometry Performance

We summarize our visual odometry results and comparisons with state-of-the-art methods in Table 1,
and we note that our method outperforms all other monocular-trained methods, particularly in the
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Method Type 01 02 06 08 09 10 00 03 04 05 07 Train Test

trel - Average Translational RMSE drift (%) on trajectories of length 100-800m.

Mono-DSO [53] Mono 9.17 114 42.2 177 28.1 24.0 - - - - - 65.75 -
ORB-SLAM-M [52] Mono - - - 32.40 - - 25.29 - - 26.01 24.53 - 27.05
Ambrus et al [26] Mono 17.59 6.82 8.93 8.38 6.49 9.83 7.16 7.66 3.8 6.6 11.48 9.67 7.34
UnDeepVO [54] Stereo 69.1 5.58 6.20 4.08 7.01 10.6 4.14 5.00 4.49 3.40 3.15 11.68 8.81
SuperDepth [23] Stereo 13.48 3.48 1.81 2.25 3.74 2.26 6.12 7.90 11.80 4.58 7.60 4.50 7.60
DVSO [32] Stereo 1.18 0.84 0.71 1.03 0.83 0.74 0.71 0.77 0.35 0.58 0.73 0.89 0.63
D3VO [33] Stereo 1.07 0.80 0.67 0.78 0.62 - - - - - - - 0.82

Ours Mono 17.79 3.15 1.88 3.06 2.69 5.12 2.76 3.02 1.93 3.30 2.41 5.61 2.68
Ours + DSO Mono 4.70 3.62 0.92 2.46 2.31 5.24 1.83 1.21 0.76 1.84 0.54 3.21 1.24

rrel - Average Rotational RMSE drift (◦/100m) on trajectories of length 100-800m.

ORB-SLAM-M [52] Mono - - - 12.13 - - 7.37 - - 10.62 10.83 - 10.23
Ambrus et al [26] Mono 1.01 0.87 0.39 0.61 0.86 0.98 1.70 3.49 0.42 0.90 2.05 0.79 1.71
UnDeepVO [54] Stereo 1.60 2.44 1.98 1.79 3.61 4.65 1.92 6.17 2.13 1.5 2.48 2.45 4.13
SuperDepth [23] Stereo 1.97 1.10 0.78 0.84 1.19 1.03 2.72 4.30 1.90 1.67 5.17 1.15 3.15
DVSO [32] Stereo 0.11 0.22 0.20 0.25 0.21 0.21 0.24 0.18 0.06 0.22 0.35 0.20 0.21

Ours Mono 0.72 1.01 0.80 0.76 0.61 1.07 1.17 2.45 1.93 1.11 1.16 0.83 1.56
Ours + DSO Mono 0.16 0.22 0.13 0.31 0.30 0.29 0.33 0.33 0.18 0.22 0.23 0.24 0.26

Table 1: Comparison of vision-based trajectory estimation with state-of-the-art methods. The
Type column indicates the data used at training time. Note: All methods are evaluated on monocular
data. Bold text denotes the best method trained on monocular data; denotes the best overall method.
Training seq. 01, 02, 06, 08, 09 and 10; test seq. 00, 03, 04, 05 and 07. The numbers for [52] are
reported from [54]; the numbers for [53] are reported from [33].

Bian et al [25] EPC++ [27] Monodepth2‡ [40] DF-VO [28] PnP Zhao et al [29] SGANVO [31] Gordon et al [30] DF-VO [28] Ours

trel - Average Translational RMSE drift (%) on trajectories of length 100-800m.

Seq 09 11.2 8.84 5.28 7.12 6.93 4.95 2.7 2.47 3.14
Seq 10 10.1 8.86 8.47 6.83 4.66 5.89 6.8 1.96 5.45
Mean 10.7 8.85 7.14 6.98 5.76 5.42 4.75 2.21 4.30

rrel - Average Rotational RMSE drift (◦/100m) on trajectories of length 100-800m.

Seq 09 3.35 3.34 1.60 2.43 0.44 2.37 - 0.30 0.73
Seq 10 4.96 3.18 2.26 3.88 0.62 3.56 - 0.31 1.18
Mean 4.20 3.26 1.73 3.12 0.53 3.02 - 0.31 0.90

Table 2: Comparison of vision-based trajectory estimation with state-of-the-art monocular
methods. Bold text denotes the best performing method; denotes the second best method. Training
seq. 00-08; test seq: 09 and 10. ‡ - the numbers of [40] are based on our own implementation.

trel metric. For rrel we note that [26] achieves better results on some sequences, which we attribute
to difficulty in matching keypoints in those settings, however our rrel is superior on average over
the test sequences. Our method also outperforms stereo-trained methods except for DVSO [32] and
D3VO [33]. However, we emphasize that while both [32, 33] are trained from a wide-baseline stereo
setup which provides a strong prior for outlier rejection, our system is trained in a self-supervised
manner purely relying on monocular videos - a significantly harder problem. The results indicate
that when integrated with tracking frameworks such as DSO our depth-aware keypoints provide
superior matching performance that even rivals state-of-the-art methods trained on stereo imagery.

Additionally, we report our results when training on KITTI sequences 00-08 in Table 2. We note
that our method outperforms all other monocular methods except for DF-VO [28] and [29] for rrel.
Both [29, 28] heavily rely on optical-flow and RANSAC-based essential/fundamental matrix com-
putation and scale-factor recovery. Recall that our method uses PnP (as described in Section 3.2) for
pose estimation. When comparing with the PnP-based version DF-VO [28] (DF-VO PnP in Table 2),
we observe that our method performs much better, which we attribute to the direct optimization of
sparse 2D-3D keypoints, as opposed to [28] which relies purely on dense optical flow. Finally, we
record that our method performs worse on sequence 01 compared to the other sequences. In this
sequence the vehicle is driving at high speeds on the highway and the image contains a high number
of sky pixels, making this a challenging environment for feature detection and matching; we note
that a number of other methods also perform poorly in this setting [26, 54, 23, 28].

4.4 Ablation Study

We summarize our ablative analysis in Table 3. Our baseline - KeypointNet pre-trained on COCO
and DepthNet trained on KITTI, but the two are not optimized together - shows superior results com-
pared to most monocular methods (see Tables 1 and 2), thus motivating our approach of combining
keypoints and depth in a self-supervised learning framework. We notice a significant improvement

7



KPN DN KPN DN Diff DSO rrel trel
Method baseline baseline trained trained Pose train test train test
1. Baseline X X - - - - 1.02 1.63 6.08 3.14
2. Ours − Diff Pose X X X X - - 0.89 1.43 6.12 2.92
3. Ours − KPN trained X X - X X - 0.93 1.61 5.94 2.88
4. Ours − DN trained X X X - X - 0.91 1.58 5.38 2.88
5. Ours X X X X X - 0.83 1.56 5.61 2.68
6. Ours + DSO X X X X X X 0.24 0.26 3.21 1.24

Table 3: Ablative analysis: Diff Pose - the differentiable pose component (Section 3.2), KPN
trained - the trained version of the KeyPointNet (i.e., using only the baseline), DN trained - the
trained version of the DepthNet. Training seq. 01, 02, 06, 08, 09, 10; test seq. 00, 03, 04, 05, 07.

Method 240x320, 300 points 480 x 640, 1000 points
Rep. Loc. Cor-1 Cor-3 Cor-5 M.Score Rep. Loc. Cor-1 Cor-3 Cor-5 M.Score

ORB [4] 0.532 1.429 0.131 0.422 0.540 0.218 0.525 1.430 0.286 0.607 0.71 0.204
SURF [55] 0.491 1.150 0.397 0.702 0.762 0.255 0.468 1.244 0.421 0.745 0.812 0.230
BRISK [56] 0.566 1.077 0.414 0.767 0.826 0.258 0.746 0.211 0.505 1.207 0.300 0.653
SIFT [3] 0.451 0.855 0.622 0.845 0.878 0.304 0.421 1.011 0.602 0.833 0.876 0.265
LF-Net(indoor) [15] 0.486 1.341 0.183 0.628 0.779 0.326 0.467 1.385 0.231 0.679 0.803 0.287
LF-Net(outdoor) [15] 0.538 1.084 0.347 0.728 0.831 0.296 0.523 1.183 0.400 0.745 0.834 0.241
SuperPoint [9] 0.631 1.109 0.491 0.833 0.893 0.318 0.593 1.212 0.509 0.834 0.900 0.281
UnsuperPoint [10] 0.645 0.832 0.579 0.855 0.903 0.424 0.612 0.991 0.493 0.843 0.905 0.383

IO-Net [17] 0.686 0.890 0.591 0.867 0.912 0.544 0.684 0.970 0.564 0.851 0.907 0.510
KeypointNet Baseline 0.683 0.816 0.624 0.879 0.924 0.573 0.682 0.898 0.581 0.848 0.913 0.534
KeypointNet 0.686 0.799 0.532 0.858 0.906 0.578 0.674 0.886 0.529 0.867 0.920 0.529

Table 4: Keypoint and descriptor performance on HPatches [47]. Repeatability and Localiza-
tion Error measure keypoint performance while Correctness (pixel threshold 3) and Matching score
measure descriptor performance. Higher is better for all metrics except Localization Error.

when training the two networks together (Row 2: Ours − Diff Pose). Adding the differential pose
estimation (Row 5: Ours ) further improves the performance of our system for the trel metric; we
note that the rrel test metric does not improve, mostly due to an error in Sequence 04 (please refer to
Appendix H for detailed results). We further ablate the KeypointNet (Row 3: Ours − KPN trained)
- i.e., we estimate the ego-motion using the DepthNet after training together with the KeypointNet,
but we use the original KeypointNet trained only on COCO. We perform a similar experiment ab-
lating the trained DepthNet (Row 4: Ours − DN trained). Finally, when integrated in DSO (Row 6:
Ours DSO) our results improve significantly, which we attribute to the robustness of our features to
scene appearance and geometry. We provide more details in Appendix H, and emphasize that all our
experiments, including pretraining, are done in a self-supervised fashion, without any supervision.

4.5 Keypoint Detector and Descriptor Performance

Table 4 shows the performance of our method on HPatches [47]. We note that by improving the
network capacity and using a ResNet-18 architecture, our baseline outperforms all classical as well
as learning-based methods (recall that our KeypointNet baseline is trained only on COCO, and
can thus be directly compared to these methods). Further, we note similar metrics between our
baseline method and our method after training on KITTI (KeypointNet baseline vs KeypointNet).
We conclude that by training with the proposed losses in a joint self-supervised framework, our
keypoints have gained geometric understanding and can be used for state-of-the-art ego-motion
estimation while at the same time retaining their robustness to illumination and viewpoint changes.

5 Conclusion
In this paper, we proposed a fully self-supervised framework for depth-aware keypoint learning
from unlabeled monocular videos by incorporating a novel differentiable pose estimation module
that simultaneously optimizes the keypoints and their depths in a Structure-from-Motion setting.
Unlike existing learned keypoint methods that employ only homography adaptation, we exploit
the temporal context in videos to further boost the repeatability and matching performance of our
proposed keypoint network. The resulting 3D keypoints and associated descriptors exhibit superior
performance compared to all other traditional and learned methods, and are also able to learn from
realistic non-planar 3D scenes. Finally, we show how our proposed network can be integrated with a
monocular visual odometry system to achieve accurate, scale-aware, long-term tracking results that
are on par with state-of-the-art stereo-methods.
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APPENDIX

A Architecture Diagram

ResNet18-DepthNet. we provide a detailed description of our DepthNet architecture in Table 5.
Note that we follow Godard et al. [21] and use a ResNet18 encoder followed by a decoder which
outputs inverse depth at 4 scales.

Layer Description K Output Tensor Dim.
#0 Input RGB image 3×H×W

ResidualBlock
Conv2d + BatchNorm + ReLU 3
Conv2d + BatchNorm 3

Depth Encoder
#1 Conv2d (S2) + BatchNorm + ReLU 7 64×H/2×W/2
#2 Conv2d + BatchNorm + ReLU 3 64×H/2×W/2
#3 ResidualBlock (#2) x2 - 64×H/2×W/2
#4 Max. Pooling (×1/2) 3 64×H/4×W/4
#5 ResidualBlock (#3 + $2) x2 - 128×H/4×W/4
#6 Max. Pooling (×1/2) 3 128×H/8×W/8
#7 ResidualBlock (#4 + #3) x2 - 256×H/8×W/8
#8 Max. Pooling (×1/2) 3 256×H/16×W/16
#9 ResidualBlock (#5 + #4) x2 - 512×H/16×W/16

Depth Decoder

#10 Conv2D + ELU (#9) 3 128×H/16×W/16
#11 Conv2D + Upsample (#10) 3 128×H/8×W/8
#12 Conv2D + Sigmoid 3 1×H/8×W/8
#13 Conv2D + ELU 3 64×H/8×W/8
#14 Conv2D + Upsample(#7 ⊕ #13) 3 64×H/4×W/4
#15 Conv2D + Sigmoid 3 1×H/8×W/8
#16 Conv2D + ELU 3 32×H/4×W/4
#17 Conv2D + Upsample (#5 ⊕ #16) 3 32×H/2×W/2
#18 Conv2D + Sigmoid 3 1×H/8×W/8
#19 Conv2D + ELU 3 16×H/2×W/2
#20 Conv2D + Upsample (#3 ⊕ #19) 3 16×H×W
#21 Conv2D + Sigmoid 3 1×H×W

Table 5: DepthNet diagram. Line numbers in bold indicate output inverse depth layer scales. Up-
sample is a nearest-neighbor interpolation operation that doubles the spatial dimensions of the input
tensor. ⊕ denotes feature concatenation for skip connections.

ResNet18 KeypointNet. Table 6 details the network architecture of our KeypointNet. We fol-
low [17] but change the network encoder and use a ResNet18 architecture instead, which we found
to perform better.

B Video

The accompanying video presents our contributions and demonstrates the long-term visual odometry
accuracy obtained by our method on a video sequence. The main panel (top, center) shows our real-
time semi-dense reconstruction along with the vehicle trajectory. The bottom panel shows (from left
to right): the flow of inlier keypoints, color-coded based on depth; the estimated monocular depth;
and finally, the number of matched keypoints versus the number tracked inliers.
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Layer Description K Output Tensor Dim.
#0 Input RGB image 3×H×W

ResidualBlock
Conv2d + BatchNorm + ReLU 3
Conv2d + BatchNorm 3

KeyPoint Encoder
#1 Conv2d (S2) + BatchNorm + ReLU 7 64×H/2×W/2
#2 Conv2d + BatchNorm + ReLU 3 64×H/2×W/2
#3 ResidualBlock (#2) x2 - 64×H/2×W/2
#4 Max. Pooling (×1/2) 3 64×H/4×W/4
#5 ResidualBlock (#3 + $2) x2 - 128×H/4×W/4
#6 Max. Pooling (×1/2) 3 128×H/8×W/8
#7 ResidualBlock (#4 + #3) x2 - 256×H/8×W/8
#8 Max. Pooling (×1/2) 3 256×H/16×W/16
#9 ResidualBlock (#5 + #4) x2 - 512×H/16×W/16

KeyPoint Decoder

#10 Conv2D + BatchNorm + LReLU (#9) 3 256×H/16×W/16
#11 Conv2D + Upsample (#10) 3 256×H/8×W/8
#12 Conv2D + BatchNorm + LReLU 3 256×H/8×W/8
#13 Conv2D + Upsample(#7 ⊕ #12) 3 128×H/4×W/4
#14 Conv2D + BatchNorm + LReLU 3 128×H/4×W/4
#15 Conv2D + Upsample (#5 ⊕ #14) 3 64×H/2×W/2
#16 Conv2D + BatchNorm + LReLU 3 64×H/2×W/2

Score Head

#12 Conv2d + BatchNorm + LReLU (#12) 3 256×H/8×W/8
#13 Conv2d + Sigmoid 3 1×H/8×W/8

Location Head

#14 Conv2d + BatchNorm + LReLU (#12) 3 256×H/8×W/8
#15 Conv2d + Tan. Harmonic 3 2×H/8×W/8

Descriptor Head

#16 Conv2d + BatchNorm + LReLU (#16) 3 64×H/2×W/2
#17 Conv2d 3 64×H/2×W/2

Table 6: KeypointNet diagram. Upsample is a nearest-neighbor interpolation operation that doubles
the spatial dimensions of the input tensor. ⊕ denotes feature concatenation for skip connections.

Method Abs Rel Sq Rel RMSE RMSElog δ < 1.25 δ < 1.252 δ < 1.253

Monodepth2 [40] 0.090 0.545 3.942 0.137 0.914 0.983 0.995
DepthNet baseline 0.089 0.543 3.968 0.136 0.916 0.982 0.995
DepthNet finetuned 0.094 0.572 3.805 0.138 0.912 0.981 0.994

Table 7: Quantitative performance comparison of depth estimation on the KITTI dataset for
reported depths of up to 80m. For Abs Rel, Sq Rel, RMSE and RMSElog lower is better, and
for δ < 1.25, δ < 1.252 and δ < 1.253 higher is better. All networks have been pre-trained on
ImageNet [51]. We evaluate on the annotated KITTI depth maps from [57]. At test-time, the scale
for all the methods is corrected using the median ground-truth depth from the LiDAR.

C Dense Depth Evaluation

We perform a qualitative evaluation of our DepthNet on the KITTI dataset, specifically on the
Eigen [46] test split, and report the numbers in Table 7. We also include the numbers reported
by [40] and note that our DepthNet baseline numbers are on par with those of [40] (which cor-
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Figure 3: Direct Sparse Odometry (DSO) Integration. We leverage our self-supervised depth-
aware keypoint detection and description to improve the depth initialization and robust feature track-
ing components. The red block and arrows show that where the 3D keypoint is affecting the original
DSO system, the purple texts show where 2D and 3D information is utilized.

respond to row 1. Baseline of Table 3 in the main text). Table 7 also shows our numbers after
fine-tuning the DepthNet and KeypointNet through the proposed Multi-View Adaptation method
(which correspond to row 5. Ours of Table 3 in the main text). We note a slight decrease in the
Abs Rel and Sq Rel metrics, but otherwise the numbers are within error margin with respect to our
baseline. These results provide an important sanity check: as the main focus of this work is sparse,
depth-aware keypoint learning, we don’t expect to see much variation when performing dense depth
evaluation. We mention that sparsely evaluating the depth using the keypoints regressed by our
method is not feasible using the depth available in the KITTI dataset: even using the denser depth
maps provided by [57], only about 10% of our keypoints have valid depths in the ground truth maps,
which amounts to a very small number of points (< 50) per image.

D Direct Sparse Odometry (DSO) Integration

In this section, we explain how the fully self-supervised depth-aware keypoint network can be in-
corporated as the front-end into a visual SLAM framework. We show that by integrating our method
into a state-of-the-art monocular visual tracking framework such as DSO [13], we are able to achieve
high accuracy long-term tracking results as reported in Table 1 of the main paper.

Unlike other monocular visual odometry approaches, the superior keypoint matching and stable 3D
lifting performance of our proposed method allows us to bootstrap the tracking system, rejecting
false matches and outliers and avoiding significant scale-drift.

Figure 3 shows the whole pipeline of our Deep Semi-Direct Sparse Odometry (DS-DSO) system,
which is built on top of the windowed sparse direct bundle adjustment formulation of DSO. As
illustrated, we improve depth-initialization of keyframes in the original DSO implmenetation by
using the depth estimated through our proposed self-supervised 3D keypoint network. In addition,
we modify the hand-engineered direct semi-dense tracking component to our proposed sparse and
robust learned keypoint-based method introduced in this work.

E Depth losses

Depth Smoothness Loss. In order to regularize the depth in texture-less low-image gradient re-
gions, we use an edge-aware loss term similar to [21]:

Lsmooth = |δxD̂t|e−|δxIt| + |δyD̂t|e−|δyIt| . (12)

Structural Similarity (SSIM) loss. We define the SSIM loss [43] as:

SSIM(x,y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
, (13)

with C1 = 1e−4 and C2 = 9e−4. To compute the per-patch mean and standard deviation µx and σx
we use a 3× 3 block filter.
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Method Type 01∗ 02∗ 06∗ 08∗ 09∗ 10∗ 00† 03† 04† 05† 07† Train Test

trel - Average Translational RMSE drift (%) on trajectories of length 100-800m.

Baseline Mono 18.96 3.35 2.16 3.80 3.15 5.06 3.50 3.64 2.33 3.25 3.00 6.08 3.14
Ours − Diff Pose Mono 20.17 3.37 2.15 3.01 2.61 5.39 2.89 3.10 2.88 3.09 2.66 6.12 2.92
Ours − KPN trained Mono 19.09 3.30 2.23 3.16 2.84 5.03 2.83 3.29 2.02 3.69 2.58 5.94 2.88
Ours − DN trained Mono 15.53 3.37 1.84 3.63 2.83 5.06 3.56 3.06 2.11 3.33 2.34 5.38 2.88
Ours Mono 17.79 3.15 1.88 3.06 2.69 5.12 2.76 3.02 1.93 3.30 2.41 5.61 2.68
Ours + DSO Mono 4.70 3.62 0.92 2.46 2.31 5.24 1.83 1.21 0.76 1.84 0.54 3.21 1.24

rrel - Average Rotational RMSE drift (◦/100m) on trajectories of length 100-800m.

Baseline Mono 1.02 1.12 0.82 1.00 0.72 1.43 1.26 3.17 1.09 1.24 1.39 1.02 1.63
Ours − Diff Pose Mono 1.08 1.03 0.97 0.73 0.65 0.91 1.24 2.64 1.00 1.08 1.18 0.89 1.43
Ours − KPN trained Mono 0.84 1.12 0.98 0.77 0.64 1.24 1.23 2.81 1.56 1.24 1.23 0.93 1.61
Ours − DN trained Mono 0.66 1.13 0.68 0.88 0.62 1.44 1.20 2.74 1.73 1.22 1.04 0.91 1.58
Ours Mono 0.72 1.01 0.80 0.76 0.61 1.07 1.17 2.45 1.93 1.11 1.16 0.83 1.56
Ours + DSO Mono 0.16 0.22 0.13 0.31 0.30 0.29 0.33 0.33 0.18 0.22 0.23 0.24 0.26

Table 8: Detailed results of our Pose Ablative Analysis. Note: our results are obtained after
performing a single Sim(3) alignment step [45] wrt. the ground truth trajectories.

F Pose Estimation

Recall that we aim to minimize:

Eψ(X0
t→c) =

∥∥∥pφc − π (X0
t→c · P

φ
t

)∥∥∥
2

(14)

=
∥∥∥pφc − π (R · P φ

t + t
)∥∥∥

2
, (15)

where R ∈ R3×3 is the rotation matrix and t ∈ R3 is the translation vector. They together compose
a rigid body transform exp(x̂) ∈ SE(3), which is defined by x = [ωT , tT ]T ∈ se(3). x is a member
of the Lie algebra and is mapped to the Lie group SE(3) through the matrix exponential exp(.):

exp(x̂) =

[
R t
0 1

]
, x̂ =

[
[ω]× t

0 1

]
, (16)

where [ω]× is the skew-symmetric matrix of ω.

The estimated relative pose can be obtained by optimizing the residual error in Equation (14). The
Gauss-Newton (GN) method is used to solve this non-linear least-squares problem. GN calculates
x iteratively as follows:

x(n+1) = x(n) −
(
Jr
TJr

)−1

Jr
Tr(x(n)) , (17)

where Jr is the Jacobian matrix with respect to the residual measurements. RANSAC is performed
to achieve a robust estimation and reject three major types of outliers which break the ego-motion
assumption: false-positive matching pairs, dynamic objects or points with wrong depth estimations.

G Detailed Results for the Pose Ablation Study

Table 8 provides detailed results on all the KITTI odometry sequences for each entry of our ablation
study (Table 3 of the main text). We note that (i) the proposed contributions - i.e. row 2 vs row
1 and row 5 vs row 1 consistently improve over the baseline; and that (ii) by swapping out the
KeypointNet or DepthNet trained using the proposed method with their baseline counterparts (rows
3 and 4) results in worse performance for both the trel and rrel metrics. Thus we conclude that
the proposed training procedure along with the differentiable pose component improves both the
DepthNet and KeypointNet for the task of Visual Odometry.
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H Additional KITTI odometry results

We show additional comparisons with state-of-the-art methods in Table 9, complementing our results
from Table 2 of the main text. Additionally, we present detailed results of our method on all the
KITTI odometry sequences in Table 10.

SfMLearner [22] Zhan et al [58] Ours

trel - Average Translational RMSE drift (%).

Seq 09 18.8 11.9 3.14
Seq 10 14.3 12.6 5.45
Mean 16.6 12.3 4.30

rrel - Average Rotational RMSE drift (◦/100m).

Seq 09 3.21 3.60 0.73
Seq 10 3.30 3.43 1.18
Mean 3.26 3.52 0.90

Table 9: Comparison of vision-based trajectory estimation with state-of-the-art methods. The
Type column indicates the data used at training time. Note: All methods are evaluated on monocular
data. Our results are obtained after performing a single Sim(3) alignment step [45] wrt. the ground
truth trajectories. Training seq. 00-08; test seq: 09 and 10.

Metric/Seq 00 01 02 03 04 05 06 07 08 09 10 Train Test

trel 4.11 47.21 3.85 3.62 2.90 3.04 1.84 2.21 3.82 3.14 5.45 8.07 4.30

rrel 1.38 1.51 1.09 3.53 1.08 0.94 0.68 1.09 1.00 0.73 1.18 1.37 0.9

Table 10: Detailed results of our method on the KITTI odometry sequences. Training seq. 00-08;
test seq: 09 and 10. Our results are obtained after performing a single Sim(3) alignment step [45]
wrt. the ground truth trajectories.

I Qualitative results on KITTI odometry sequences

We show qualitative results of our method in Figure 4, noting that our DSO results accurately follow
the ground truth trajectory with minimal scale drift.

J Keypoint Detector and Descriptor Evaluation Metrics

We follow [9] and use the Repeatability and Localization Error metrics to estimate keypoint perfor-
mance and Homography Accuracy and Matching Score matrics to estimate descriptor performance.
We note that for all metrics we used a distance threshold of 3. For the Homography estimation,
consistent with other reported methods, we used 300 keypoints with the highest scores. Similarly,
for the frame to frame tracking we selected 480 keypoints to estimate the relative pose.

Repeatability is computed as the ratio of correctly associated keypoints after warping onto the target
frame. We consider a warped keypoint correctly associated if the nearest keypoint in the target frame
(based on Euclidean distance) is below a certain threshold.

Localization Error is computed as the average Euclidean distance between warped and associated
keypoints.

Homography Accuracy To compute the homography between two images we perform recipro-
cal descriptor matching and we used OpenCV’s findHomography method with RANSAC, with a
maximum of 5000 iterations and error threshold 3. To compute the Homography Accuracy we com-
pare the estimated homography with the ground truth homography. Specifically we warp the image
corners of the original image onto the target image using both the estimated homography and the
ground truth homography, and we compute the average distance between the two sets of warped
image corners, noting whether the average distance is below a certain threshold.
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Figure 4: Qualitative trajectory estimation results on the KITTI Odometry Seq. 03, 04, 05
and 07. We compare trajectory estimation results obtained via hand-engineered keypoint matching
methods against our depth-aware learned keypoint matching, with a common visual odometry back-
end such as DSO. As illustrated in the figure, our self-supervised method is able to accurately and
robustly track stable keypoints for the task of long-term trajectory estimation.

Matching Score is computed as the ratio between successful keypoint associations between the two
images, with the association being performed using Euclidean distance in descriptor space.

K Qualitative Results on HPatches

Figure 5 shows qualitative examples of our keypoints and matches on image pairs from the HPatches
dataset [47].
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Figure 5: Qualitative matching results of our method on the HPatches dataset [47].
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