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Abstract

Training a 3D human keypoint detector from point
clouds in a supervised manner requires large volumes of
high quality labels. While it is relatively easy to capture
large amounts of human point clouds, annotating 3D key-
points is expensive, subjective, error prone and especially
difficult for long-tail cases (pedestrians with rare poses,
scooterists, etc.). In this work, we propose GC-KPL -
Geometry Consistency inspired Key Point Leaning, an ap-
proach for learning 3D human joint locations from point
clouds without human labels. We achieve this by our novel
unsupervised loss formulations that account for the struc-
ture and movement of the human body. We show that by
training on a large training set from Waymo Open Dataset
[21] without any human annotated keypoints, we are able
to achieve reasonable performance as compared to the fully
supervised approach. Further, the backbone benefits from
the unsupervised training and is useful in downstream few-
shot learning of keypoints, where fine-tuning on only 10 per-
cent of the labeled training data gives comparable perfor-
mance to fine-tuning on the entire set. We demonstrated that
GC-KPL outperforms by a large margin over SoTA when
trained on entire dataset and efficiently leverages large vol-
umes of unlabeled data.

1. Introduction
Estimation of human pose in 3D is an important prob-

lem in computer vision and it has a wide range of appli-
cations including AR/VR, AI-assisted healthcare, and au-
tonomous driving [4, 29, 32]. For autonomous systems, be-
ing able to perceive human poses from sensor data (e.g. Li-
DAR point clouds) is particularly essential to reason about
the surrounding environment and make safe maneuvers.

Despite the high level of interest in human pose estima-
tion in the wild, only few papers approached outdoor 3D
keypoint detection using point cloud. A main reason is that
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Figure 1. We present GC-KPL, a novel method for learning 3D human
keypoints from in-the-wild point clouds without any human labels. We
propose to learn keypoint locations using unsupervised losses that account
for the structure and movement of the human body. The backbone learns
useful semantics from unsupervised learning and can be used in down-
stream fine-tuning tasks to boost the performance of 3D keypoint estima-
tion.

training a pedestrian pose estimation model requires large
amount of high quality in-the-wild data with ground truth
labels. Annotating 3D human keypoints on point cloud data
is expensive, time consuming and error prone. Although
there are a few existing point cloud datasets with ground
truth human poses [11, 13, 21], they are limited in terms
of the quantity of the 3D annotations and diversity of the
data. Therefore, fully-supervised human keypoint detectors
trained on such datasets do not generalize well for long tail
cases. For this reason, previous approaches on pedestrian
3D keypoint estimation have mainly focused on utilizing 2D
weak supervision [4, 32] which is easier to obtain, or lever-
aging signals from others modalities (e.g. RGB, depth) [29].
Nonetheless, there is a lot of useful information in the large
amount of unlabeled LiDAR data that previous works on
human pose estimation have not made an effort to utilize.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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In this work, we propose a novel and effective method for
learning 3D human keypoints from in-the-wild point clouds
without using any manual labeled 3D keypoints. Our ap-
proach is built on top of the key observation that human
skeletons are roughly centered within approximately rigid
body parts and that the location and movement of the sur-
face points should explain the movement of the skeleton and
vice versa. To that end, we design novel unsupervised loss
terms for learning locations of the 3D keypoints/skeleton
within human point clouds which correspond to 3D loca-
tions of major joints of human body.

In the proposed method, we first train a transformer-
based regression model for predicting keypoints and a se-
mantic segmentation model for localizing body parts on a
synthetic data constructed from randomly posed SMPL hu-
man body model [15]. Then, we train on the entire Waymo
Open Dataset [21] without using any 3D ground-truth anno-
tation of human keypoints. Through unsupervised training,
keypoint predictions are refined and the backbone learns
useful information from large amount of unannotated data.

In summary, we make the following contributions:

• We present GC-KPL, a method for learning human
3D keypoints for in-the-wild point clouds without any
manual keypoint annotations.

• Drawing insight from the structure and movement of
the human body, we propose three effective and novel
unsupervised losses for refining keypoints. We show
that the proposed losses are effective for unsupervised
keypoint learning on Waymo Open Dataset.

• Through downstream fine-tuning/few-shot experi-
ments, we demonstrate that GC-KPL can be used as
unsupervised representation learning for human point
clouds, which opens up the possibility to utilize a prac-
tically infinite amounts of sensor data to improve hu-
man pose understanding in autonomous driving.

2. Related Work
2.1. 3D Human Keypoint Estimation from Points

Clouds
There have been a few works [19, 31, 34] about estimat-

ing 3D keypoints from clean and carefully-curated point
clouds [6], but 3D keypoint estimation from in-the-wild
point clouds is a much less studied problem. Due to the lack
of ground-truth 3D human pose annotations paired with Li-
DAR data, there has not been a lot of works on 3d human
keypoint estimation from LiDAR information. Among the
few point cloud datasets with 3D keypoint annotations, Li-
DARHuman26M [13] captures long-range human motions
with ground truth motion acquired by the IMU system and
pose information derived from SMPL models fitted into
point clouds. It is among the first few datasets which have

LiDAR point clouds synchronized with RGB images, but
SMPL shape parameters are same for all 13 subjects and it
does not feature in-the-wild pedestrians where there could
be much more background noise and occlusion. PedX [11]
offers 3D automatic pedestrian annotations obtained using
model fitting on different modalities, gathered effectively
from a single intersection with only 75 pedestrians (the sec-
ond intersection has only 218 frames, labels for the third
scene were not released). Waymo Open Dataset [21] has
more than 3,500 subjects from over 1,000 different in-the-
wild scenes with high-quality 2D and 3D manual annota-
tions. Despite the existence of these datasets, the few works
on 3D pose estimation from point clouds mostly rely on
weak supervision. HPERL model [4] trains on 2D ground-
truth pose annotations and uses a reprojection loss for the
3D pose regression task. Multi-modal model in [32] uses
2D labels on RGB images as weak supervision, and creates
pseudo ground-truth 3D joint positions from the projection
of annotated 2D joints. HUM3DIL [29] leverages RGB in-
formation with LiDAR points, by computing pixel-aligned
multi-modal features with the 3D positions of the LiDAR
signal. In contrast, our method does not use any RGB infor-
mation or weak supervision.

2.2. Unsupervised Keypoint Localization
There are a number of works that aim to recover 3D key-

points using self-supervised geometric reasoning [12, 22],
but they are limited to rigid objects. More recent unsuper-
vised methods work for articulated objects from monocu-
lar RGB data [9, 10, 10, 18, 20, 24], multi-view data [16],
or point clouds [27], where authors suggest to condition
on the predicted keypoints and train a conditional genera-
tive model to supervise the keypoints through reconstruc-
tion losses. We propose a simpler pipeline where we apply
our novel unsupervised losses to the predicted keypoints di-
rectly and do not require additional models besides the key-
point predictor itself.

2.3. Self-supervised Learning for Point Clouds
Self-supervised representation learning has proven to be

remarkably useful in language [3, 17] and 2D vision tasks
[2,7]. As LiDAR sensors become more affordable and com-
mon, there has been an increasing amount of research inter-
est in self-supervised learning on 3D point clouds. Previous
works proposed to learn representations of object or scene
level point clouds through contrastive learning [8, 25, 30]
or reconstruction [23, 26, 28, 33], which is useful in down-
stream classification or segmentation tasks. In contrast, our
supervision signals come from the unique structure of the
human body and our learned backbone is particularly use-
ful in downstream human keypoint estimation tasks.

1159



3. Method
In this section, we describe our complete training

pipeline which contains two stages. In the first stage,
we initialize the model parameters on a synthetic dataset
(Sec. 3.1). The purpose of Stage I is to warm-up the model
with reasonable semantics. The second stage generalizes
the model to the real-world data. In this stage, we use
our unsupervised losses to refine the keypoint predictions
on in-the-wild point clouds (Sec. 3.2). An overview of our
pipeline is in Fig. 2.

3.1. Stage I: Initialization on Synthetic Data
In this stage, we initialize the model on a synthetic

dataset that is constructed by ray casting onto randomly
posed human mesh models (SMPL [15]). We describe de-
tails of synthetic data generation in Supplementary.

The goal of this stage is to train a model f that takes a
point cloud of a human P ∈ RN×3 and outputs 3D locations
of keypoints Ŷ ∈ R(J+1)×3, as well as soft body part as-
signments (or part segmentation) Ŵ ∈ RN×(J+1) that con-
tains the probability of each point i belonging to body part
j ∈ [J] or the background.

{Ŷ,Ŵ} = f(P) (1)

∀i ∈ [N],
J+1

∑
j=1

Ŵi,j = 1 (2)

Ground truth information about part segmentation W and
keypoint locations Y are readily available for synthetic
data. Hence, we can train the model by directly supervis-
ing the predicted keypoint through L2 loss,

Lkp = ∣∣Ŷ −Y∣∣2 (3)

and predicted segmentation through cross entropy loss,

Lseg = −
N

∑
i=1

J+1

∑
j=1

Wi,j log(Ŵi,j) (4)

Overall, we minimize

Lsyn = λkpLkp + λsegLseg (5)

Notably, in Sec. 4.6 we show that supervision in this stage
is not required - ground truth W and Y can be replaced by
surrogate ground truths to achieve comparable results.

3.2. Stage II: Self-Supervised Learning on In-the-
Wild Data

In this stage, we further refine the network using unsu-
pervised losses. The key insight behind the design of the
losses is that the human body is composed of limbs, each
of which is a rigid part. Therefore, points on a limb move
with the limb and should stay roughly at the same location

in each limb’s local coordinate system. To account for this,
we propose flow loss that encourages the points to stay in
the same location (despite rotation around the limb) within
each limb’s local cylindrical coordinate.

We start by formally defining the key ingredients in the
following formulations. In our setup, a human skeleton L
is composed of limbs, each of which is connecting two key-
points. A limb l = (ya, yb) ∈ L is a line segment connecting
the parent ya and child keypoint yb on this limb, and all
surface points on this limb have segmentation label a.

All three proposed losses are in terms of surface points
in each predicted limb’s local coordinate system. There-
fore, we first convert all input points to each limbs’ local
cylindrical coordinate and compute the radial and axial co-
ordinates. Specifically, we project point p ∈ P in global
coordinate on to vector

ÐÐ→
ŷaŷb, and calculate the norm of the

projected vector

z(p, l̂) =
(p − ŷa) ⋅ (ŷb − ŷa)

∣∣ŷb − ŷa∣∣2
(6)

and the distance between the point and
ÐÐ→
ŷaŷb,

r(p, l̂) = ∣∣p − ŷa − z(ŷb − ŷa, l̂)∣∣2 (7)

For simplicity, we use zl̂(p) to represent z(p, l̂), and rl̂(p)

to represent r(p, l̂) in the following.
Next, we describe the formulation of each loss function

in detail.
Flow Loss. Flow loss considers the predictions from two

consecutive frames and encourages consistency of the ra-
dial and altitude components of all points with respect to
scene flow - limbs should move between frames in a way
to keep radial and axial coordinates for all points constant.
Formally, we define the forward and backward flow losses
(Lff and Lbf respectively) for limbs l̂t = (ŷta, ŷ

t
b) and

l̂t+1 = (ŷt+1a , ŷt+1b ) for predicted keypoints for timestamp
t and t + 1.

Lff =
1

N
∑
i

Ŵt
ia ⋅ (∣rl̂t+1(p

t
i + f

t
i ) − rl̂t(p

t
i)∣+

∣zl̂t+1(p
t
i + f

t
i ) − zl̂t(p

t
i)∣) (8)

Lbf =
1

N
∑
i

Ŵt+1
ia ⋅ (∣rl̂t(p

t+1
i + bt+1i ) − rl̂t+1(p

t+1
i )∣+

∣zl̂t(p
t+1
i + bt+1i ) − zl̂t+1(p

t+1
i )∣) (9)

f t is the forward flow for each point pt ∈ Pt and bt+1 is the
backward flow for each point pt+1 ∈ Pt+1. We use Neural
Scene Flow Prior [14] to estimate flow for two consecutive
frames of points. The overall flow loss for frame t is

Lflow =
1

∣L∣
∑

l̂t

Lff +Lbf

2
(10)
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(b) Minimize points-to-limb distance to encourage 
the limb to stay within the body.

(c) Points are symmetrical around limb. (i.e. points with 
similar height z have similar radius r)

(a) After moving, points stay in the same place (despite rotation 
around axis) within each limb’s local cylindrical coordinate system.

Unsupervised Losses
Flow loss Points-to-limb loss Symmetry loss

Figure 2. Overview of our method. In Stage I, we warm-up the keypoint predictor and body part segmentation predictor on a small synthetic dataset. Then,
in Stage II we refine the 3D keypoint predictions on a large in-the-wild dataset with unsupervised losses. The main losses are depicted on the bottom.

By design, the flow loss value is the same if the radial and
axial values for all points in a local coordinate system are
the same in consecutive frames. This would happen if a
limb in both frames are shifted in their respective orthogo-
nal direction by the same amount. Theoretically, it is un-
likely to happen for all limbs, but empirically we observe
that with flow loss alone the skeleton would move out of the
point cloud. Therefore, we need additional losses to make
the keypoints stay within the body.

Points-to-Limb Loss. For a predicted limb l̂ = (ŷa, ŷb),
we want the points on this limb to be close to it. Hence, we
introduce a points-to-limb (p2l) loss

L
l̂
p2l =

1

N
∑
i

Ŵiad(pi, l̂) (11)

where d is the Euclidean distance function between a point
and a line segment. We sum over all points to get the overall
points-to-limb loss,

Lp2l =
1

∣L∣
∑

l̂

L
l̂
p2l (12)

Symmetry Loss. Symmetry loss encourages the pre-
dicted limb l̂ to be in a position such that all points around
this limb are roughly symmetrical around it. That is to say,
points with similar axial coordinates zl̂ should have similar
radial values rl̂. To that end, we introduce symmetry loss,

L
l̂
sym =

1

N
∑
i

Ŵia(rl̂(pi) − r̄l̂(pi))
2 (13)

where r̄l̂(pi) is the weighted mean of radial values of points

with similar axial coordinates as pi,

r̄l̂(pi) =
∑j Kh(zl̂(pi),zl̂(pj))(Ŵi∗ ⋅ Ŵj∗)rl̂(pj)

∑j Kh(zl̂(pi),zl̂(pj))(Ŵi∗ ⋅ Ŵj∗)
(14)

Kh is Gaussian kernel with bandwith h, i.e. Kh(x, y) =

e−(
x−y
h )

2

. Ŵi∗ ∈ RJ is the ith row of Ŵ, and the dot prod-
uct Ŵi∗ ⋅ Ŵj∗ measures the similarity of part assignment
of point i and j, as we want the value of r̄ki to be calculated
using the points from the same part as point i.
The overall symmetry loss is over all points,

Lsym =
1

∣L∣
∑
l∈L

L
l
sym (15)

Joint-to-Part Loss. In addition, we encourage each joint
to be close to the center of the points on that part using a
joint-to-part loss.

L
j
j2p = ∥ŷj −

∑i Ŵijpi

∑i Ŵij

∥

2

(16)

We sum over all joints to get the overall joint-to-part loss.

Lj2p =
1

J
∑
j

L
j
j2p (17)

Note that although the ground truth location of joints are
not in the center of points on the corresponding part, keep-
ing this loss is essential in making the unsupervised training
more robust.

In practice, jointly optimizing Ŵ and Ŷ in Stage II leads
to unstable training curves. Hence, we use the pre-trained
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Figure 3. Effect of unsupervised losses on perturbed skeleton.

segmentation branch from Stage I to run segmentation in-
ference to get the segmentation labels on all of the training
samples in the beginning of Stage II, and Ŵ is the one-hot
encoding of the predicted segmentation labels.

Segmentation Loss. Lastly, we notice that keeping the
segmentation loss at this stage further regularizes the back-
bone and leads to better quantitative performance. We use
the inferenced segmentation Ŵ as the surrogate ground
truth and minimize cross entropy as in Eq. (4).

Training objective. The overall training objective dur-
ing Stage II is to minimize

L = λflowLflow + λp2lLp2l + λsymLsym

+ λj2pLj2p + λsegLseg (18)

To illustrate the effect of the three unsupervised losses
(Lflow, Lp2l and Lsym), we show the result of applying
these losses on a perturbed ground truth skeleton (Fig. 3).
As shown, the proposed unsupervised losses effectively
moves the perturbed skeleton to locations that are closer to
ground truth.

4. Experiments
4.1. Implementation Details

The predictor model f consists of a transformer back-
bone with fully connected layers for predicting joints and
segmentation respectively. We use the same transformer
backbone as in HUM3DIL [29]. A fully connected layer
is applied to the output of transformer head to regress the
predicted Ŵ and Ŷ respectively. There are 352,787 train-
able parameters in total. We set the maximum number of
input LiDAR points to 1024, and zero-pad or downsample
the point clouds with fewer or more number of points. The
flow is obtained using a self-supervised test-time optimiza-
tion method [14]. The network is trained on 4 TPUs. We
train Stage I for 200 epochs and Stage II for 75 epochs, both
with batch size 32, base learning rate of 1e−4, and exponen-
tial decay 0.9. Stage I and II each finishes in about 6 hours.
The loss weights in Eq. (5) are λkp = 0.5 and λseg = 1.

The loss weights in Eq. (18) are λflow = 0.02, λp2l = 0.01,
λsym = 0.5, λj2p = 2, and λseg = 0.5. The kernel bandwidth
Eq. (14) is 0.1.

4.2. Dataset and Metrics
We construct a synthetic dataset with 1,000 sequences of

16-frame raycasted point clouds for Stage I training. Each
sequence starts with the same standing pose and ends in
a random pose. We find that data augmentation is essen-
tial in Stage I training. To simulate real-world noisy back-
ground and occlusion, we apply various data augmentations
to the synthetic data, including randomly downsample, ran-
dom mask, add ground clusters, add background clusters,
add a second person, add noise to each point, scale the per-
son. We include examples of augmented synthetic data in
Fig. 4.

Add ground

Scale

Add garbage background Add second person

Downsample Random crop Drop a part

Add random noise

Figure 4. Data augmentations applied to the synthetic point clouds (col-
ored by ground truth segmentation labels). Ground truth skeletons are
shown in purple. Background points are in blue.

In Stage II, we train on the entire Waymo Open dataset
(WOD) training set (with around 200,000 unlabeled sam-
ples). As the official WOD testing subset is hidden from
the public, we randomly choose 50% of the validation set as
the validation split, and the rest as the test split for bench-
marking. We report average Mean Per Joint Position Error
(MPJPE) on test set at the end of each stage. Formally, for
a single sample, let Ŷ ∈ RJ×3 be the predicted keypoints,
Y ∈ RJ×3 the ground truth keypoints, and v ∈ {0,1}J the
visibility indicator annotated per keypoint.

MPJPE(Y, Ŷ ) =
1

∑j vj
∑

j∈[J]

vj ∣∣yj − ŷ∣∣2 (19)

Note that in this Stage, we do Hungarian matching between
the predicted and annotated keypoints per frame, and then
report MPJPE on matched keypoints. We report matched
MPJPE because the method is intended for scenarios where
correspondence between keypoints in the unlabeled training
data and downstream data is unknown.
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Ground truth Pred. after Stage I Pred. after Stage II

Figure 5. Visualizations of predictions on WOD at the end of Stage I and
Stage II. Points are colored by predicted segmentation labels. Ground truth
keypoints are in green and predicted keypoints and skeletons are in red.

4.3. Results
In this section we perform quantitative evaluation of GC-

KPL at the end of Stage I and II in Tab. 2. Qualitative results
are in Fig. 5. As shown, after first stage where we train
on a synthetic dataset constructed from posed body mod-
els with carefully chosen data augmentations, we are able
to predict reasonable human keypoints on in-the-wild point
clouds. The second stage our novel unsupervised losses fur-
ther refine the predicted keypoints.

4.4. Downstream Task: Few-shot 3D Keypoint
Learning

In this experiment, we show that the backbone of our
model benefits from unsupervised training on large amount
of unlabeled data, and can be useful for downstream fine-
tuning tasks. We start from our pre-trained backbone after
Stage II, and fine-tune with annotated training samples from
WOD by minimizing mean per joint error. We include few-
shot experiments where we fine-tune with a extremely small
amount of data (10% and 1% of the training set), to repre-
sent challenging scenarios where there is a limited amount
of annotated data.

We include the LiDAR-only version of HUM3DIL (a
state-of-the-art model on WOD) [29] as a strong baseline.
The quantitative results (Tab. 1) suggest that our back-

bone learns useful information from the unlabeled in-the-
wild data and enables a significant performance boost on
the downstream tasks. Compared to a randomly initialized
backbone as used in HUM3DIL, our backbone leads to over
2 cm of decrease in MPJPE in downstream fine-tuning ex-
periments, which is a significant improvement for the 3D
human keypoint estimation task.

We visualize the predicted keypoints under different data
regime in Fig. 6. As shown, models fine-tuned from our
backbone is able to capture fine details on the arms and
overall produces more accurate results than HUM3DIL.

To the best of our knowledge, there does not exist pre-
vious works on completely unsupervised human keypoint
estimation from point clouds. We additionally experiment
with using a readout layer on top of the features learned by a
state-of-the-art point cloud SSL method 3D-OAE [30], but
the MPJPE is 15 cm (compared to 10.10 cm from GC-KPL).
Hence we consider the baselines we adopt here strong and
complete. In Sec. 4.6, we further challenge our method by
comparing to the domain adaptation setup and demonstrate
that the performance of GC-KPL is still superior.

4.5. Domain adaptation
In the configuration where we use ground truth labels in

Stage I and unsupervised training in Stage II could be seen
as a domain adaption (DA) technique. Thus it is useful to
compare proposed method with a commonly-used domain
adaptation method. We train the same backbone model us-
ing a mix of real and synthetic data and a gradient reversal
layer (aka DA loss) [5] to help the network to learn domain
invariant keypoint features. Results in Tab. 3 demonstrate
that GC-KPL yields superior accuracy compared with the
DA method (MPJPE 10.1 vs 11.35 cm).

4.6. Ablations
Effect of using GT bounding boxes in pre-processing.

We cropped human point clouds from the entire scene by
including only points within GT bounding boxes. We also
conducted experiments where we train with detected bound-
ing boxes from raw LiDAR scans using a SoTA 3D detector.
Results suggest that GC-KPL is robust to noise in 3D detec-
tion, as there were no noticeable changes in metrics.

Effect of synthetic dataset size. In our method Stage
I serves as a model initialization step where we show that
training on a small synthetic dataset (16,000 samples) with
properly chosen data augmentations is suffice for the model
to learn useful semantics. We further investigate the effect
of synthetic dataset size during Stage I. We experiment with
larger dataset sizes (160,000 and 1,600,000 samples) and
observe that the effect of increasing synthetic dataset size
is insignificant on MPJPEmatched at the end of Stage I - it
decreased from 17.7cm to 17.6cm. Lack of a notable im-
provements for larger dataset sizes is likely due to limited
variability of generated poses in synthetic data (see Supple-
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HUM3DIL

(c) Fine-tune on 1% training set

Ours

(b) Fine-tune on 10% training set(a) Fine-tune on 100% training set

Ground truth HUM3DIL Ours HUM3DIL Ours

Figure 6. Predicted keypoints from fine-tuning with different amount of annotated data. The points are colored by predicted segmentation labels by our
model. Predicted keypoints are shown in red.

Method Backbone
Stage I

supervised
1% training set

MPJPE cm. (gain)
10% training set

MPJPE cm. (gain)
100% training set
MPJPE cm. (gain)

HUM3DIL [29] Randomly initialized 19.57 16.36 12.21

GC-KPL

Pre-trained on synthetic only ✔ 18.52 (-1.05) 15.10 (-1.26) 11.27 (-0.94)
Pre-trained on 5,000 WOD-train ✔ 17.87 (-1.70) 14.51 (-1.85) 10.73 (-1.48)
Pre-trained on 200,000 WOD-train 17.80 (-1.77) 14.30 (-2.06) 10.60 (-1.61)
Pre-trained on 200,000 WOD-train ✔ 17.20 (-2.37) 13.40 (-2.96) 10.10 (-2.11)

Table 1. Downstream fine-tuning results. Check marks in “Stage I supervised” mean that we use ground truth part labels in Stage I, otherwise we use
KMeans labels.

Training data MPJPEmatched (↓)

Synthetic only 17.70
5,000 WOD-train 14.64
200,000 WOD-train 13.92

Table 2. Unsupervised learning (Stage II) results.

Domain distribution DA loss MPJPE (↓)

100% real 12.21
50/50% real/synthetic 12.08
50/50% real/synthetic ✔ 11.35

Table 3. Unsupervised domain adaptation results evaluated on WOD vali-
dation set.

mental for details).
Effect of using ground truths on synthetic data. While

our described pipeline does not use any kind of manual la-
bels, we do use ground truth segmentation and keypoints on
synthetic dataset in Stage I because they are readily avail-
able. Here we further experiment with a variation where we
do not use any kind of ground truths in Stage I (first row in
Tab. 4). Instead, we use KMeans clusters and cluster centers
as surrogate ground truths for model initialization, similar
to [1]. Note that we are able to establish correspondence
between KMeans clusters from different samples due to the
fact that in our data generation process, each synthetic se-
quence starts with the same starting standing pose. Hence,
we can run KMeans clustering on the starting pose that is
shared among all sequences, and for subsequent samples
within each sequence, we do Hungarian matching using
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Stage I Stage II
No. Exp. Lkp Lseg MPJPEmatched Lj2p Lseg Lsym Lp2l Lflow MPJPEmatched

1 Effect of using KMeans labels in Stage I ✔ ✔ 19.2 ✔ ✔ ✔ ✔ ✔ 14.5

2 Effect of Lkp in Stage I ✔ N/A ✔ ✔ ✔ ✔ ✔ 14.2

3
Effect of warmup losses in Stage II

✔ ✔ ✔ ✔ 15.0
4 ✔ ✔ ✔ ✔ 14.2
5 ✔ ✔ ✔ 15.2

6

Effect of unsupervised losses in Stage II

✔ ✔ 30.1
7 ✔ ✔ 15.6
8 ✔ ✔ 25.7
9 ✔ ✔ ✔ ✔ 14.3

10 ✔ ✔ ✔ ✔ 14.9
11 ✔ ✔ ✔ ✔ 14.4
12 ✔ ✔ 14.9

Full model (GC-KPL) ✔ ✔ 17.7 ✔ ✔ ✔ ✔ ✔ 13.9

Table 4. Ablations studies on the effect of individual loss term in our method. Experiments 3 through 12 are using both losses in Stage I. Full model is using
GT labels for Stage I.

inter-cluster Chamfer distance to establish correspondence
between clusters from consecutive frames. We observe that
although initializing with surrogate ground truths leads to
slightly inferior performance in Stage I, after training with
the losses in Stage II the drop in performance is less visible.
Overall, downstream fine-tuning performance is compara-
ble to our best model (10.6/14.3/17.8 vs. 10.1/13.4/17.2 cm
when fine-tuned on 100%/10%/1% of the data, see Tab. 1).
This experiment suggests that method does not require any
kind of ground truths, even during initialization stage.

Effect of Losses. In this section we further investigate
the effect of each component in our pipeline (Tab. 4). First,
we note that Lseg in Stage I is essential because we need an
initialized segmentation model to get the body part assign-
ment for each point in order to calculate the losses in Stage
II. Therefore, we only experiment with a variation of Stage
I training without Lkp, and we observe that Lkp is useful
in warming up the backbone for later stages. Next, we take
the backbone from Stage I (trained with bothLkp andLseg),
and study the effect of individual losses in Stage II. Experi-
ments No. 3/4/5 show that it is helpful to include Lj2p and
Lseg while having all other three unsupervised losses. In ex-
periments 6/7/8 we take out Lj2p and Lseg , and investigate
the effect of individual unsupervised losses. As shown the
training becomes rather unstable if we further eliminate any
of the three losses. We observe qualitatively that the metric
worsens drastically because the limbs quickly move out of
the human body. Experiments No. 3/4/5 suggest that Lj2p

and Lseg are useful regularizers that make sure the limbs
stay within the body, and the unsupervised losses further
improve the performance by refining the keypoint location.

4.7. Limitations and Future Work
The task of keypoint location could be considered as a

dual problem for semantic segmentation. In this work we

use a simple segmentation network based on the same archi-
tecture as our keypoint estimation model. Using a superior
segmentation model could lead to further improvements.

The proposed flow loss depends on quality of the esti-
mated flow of LiDAR points. In this work we used a simple
but reasonable method to estimate flow between two frames
of LiDAR points called Neural Scene Flow prior [14]. Qual-
ity of the unsupervised keypoint estimation could be im-
proved by using a more advanced flow estimator tailored
for point clouds on human body surfaces.

Lastly, we use a part of the HUM3DIL [29] model which
takes only LiDAR point cloud as input. The full HUM3DIL
model was designed for multi-modal inputs and attains bet-
ter performance. Thus, another interesting direction is to
leverage multi-modal inputs.

5. Conclusion
In this work, we approached the problem of 3D hu-

man pose estimation using points clouds in-the-wild, in-
troduced a method (GC-KPL) for learning 3D human key-
points from point clouds without using any manual 3D
keypoint annotations. We shown that the proposed novel
losses are effective for unsupervised keypoint learning on
Waymo Open Dataset. Through downstream experiments
we demonstrated that GC-KPL can additionally serve as a
self-supervised representation method to learn from large
quantity of in-the-wild human point clouds. In addition,
GC-KPL compares favorably with a commonly used do-
main adaptation technique. The few-shot experiments em-
pirically verified that using only 10% of available 3D key-
point annotation the fine-tuned model reached comparable
performance to the state-of-the-art model training on the en-
tire dataset. These results opens up exciting possibility to
utilize massive amount of sensor data in autonomous driv-
ing to improve pedestrian 3D keypoint estimation.
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