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Abstract— Accurate understanding and prediction of human
behaviors are critical prerequisites for autonomous vehicles,
especially in highly dynamic and interactive scenarios such
as intersections in dense urban areas. In this work, we aim
at identifying crossing pedestrians and predicting their future
trajectories. To achieve these goals, we not only need the context
information of road geometry and other traffic participants but
also need fine-grained information of the human pose, motion
and activity, which can be inferred from human keypoints. In
this paper, we propose a novel multi-task learning framework
for pedestrian crossing action recognition and trajectory pre-
diction, which utilizes 3D human keypoints extracted from raw
sensor data to capture rich information on human pose and
activity. Moreover, we propose to apply two auxiliary tasks
and contrastive learning to enable auxiliary supervisions to
improve the learned keypoints representation, which further
enhances the performance of major tasks. We validate our
approach on a large-scale in-house dataset, as well as a public
benchmark dataset, and show that our approach achieves state-
of-the-art performance on a wide range of evaluation metrics.
The effectiveness of each model component is validated in a
detailed ablation study.

I. INTRODUCTION

Accurately understanding the behaviors of surrounding
traffic participants and predicting their future motions play a
significant role in autonomous driving to ensure safe and
efficient interactions between the self-driving vehicle and
surrounding agents in the scene. Among various types of
traffic participants, pedestrians are often exposed to and
involved in traffic accidents and fatalities, especially when
they are crossing the street in dense urban areas [1]. There-
fore, in order to achieve safe navigation and deployment
of autonomous vehicles in populated and highly interactive
environments, it is essential to capture informative cues about
the actions, intentions, and motions of pedestrians.

Specifically, we aim to recognize whether pedestrians are
actively crossing the street (crossing action recognition), and
predict their future trajectories (trajectory prediction). The
former is typically formulated as a binary classification prob-
lem [2]–[4], and heavily depends on the appearance features
that provide rich information about the pedestrians’ poses
and activities. An illustrative comparison between typical
forms of appearance information is provided in Fig. 1. The
latter aims to predict plausible future trajectory hypotheses
which may be diverse with different target locations [5],
[6]. It heavily depends on the history trajectories due to
the continuity of human motions. Both tasks also require
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Fig. 1: A comparison between different forms of appearance
information: (a) 2D image patch; (b) 3D point cloud; (c) 3D
human keypoints inferred from (b).

knowledge about roadgraph for a better understanding of
the environmental context. In previous work, these two tasks
have mostly been studied separately. However, since both
tasks require extracting features from some common inputs,
they can potentially enhance each other by being integrated
into a unified framework.

Existing methods of crossing action recognition focus
on extracting the appearance features of pedestrians either
based on 2D images or video frames. Some of them fur-
ther infer human keypoints in the image plane to provide
a more compact representation. However, the 2D human
keypoints that are used as the input of keypoints encoder
vary as the view angle changes. Most existing trajectory
prediction approaches only utilize the low-dimensional state
information (e.g., position, velocity) as history observations
without knowledge about the appearance of target pedestrians
[5], [7]–[9]. They lack the appearance information that
can provide useful cues for motion prediction, especially
when the pedestrians are performing special activities (e.g.,
bending down, waving hands) or interacting with objects
(e.g., pushing a cart, or riding a scooter). Some recent
methods take advantage of raw sensor data (e.g., point cloud)
directly [10], [11], but it may include redundant or sparse
information. 3D human keypoints can provide a compact and
clean representation for extracting spatio-temporal features
of pose and activity.

To the best of our knowledge, we are the first to in-



vestigate the utilization of 3D human key points to lever-
age pedestrian appearance information for crossing action
recognition and trajectory prediction in a unified multi-task
learning framework. In contrast to the 2D information, 3D
human keypoints contain the appearance information that can
be transformed to be invariant of view angle, and in the
same coordinate system for trajectory prediction. Therefore,
we adopt an effective keypoints encoder and design three
auxiliary supervisions inspired by self-supervised learning
to encourage better keypoints representation learning. More
specifically, we generalize the pretext tasks in the context of
self-supervised learning that are designed to learn spatial pat-
terns of images to capture temporal patterns of the keypoints
sequences [12]–[19].

The contributions of this paper are as follows. We propose
a novel multi-task learning framework for pedestrian crossing
action recognition and trajectory prediction, which leverages
3D human keypoints to capture human poses and activities
effectively. To our knowledge, we are the first to demonstrate
the effectiveness of utilizing 3D human keypoints for these
tasks by capturing more fine-grained and complete features
about pose and activity. We also propose to employ two
auxiliary tasks and contrastive learning to enable additional
supervisions for keypoints representation learning, which
also enhance the performance of primary tasks. We validate
the proposed method on a large-scale in-house dataset and
a public benchmark dataset, which achieves state-of-the-art
performance in terms of a wide range of evaluation metrics.

II. RELATED WORK

Crossing Action Recognition: Pedestrian crossing action
recognition is widely studied since it is crucial for safe
interaction with pedestrians and efficient decision making
for autonomous vehicles, which is typically formulated as a
binary classification problem (i.e., crossing or non-crossing)
[2]–[4], [20], [21]. Many existing public datasets (e.g., PIE
[22] and JAAD [23]) assume that only 2D camera informa-
tion is available, so existing approaches can only leverage
the frontal-view images or videos without 3D information of
the pedestrians. Thus, the appearance features can only be
extracted visually from image patches inside the pedestrian
bounding box. Some approaches further use pose estimation
models [24] to obtain 2D human keypoints from images
to provide richer cues to improve performance [25]. How-
ever, some keypoints may be missing due to overlap or
occlusion in the 2D plane. Since many autonomous vehicles
are equipped with sensors (e.g., LiDAR) that capture 3D
information, we propose to leverage 3D human keypoints to
capture more fine-grained features about pose and activity.

Trajectory Prediction: Many research efforts have been
devoted to trajectory prediction for pedestrians and vehicles
in highly dynamic and interactive scenarios. Many exist-
ing methods utilize the high-level history state informa-
tion (e.g., position, velocity) and the context information
(e.g., roadgraph/map, context agent trajectory) to forecast
future state sequences [5], [7]–[9], [26]–[30]. There are two
widely used ways to represent the roadgraph information:
(a) rasterized top-down view images [26], [29]; and (b)
roadgraph vectors [5], [27]. In order to model the interactions
between entities, different feature aggregation techniques are

employed such as social pooling [28], attention mechanisms
[7], and message passing across graphs [8]. However, these
models cannot capture any appearance information of traffic
participants due to the lack of sensor data (e.g., point cloud),
which may lose fine-grained cues that are important for
predicting their future motions. Recent works validated the
advantages of using raw sensor data [10], [11]. In contrast,
we investigate the effectiveness of additionally leveraging the
appearance information in the form of 3D human keypoints
inferred from laser points in trajectory prediction.

Human Keypoints Encoding: Extracting informative fea-
tures from human keypoints is crucial for human action
recognition and motion prediction [31]–[39]. Deep convolu-
tional networks are applied to human keypoints detected in
2D images or videos to extract visual features [34], [37]. For
human keypoints in 3D space, recurrent neural networks are
usually employed to capture temporal dynamics [35], [38],
[39]. However, it is hard for the recurrent units to capture the
spatial relations between the joints in the human skeleton. As
the development of graph representation learning, graph neu-
ral networks are adopted to extract spatio-temporal feature
representations from a spatio-temporal graph constructed by
the human keypoints sequence, where the nodes represent hu-
man joints and edges represent the bones between joints [33],
[40]. In this work, we employ the Spatio-Temporal Graph
Convolutional Network proposed in [40] as the backbone of
our keypoints encoder.

III. PROBLEM FORMULATION

We formulate the crossing action recognition as a binary
classification task (i.e., crossing or non-crossing), and trajec-
tory prediction as a regression task, which are integrated into
a multi-objective optimization problem. We denote xt−Th+1:t
and xt+1:t+Tf as the history and future trajectories of the
target pedestrian respectively, where t is the current frame,
xt = (xt ,yt), and Th / Tf are the history / prediction horizons.
kt−Th+1:t / kt+1:t+Tf denote the history / future human key-
points positions where kt = {(xp

t ,y
p
t ,z

p
t ), p = 1, ...,P}, P is

the number of keypoints in a human skeleton. ct denotes the
context agents and roadgraph information, which summarizes
the information of a sequence of historical observations. The
objective of our work is to infer the current crossing action
at and the future trajectory x̄t+1:t+Tf simultaneously based
on all the history observations xt−Th+1:t ,kt−Th+1:t ,ct .

IV. METHOD

A. Model Overview

A diagram of the multi-task learning framework is shown
in Fig. 2, which has an encoder-decoder architecture. The
encoder consists of a context encoding channel EC which
generates the embedding of roadgraph and context agents, a
keypoints encoding channel EK which extracts the embed-
ding of human pose and activity, and a target track encoding
channel ET which extracts target pedestrian track features.
The decoder consists of two individual heads for major
tasks (i.e., crossing action recognition, trajectory prediction)
and three auxiliary heads to enable auxiliary supervision for
keypoints representation learning.
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Fig. 2: An illustrative diagram of the proposed method, which has an encoder-decoder architecture. More specifically, there
are two encoding branches to extract features from context and keypoints information respectively and multiple decoding
heads for major tasks and auxiliary supervisions.

B. Encoder

1) Context Encoder: We adopt the vectorized represen-
tation proposed in [27] to represent the roadgraph and the
historical trajectories of context traffic participants which
may have interactions with the target pedestrian. Specifically,
the roadgraph (i.e., lanes, traffic signs) and trajectories are
transformed into polylines with a variable number of vectors
respectively. An illustration of polylines is shown in Fig. 2.
Each polyline is used to construct a subgraph where each
node represents a certain vector within the polyline.

2) Keypoints Encoder: The goal of the keypoints encoder
EK is to capture fine-grained information about human pose,
motion, and activity. In this work, a keypoints sequence is
represented by 3D coordinates and visibility scores of all the
human joints at each frame. Since the human skeleton can
be naturally represented as a graph where nodes are human
joints and edges are bones, we construct a spatio-temporal
graph to represent a keypoints sequence where the same joint
nodes at consecutive frames are linked by temporal edges.
We adopt the spatial configuration partitioning strategy [40]
to obtain the adjacency matrix at each frame. We employ
the Spatio-Temporal Graph Convolutional Network with
the same layer architecture in [40] to extract both spatial
and temporal patterns at different scales. A global average
pooling layer is applied after graph convolutional layers to
generate the final keypoints embedding. More details can be
found in [40].

3) Target Track Encoder: We use a recurrent neural
network as the target track encoder ET to encode the history
trajectory (xt−Th+1:t ) of the target pedestrian. The extracted
embedding is concatenated with the keypoints embedding to
obtain the target node embedding.

4) Global Interaction: The polyline subgraphs and target
node are used to construct a fully connected global inter-
action graph and message passing is applied to model the
agent-agent and agent-road interactions between scene ele-
ments. We implement this global interaction graph as a self-
attention layer, as in [27]. The output of the global interaction
module is a global context embedding for each modeled
agent while we only use that of the target pedestrian.

C. Decoder

Our model has five decoding heads. For each decoding
head, besides using a complete embedding obtained by con-
catenating the context embedding and keypoints embedding
as the input, we also apply the supervision directly on the
keypoints embedding to enhance keypoints representation
learning. The experimental results show improved perfor-
mance brought by this co-training strategy.

1) Crossing Action Recognition Head: The crossing ac-
tion recognition head is a fully-connected layer whose output
are the probabilities of crossing/non-crossing actions. We
adopt a standard binary cross-entropy loss LAR for training.

2) Trajectory Prediction Head: We adopt the Target-
driveN Trajectory prediction method proposed in [5], which
consists of three stages: (a) target prediction; (b) target-
conditioned trajectory generation; and (c) trajectory scoring.

First, a set of M target candidate points are sampled from a
virtual grid centered on the predicted pedestrian and aligned
with the pedestrian’s heading based on the learned distri-
bution over grids. Second, the trajectory generator takes a
target location and the embedding extracted by the encoder as
input, and outputs a most likely future trajectory for the target
pedestrian. Finally, we estimate the likelihood of complete
future trajectories and use a maximum entropy technique to
score all the M trajectories generated in the second stage. A
trajectory selection algorithm inspired by the non-maximum
suppression is applied to reject near-duplicate trajectories to
increase the diversity of final trajectory hypotheses. Each
stage has a corresponding loss term, which is combined to
obtain the final loss function for the trajectory prediction
head. More details about loss design can be found in [5].

D. Auxiliary Supervisions

In this section, we introduce three auxiliary supervisions
on keypoints representation learning, which encourages the
keypoints encoder to capture more fine-grained patterns of
human pose dynamics and activities. The keypoints encoder
and the extracted keypoints embedding are shared across
different auxiliary tasks.
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Fig. 3: A diagram of the shuffled sequence generation process
for keypoints jigsaw puzzle.

1) Keypoints Jigsaw Puzzle (KJP): Different from the
image jigsaw puzzle where image patches are shuffled into
random spatial configurations, the goal of solving keypoints
jigsaw puzzle is to identify the correct permutation of a given
keypoints sequence in which subsequences are randomly
shuffled, which encourages the keypoints encoder to learn
temporal relations among different segments.

A diagram of the jigsaw puzzle sequence generation
process is shown in Fig. 3. The original keypoints sequence
kt−Th+1:t is divided into S segments with an equal length of
Th/S frames. Then we randomly shuffle these segments to
obtain a new sequence which can lead to S! permutations.
Instead of shuffling the original coordinates of keypoints
sequences, we fix the center location of human skeletons
at each frame and only shuffle the relative coordinates of
keypoints with respect to the skeleton center over different
frames. This can encourage the model to capture subtle
patterns of human pose dynamics and avoid the trivial
shortcut to only capturing the change of center locations for
the inference of the correct permutation. We formulate this
auxiliary task as a classification problem with S! classes, and
the KJP head hKJP(·) is trained to infer the probability of
each class (i.e., permutation) for a shuffled input sequence.
We use a standard cross-entropy loss computed by

LKJP =− 1
N

N

∑
i=1

yi loghKJP(Ek(k̃i
t−Th+1:t)), (1)

where k̃i
t−Th+1:t and yi denote a shuffled keypoints sequence

and its corresponding one-hot permutation label, respectively.
N denotes the total number of pedestrians.

2) Keypoints Prediction (KP): Keypoints prediction aims
to infer the future keypoints locations based on a sequence
of historical observations, which requires a more fine-grained
understanding of human pose dynamics than trajectory pre-
diction. The keypoints prediction head hKP(·) is a multi-layer
perceptron, which takes in the keypoints embedding as input
and outputs the future keypoints locations. We adopt the
mean square error loss computed by

LKP =
1

NTf

N

∑
i=1

t+Tf

∑
t ′=t+1

||ki
t ′ − k̂i

t ′ ||2, (2)

where k̂i
t ′ is the predicted keypoints coordinates at time t ′.
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Keypoints Encoder Keypoints Encoder

Project Head Projection Head

Contrastive Loss

Shuffled Keypoint Sequence I Shuffled Keypoint Sequence II

Fig. 4: A diagram of the auxiliary contrastive learning task
leveraging the shuffled sequences in the jigsaw puzzle.

3) Keypoints Contrastive Learning (KCL): As an anal-
ogy to learning similarity between transformed images by
contrastive learning, we propose to adapt the technique to
keypoints sequences as an auxiliary supervision to improve
representation learning by learning high-level temporal simi-
larity among keypoints sequences. A diagram of the auxiliary
contrastive learning is shown in Fig. 4.

We employ a similar approach to SimCLR [18] to discover
the cosine similarity between the keypoints sequences trans-
formed from the same original sequence. In this work, we use
the same shuffling strategy as described in Section IV-D.1 to
obtain transformed sequences. The keypoints encoder takes
in each transformed sequence and outputs a corresponding
embedding. A projection head hKCL maps the keypoints
embedding to a feature space.

More specifically, we randomly sample a mini-batch of
Nb keypoints sequences and define the contrastive prediction
task on pairs of the augmented sequences derived from the
mini-batch, which results in 2Nb keypoints sequences. Given
a positive pair, the other 2(Nb−1) transformed sequences are
treated as negative examples. The cosine similarity between
vectors u and v is defined as cos(u,v) = u>v/||u|||v||. Then
the keypoints contrastive loss between pair (p,q) is

LKCL =− log
exp(β cos(zp,zq))

∑r 6=p exp(β cos(zp,zr))
, (3)

where zp = hKCL(Ek(k̃
p
t−Th+1:t)) and β is temperature.

E. Loss Functions and Training
Since the proposed framework deals with multiple tasks

simultaneously, the complete loss function is a weighted
sum of all the loss components brought by each head. More
specifically, the final loss is computed by

L = λARLAR+λTPLTP+λKJPLKJP+λKPLKP+λKCLLKCL,
(4)

where λAR, λTP, λKJP, λKP and λKCL are loss weights which
are determined empirically.

V. EXPERIMENTS

A. Datasets
We validated the proposed method on two real-world driv-

ing datasets: an in-house dataset and Waymo Open Dataset
(Perception) [41]. Both datasets provide 3D object bounding



Crossing Action Recognition (AR) Trajectory Prediction (TP)

Method Acc ↑ AUCPR ↑ F1 ↑ Prec ↑ 4.0s minADE6 ↓ 4.0s minFDE6 ↓
TNT [5] – – – – 0.404 0.703
TNT+AR 0.959 0.957 0.933 0.893 0.418 0.733

Ours (AR) 0.960 0.957 0.935 0.900 – –
Ours (TP) – – – – 0.397 0.704

Ours (AR+TP) 0.963 0.965 0.940 0.900 0.382 0.682

Ours (AR+TP+KJP) 0.979 0.983 0.964 0.937 0.392 0.685
Ours (AR+TP+KJP+KP) 0.978 0.983 0.964 0.936 0.384 0.665

Ours (AR+TP+KJP+KP+KCL) 0.980 0.984 0.966 0.942 0.373 0.638

TABLE I: Model performance on the in-house dataset. ↑/↓ indicate greater/smaller values are better. AR: action recognition;
TP: trajectory prediction; KJP: keypoints jigsaw puzzles; KP: keypoints prediction; KCL: keypoints contrastive learning.

boxes and LiDAR point clouds around the autonomous
vehicle. The 3D bounding boxes in the in-house dataset
are generated by an in-house perception pipeline, and the
3D bounding boxes in Waymo Open Dataset (WOD) are
human-labeled. We use 2.0 seconds of history sampled at
10Hz (20 frames), and predict trajectory in the future 4.0
seconds sampled at 2Hz (8 frames). The in-house dataset
also provides detailed roadgraph information and human
labels on the crossing action of pedestrians. The in-house
dataset provides 2,039,520 training examples (1,451,460
negatives, 588,060 positives) and 918,049 testing samples
(642,523 negatives and 275,526 positives). Since WOD does
not have crossing action labels, we removed the crossing
action recognition branch of our proposed models and only
trained and evaluated the trajectory prediction task. Since
there is no roadgraph information in WOD, we only encoded
context agent tracks in the context embedding. The WOD
dataset provides 229,745 training samples and 51,945 testing
samples. We used the pose estimation model in [42] to infer
3D human keypoints from laser points for both datasets.

B. Evaluation Metrics

For crossing action recognition, we adopt widely used
binary classification metrics as in [4]: accuracy (Acc), area
under the precision-recall curve (AUCPR), F1 score (F1)
and precision (Prec). For trajectory prediction, we adopt
the standard distance-based metrics as in [5]: minimum
average displacement error (minADEk) and minimum final
displacement error (minFDEk) where k is the number of
trajectory hypotheses.

C. Implementation Details

The same architectures of model backbones and hyperpa-
rameters in [27], [40], and [5] are adopted as our context
encoder, keypoints encoder, and trajectory decoder, respec-
tively. The crossing action head is a fully connected layer.
The keypoints jigsaw puzzle head is a fully connected layer.
The projection head in keypoints contrastive learning is a
three-layer MLP with hidden size = 64. For loss weights,
we used λCA = 1.0, λTP = 1.0, λKJP = 0.01, λKP = 0.05 and
λKCL = 0.0001. For KJP, we used S= 4 segments and a fully-
connected layer that outputs the probability of S! classes. For
the KCL head, we used temperature parameter β = 1.0 and
the projection head is a three-layer MLP with hidden size =
64. A batch size of 512 was used and the models were trained

Method Trajectory Prediction (TP)

4.0s minADE6 ↓ 4.0s minFDE6 ↓
TNT [5] 0.249 0.494

Ours (TP) 0.239 0.451

Ours (TP+KJP+KP+KCL) 0.237 0.442

TABLE II: Model performance on the Waymo Open Dataset.

for 15 epochs with early stopping using the Adam optimizer
with an initial learning rate of 0.01. We train for 15 epochs
including learning rate warm up (linearly increasing to initial
learning rate) in the first 6 epochs, and decay learning rate
by 0.9 every 6 epochs. Our method achieves an inference
time of 4.7ms for a batch of 32 pedestrians on an NVIDIA
V100 GPU, which is sufficient for running onboard.

D. Quantitative and Ablative Analysis
In this section, we provide a comprehensive quantitative

and ablative analysis to demonstrate the effectiveness of each
component in our framework. The quantitative experimental
results are shown in Table I and Table II. Our complete
model (AR+TP+KJP+KP+KCL for the in-house dataset,
TP+KJP+KP+KCL for WOD) achieves the best performance
consistently on both datasets.
Keypoints information To allow for a fair comparison, we
add a crossing action recognition head to the TNT base-
line. Comparing TNT+AR and Ours (AR+TP), we see that
utilizing 3D human keypoints can improve the performance
of both major tasks. With the human keypoints information,
the model can capture richer cues about pedestrians’ subtle
motions and activities in addition to trajectory patterns.
Co-learning of crossing action recognition and trajectory
prediction The two major tasks are highly correlated, which
require the model to extract both high-level motion patterns
and fine-grained cues about human pose and activity. The
results show that training the model on both tasks jointly
achieves better performance than learning from an individual
task. A potential reason is that action recognition focuses
more on learning the road context and keypoints features
while trajectory prediction focuses more on learning history
motions and the interactions between target pedestrian and
context agents, which complement and enhance each other.
Auxiliary supervisions We conducted an ablation study on
auxiliary supervisions for keypoints representation learning.



Fig. 5: Visualization of the predicted trajectories. Each row
corresponds to one example, and four columns correspond
to: 1) trajectory prediction of our model with keypoints;
2) trajectory of baseline TNT model; 3) camera patch; 4)
inferred keypoints of the pedestrian. In the first example,
the pedestrian approaches an intersection and waits for the
traffic, and the keypoints provide the information that the
pedestrian is not in a walking pose with two legs straight. Our
model successfully predicts an almost stationary trajectory
(the short bold blue line), while the baseline consistently
predicts the pedestrian to proceed forward. In the example at
the second row, the pedestrian speeds up and starts to walk
on the crosswalk, and the keypoints show a walking pose
thus our model predicts longer trajectories moving forward.

Comparing Ours (AR+TP) and Ours (AR+TP+KJP), we see
that the performance of crossing action recognition improves
by a large margin consistently, which implies the effective-
ness of learning temporal relations in keypoints sequences.
By adding the supervision from the keypoints prediction task,
we can see further improvement in Ours (AR+TP+KJP+KP)
for both tasks, especially in trajectory prediction since KP
encourages the model to learn both macro motions (i.e.,
location) and micro dynamics (i.e., pose and activity) of
the pedestrians. Finally, in Ours (AR+TP+KJP+KP+KCL)
the keypoints contrastive learning leads to higher accuracy
by learning inherent representations and similarity between
keypoints sequences.
Trajectory prediction on WOD The trajectory prediction
metrics of all methods are better on WOD than on the in-
house dataset, because human-labeled bounding boxes are
used for history/future trajectories in WOD experiments,
which means both the model inputs and trajectory super-
vision have smaller error and noise compared to using the
bounding boxes inferred by the model. Compared with the
strong baseline TNT, keypoints information and auxiliary
supervisions improve trajectory prediction performance.

E. Qualitative Analysis
We visualize the predicted trajectories in Fig. 5. It shows

that our model can generate accurate and diverse trajectory
hypotheses. Our model, equipped with a strong keypoints
encoder, is able to capture the action and pose cues of
the pedestrians. We also provide two typical examples in

(a) Crossing prob.: 0.521 (w/o Keypoints) → 0.203 (w/ Keypoints)

(b) Crossing prob.: 0.288 (w/o Keypoints) → 0.608 (w/ Keypoints)

Fig. 6: The visualization of testing cases and a comparison
between the models with/without keypoints information.

Fig. 6 where utilizing human keypoints information enables
the model to capture more subtle patterns of pedestrians’
pose and activity for crossing action recognition. More
specifically, in (a) the model w/ keypoints predicts no
crossing action by utilizing the pose information when the
pedestrian is bending down to pick up stuff even though
he/she is on the road. This activity cannot be captured by
the historical trajectory and context embeddings extracted
by the context encoder. Without the keypoints information,
the model tends to heavily depend on the on-road / off-
road state of pedestrians to determine their crossing actions.
Reducing false alarms on crossing action can help develop
assertive but safe driving strategies for autonomous vehicles.
In (b), the model w/ keypoints accurately predicts positive
crossing action as soon as the pedestrian stops waving and
starts turning to the crossing direction. These activities can be
detected from the motion of the human skeleton earlier than
from the trajectory. The early detection of crossing action
helps autonomous vehicles reduce collision risks.

VI. CONCLUSIONS
In this paper, we demonstrated the first effective utilization

of 3D human keypoints information for pedestrian crossing
action recognition and trajectory prediction in a unified
multi-task learning framework. Our approach captures fine-
grained information of human pose, motion, and activity,
while being efficient to run onboard an autonomous vehicle.
To improve keypoints representation learning, we also pro-
posed to apply auxiliary supervisions which further enhance
the model performance on the two primary tasks. The
framework is validated on an in-house dataset and a public
benchmark dataset. The results show that the co-learning of
two majors tasks outperforms learning individually, and the
model with keypoints information performs better especially
in capturing special human activities and detecting crossing
action early for the pedestrians near the road edge.
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