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(57) Abstract: Methods, computer systems, and apparatus, including computer programs encoded on computer storage media, for
predicting future trajectories for an agent in an environment. A system obtains scene context data characterizing the environment. The
scene context data includes data that characterizes a trajectory of an agent in a vicinity of a vehicle in an environment up to a current
time point. The system identifies a plurality of initial target locations in the environment. The system further generates, for each of
a plurality of target locations that each corresponds to one of the initial target locations, a respective predicted likelihood score that
represents a likelihood that the target location will be an intended final location for a future trajectory of the agent starting from the
current time point. For each target location in a first subset of the target locations, the system generates a predicted future trajectory
for the agent that is a prediction of the future trajectory of the agent given that the target location is the intended final location for the
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AGENT TRAJECTORY PREDICTION USING TARGET LOCATIONS

CROSS-REFERENCE TO RELATED APPLICATION

[001]  This application claims priority to US Provisional Patent Application No.
63/057,717, filed on July 28, 2020, the disclosure of which is hereby incorporated by

reference in its entirety.

BACKGROUND

[002]  This specification relates to predicting the future trajectory of an agent in an

environment.

[003] The environment may be a real-world environment, and the agent may be, e.g., a
vehicle in the environment. Predicting the future trajectories of agents is a task required

for motion planning, e.g., by an autonomous vehicle.

[004]  Autonomous vehicles include self-driving cars, boats, and aircraft. Autonomous
vehicles use a variety of onboard sensors and computer systems to detect nearby objects

and use such detections to make control and navigation decisions.

[005] Some autonomous vehicles have on-board computer systems that implement
neural networks, other types of machine learning models, or both for various prediction
tasks, e.g., object classification within images. For example, a neural network can be used
to determine that an image captured by an onboard camera is likely to be an image of a
nearby car. Neural networks, or for brevity, networks, are machine learning models that
employ multiple layers of operations to predict one or more outputs from one or more
inputs. Neural networks typically include one or more hidden layers situated between an
input layer and an output layer. The output of each layer is used as input to another layer

in the network, e.g., the next hidden layer or the output layer.

[006] Each layer of a neural network specifies one or more transformation operations
to be performed on the input to the layer. Some neural network layers have operations that
are referred to as neurons. Each neuron receives one or more inputs and generates an
output that is received by another neural network layer. Often, each neuron receives inputs

from other neurons, and each neuron provides an output to one or more other neurons.
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[007]  An architecture of a neural network specifies what layers are included in the
network and their properties, as well as how the neurons of each layer of the network are
connected. In other words, the architecture specifies which layers provide their output as

input to which other layers and how the output is provided.

[008]  The transformation operations of each layer are performed by computers having
installed software modules that implement the transformation operations. Thus, a layer
being described as performing operations means that the computers implementing the

transformation operations of the layer perform the operations.

[009]  Each layer generates one or more outputs using the current values of a set of
parameters for the layer. Training the neural network thus involves continually performing
a forward pass on the input, computing gradient values, and updating the current values
for the set of parameters for each layer using the computed gradient values, e.g., using
gradient descent. Once a neural network is trained, the final set of parameter values can be

used to make predictions in a production system.

SUMMARY

[010]  This specification describes a system implemented as computer programs on one
or more computers in one or more locations that generates a trajectory prediction for an
agent, e.g., a vehicle, a cyclist, or a pedestrian, in an environment. For example, the
trajectory prediction may be made by an on-board computer system of an autonomous
vehicle navigating through the environment and the agent may be an agent that has been
detected by the sensors of the autonomous vehicle. The trajectory prediction identifies one
or more likely future trajectories for the agent. A planning system of the vehicle can use
the likely future trajectories for the agent to make planning decisions to plan a future
trajectory of the vehicle, e.g., by generating or modifying the future trajectory to avoid

collisions with any of the likely future trajectories of the agent.

[011]  In one innovative aspect, there is provided a method of predicting trajectories for
an agent. The method is implemented by a system including one or more computers. The
system obtains scene context data characterizing an environment. The scene context data
includes data that characterizes a trajectory of an agent in a vicinity of a vehicle in an
environment up to a current time point. The system identifies a plurality of initial target
locations in the environment. The system further generates, for each of a plurality of target

locations that each corresponds to one of the initial target locations, a respective predicted
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likelihood score that represents a likelihood that the target location will be an intended
final location for a future trajectory of the agent starting from the current time point. For
each target location in a first subset of the target locations, the system generates a
predicted future trajectory for the agent that is a prediction of the future trajectory of the
agent given that the target location is the intended final location for the future trajectory.
The system further selects, as likely future trajectories of the agent starting from the

current time point, one or more of the predicted future trajectories.

[012]  In some implementations, the scene context data further includes data that
characterizes respective trajectories of one or more other agents in the environment up to

the current time point.

[013] In some implementations, the first subset of target locations is a proper subset of
the plurality of target locations, and the system selects the first subset of target locations
by selecting a threshold number of target locations having the highest respective predicted

likelihood scores.

[014]  In some implementations, when identifying the plurality of initial target locations
in the environment, the system divides a region of the environment that is in a vicinity of
the agent into a grid having a plurality of grid points, and selects at least some of the grid

points in the grid as initial target locations.

[015] In some implementations, when identifying the plurality of initial target locations
in the environment, the system obtains road graph data identifying lanes on one or more
roads in the environment, and samples, as initial target locations, points from the identified
lanes. In some implementations, when sampling points from the identified lanes, for each

identified lane, the system samples points on a lane center line of the identified lane.

[016] In some implementations, the system further processes the scene context data
using a context encoding neural network to generate an encoded representation of the
scene context data. In some implementations, when generating a predicted future
trajectory for the agent, the system processes the encoded representation and data
specifying the target location using a motion estimation neural network to generate the

predicted future trajectory.

[017]  In some implementations, the system processes the encoded representation and

data specifying the corresponding initial target location using a target prediction neural
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network to generate a target prediction output that includes the respective predicted

likelihood score.

[018] In some implementations, each target location is the same as the corresponding

initial target location.

[019] In some implementations, the target prediction output further includes data
defining an offset for the corresponding initial target location, and the target location is a
location that is generated by applying the offset to coordinates of the initial target location.
In some implementations, the data defining the offset includes, for each coordinate of the
initial target location, parameters of respective probability distributions over offsets for the
coordinate, and the system generates the offset by sampling from the respective
probability distributions. In some implementations, the data defining the offset includes,

for each coordinate of the initial target location, a respective offset for the coordinate.

[020] In some implementations, when selecting the one or more of the predicted future
trajectories, the system generates a respective refined score for each of the predicted future
trajectories that represents a likelihood that the predicted future trajectory will be the
future trajectory of the agent after the current time point given the scene context data, and
selects one or more of the predicted future trajectories based on the refined scores. In some
implementations, when generating a respective refined score for each of the predicted
future trajectories, the system processes the encoded representation and the predicted
future trajectory using a trajectory scoring neural network to generate the respective

refined score for the predicted trajectory.

[021] In some implementations, when selecting one or more of the predicted future
trajectories, the system first orders the predicted future trajectories according to the
respective refined scores. Then, for each predicted future trajectory starting from a first
predicted trajectory in the order and until a specified number of trajectories have been
selected, the system determines whether the predicted trajectory is more than a threshold
distance distant from all trajectories that have already been selected according to a
distance metric, and selects the predicted trajectory only if the predicted trajectory is more
than a threshold distance distant from all trajectories that have already been selected

according to a distance metric.

[022]  In some implementations, the scene context data is generated from one or more

sensors of a vehicle navigating through the environment.
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[023] In some implementations, the system further provides the likely trajectories to a
planning system of the vehicle to generate planning decisions that plan a future trajectory

of the vehicle.

[024]  In some implementations, each predicted future trajectory includes a respective
predicted state for each of a fixed number of future time points that are after the current
time point, wherein each respective predicted state identifies at least a predicted location

of the agent at the future time point.

[025] In some implementations, each respective predicted state further includes one or
more of a predicted orientation of the agent at the future time point or a predicted velocity
of the agent at the future time point. In some implementations, for each target location, the
respective predicted state for the last future time point in the predicted future trajectory for

the target location identifies the target location.

[026] There is also provided a system including one or more computers and one or
more storage devices storing instructions that when executed by the one or more

computers cause the one or more computers to perform the method described above.

[027]  There is also provided one or more computer storage media storing instructions
that when executed by one or more computers, cause the one or more computers to

perform the method described above.

[028]  The subject matter described in this specification can be implemented in

particular embodiments so as to realize one or more of the following advantages.

[029]  Predicting the future behaviors of moving agents is essential for real-world
applications in robotics and autonomous driving. It is challenging, however, as the intents
of different agents are unknown yet related, leading to highly multimodal distributions of
future behaviors. For example, a vehicle commonly has a multimodal distribution of
futures: it could turn, go straight, slow down, speed up, and so on. Depending on other

scene elements, it could pass, yield, change lanes, or pull into a driveway.

[030]  This specification introduces the notion of targets, which is a quantized set of
future states, such as locations, a fixed time horizon into the future. Compared with latent
intents, targets offer a more attractive option due to their interpretability, which gives the
model designer better control over mode diversity. Compared with explicit representations

like full trajectories, targets are higher level and usually easier to discretize. Moreover, in
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practice, the choice of targets can easily incorporate relevant scene context like the road

topography and traffic light states.

[031] By introducing targets, the mode prediction problem is cast into predicting a
distribution over target states and then formulating a probabilistic model in which
trajectory estimation and likelihood are conditioned on such targets. This decomposes the
problem into three stages: (1) target prediction, which estimates a discrete-continuous
distribution over candidate targets given observation; (2) target conditioned motion
estimation, which predicts the state sequences or their distributions towards each of the
targets; and (3) trajectory scoring and selection, which estimates the likelihoods of
predicted trajectories and selects a final diversified set of predictions. This results in agent
trajectory predictions that are highly accurate, even in environments where the future

behavior of agents is highly multimodal.

[032]  The details of one or more embodiments of the subject matter of this
specification are set forth in the accompanying drawings and the description below. Other
features, aspects, and advantages of the subject matter will become apparent from the
description, the drawings, and the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

[033] FIG. 1 shows an example trajectory prediction system.

[034] FIG. 2A shows an example process for predicting future trajectories for a

vehicle.

[035] FIG. 2B shows an example process for predicting future trajectories for an agent

in the environment.
[036] FIG. 2C shows examples of selected initial target locations for the agent.

[037] FIG. 3 is a flow diagram illustrating an example process for predicting future

trajectories for an agent.

[038] FIG. 4 is a flow diagram illustrating another example process for predicting

future trajectories for an agent.

[039]  Like reference numbers and designations in the various drawings indicate like

elements.
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DETAILED DESCRIPTION

[040]  This specification describes methods, computer systems, and apparatus,
including computer programs encoded on computer storage media, for generating a
trajectory prediction for an agent, e.g., a vehicle, a cyclist, or a pedestrian, in an

environment.

[041]  FIG. 1 shows an example of a trajectory prediction system 100. The system 100
is an example of a system implemented as computer programs on one or more computers
in one or more locations, in which the systems, components, and techniques described

below can be implemented.

[042] In general, the system 100 processes scene context data 110 characterizing an
environment, and predicts likely future trajectories for an agent (e.g., a vehicle, a cyclist,
or a pedestrian) in the environment. For example, the agent can be in a vicinity of a
vehicle, e.g., an autonomous vehicle navigating through the environment. The trajectory
prediction can be made by an on-board computer system of the autonomous vehicle and
the agent can be an agent that has been detected by the sensors of the autonomous vehicle.
The trajectory prediction identifies one or more likely future trajectories for the agent. A
planning system of the vehicle can use the likely future trajectories for the agent to make
planning decisions to plan a future trajectory of the vehicle, e.g., by generating or
modifying the future trajectory to avoid collisions with any of the likely future trajectories
of the agent or otherwise modifying the future trajectory of the vehicle to account for the

likely future behavior of the agent.

[043]  The scene context data 110 includes data that characterizes a trajectory of the
agent in an environment up to a current time point. In some implementations, the context
data can be generated by one or more sensors of an autonomous vehicle. For example, the
sensors (e.g., cameras and LiDAR detectors) of an autonomous vehicle can detect one or
more agents, e.g., other vehicles or pedestrians, in the vicinity of the autonomous vehicle.
The sensors can track the positions of the other vehicles or pedestrians up to the current
time point and generate trajectory data for those agents. The trajectory data can be part of

the scene context data for the trajectory prediction system.

[044] In some implementations, to capture the agent’s interaction with other agents in
the environment, the scene context data 110 further includes data indicating trajectories of

other agents in the environment.
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[045]  To further capture the agent’s interaction with the environment, the scene context
data can also include data indicating scene elements in the environment, such as lanes and
traffic signs in the scene. For example, the scene context data 110 can include road graph
data that indicates the positions of lanes, cross-sections, traffic lights, road signs, etc., in

the environment.

[046] In some implementations, the data indicating the scene elements can be obtained
from the sensors of the vehicle, e.g., from the camera and/or LiDAR images obtained by
the vehicle sensors. In some other implementations, the data indicating the scene elements

can be obtained from available maps or aerial images of the environment.

[047]  In an example, the system 100 converts the data indicating the scene elements
and agent trajectories into a set of polylines and vectors. Each vector can be represented as
[ps, Per > idp] , where p; and p,, are the start point and end point of the vector, f is a
feature vector, which can contain feature type like lane state, and id,, is the polyline index
that the vector belongs to. The system can normalize the vector coordinates to be centered
around the location of the agent at the last observed time step. The system uses the
vectorized representation of the scene context data as input in the subsequent processing

steps.

[048]  The system 100 processes the scene context data 100 using the context encoding

neural network 120 to generate an encoded representation 125 of the scene context data.

[049]  The context encoding neural network 120 can have any suitable architectures. In
one example, map data is available and is included in the scene context data 110. The
system 100 uses a hierarchical graph neural network to encode the vectorized
representation of the scene context data 110. An example of a hierarchical graph neural
network is described in more detail in “VectorNet: Encoding HD Maps and Agent
Dynamics from Vectorized Representation”™ Gao et al. in arXiv: 2005.04259 [cs.CV].
Briefly, the context encoding neural network 120 includes a subgraph network that
encodes each of a plurality of polylines in the vectorized representation of the scene
context data. Each polyline includes a variable number of vectors. The context encoding
neural network 120 further includes a graph neural network to model the interactions
between the polylines. The output of the context encoding neural network 120 is an

encoded context feature x for the agent.
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[050] In another example, the scene context data 110 is represented as one or more
images of the scene. For example, the scene context data 110 can include a top-down
aerial photo of the environment. In this scenario, the context encoding neural network 120
can be a convolutional neural network (e.g., a ResNet) that encodes the imagery data to

generate the encoded representation 125.

[051] The initial target location selection engine 130 identifies a plurality of initial
target locations in the environment. A target location is a likely intended final location of a
future trajectory of the agent starting from the current time point. The initial target

locations are locations the system 100 selects as candidates for the target locations.

[052]  Briefly, in some implementations, the initial target location selection engine 130
divides a region of the environment that is in the vicinity of the agent into a grid having a
plurality of grid points, and selects at least some of the grid points in the grid as initial

target locations.

[053] In some other implementations, the initial target location selection engine 130
obtains road graph data identifying lanes on one or more roads in the environment, and
samples, as initial target locations, points from the identified lanes. For example, for each

identified lane, the system can sample points on a lane center line of the identified lane.

[054]  Examples of selecting initial target locations will be discussed in more detail

below with reference to FIG. 2C.

[055]  The system 100 uses the target prediction neural network 140 to process the
encoded representation 125 and data specifying the initial target locations 135 to generate
a target prediction output 145 for a plurality of target locations. The target prediction
output 145 includes respective predicted likelihood scores for each of the target locations.
The respective predicted likelihood score for a given target location represents the
likelihood that the target location will be the intended final location for a future trajectory

of the agent starting from the current time point.

[056]  Generally, each of the plurality of target locations corresponds to one of the
initial target locations. In some implementations, each of the target locations is the same as
the corresponding initial target location. In some other implementations, the target
prediction output 145 further includes, for each of the plurality of target locations, data
defining an offset for the corresponding initial target location. The data defining the offset

includes, for each coordinate of the initial target location, a respective offset for the
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coordinate. In this case, the target location is a location that is generated by applying the

offset to coordinates of the corresponding initial target location.

[057]  For example, the data defining the offset can include, for each coordinate of the
initial target location, parameters of respective probability distributions over offsets for the
coordinate. The system 100 can then generate the offset by sampling from the respective

probability distributions.

[058] In one example, target locations 7 are defined as the locations the agent is likely
to be at a fixed time horizon T. In this context, the system 100 aims to provide a
distribution of future targets of the agent (7'|x) . The system 100 models the potential
future targets via a set of N discrete, quantized locations with continuous offsets: T =
{t"} = {(x™, y™) + (A x™ A yM)IV_, . The coordinate (x", y™) represents the n-th initial
target location. The distribution over the target locations can then be modeled via a

discrete-continuous factorization:
P(E[%) = m(@x) - V(A " WEE) - V(A y ). )

where (t™|x) = exp f (", x)/ Y, exp f (7', x) is a discrete distribution over location
choices (x™, y™) . The terms V' ( L/ (-)) denote a generalized normal distribution with

Huber as the distance function. The mean of the distribution is denoted as v(+).

[059]  The system 100 can implement the Eq. (1) as the target prediction neural network
140. The functions f () and v(-) can be implemented with any appropriate trainable
model, for example with a multilayer perceptron (MLP) neural network, with target
coordinates (x¥, y*) and the scene context feature X as inputs. The output of the target
prediction neural network 140 predicts a discrete distribution over target locations and

their most likely offsets.

[060]  The loss function for training the model is given by

nAxY AyY
Lsy = Logs(m,0) + Loraer(Uy, Lo 47 (2)

where Ls is cross-entropy, Logset 1S the Huber loss; u is the target closest to the ground
truth location, and A x%*, A y* are the spatial offsets of u from the ground truth. For each

initial target location, the system 100 produces a tuple of (7,A x,A y).

10
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[061] In some implementations, the system can first sample a large number of initial
target locations as input to the target prediction neural network, e.g. N = 1000, to increase
the coverage of the potential future locations. Then, the system 100 can select a smaller
number of outputs, e.g. M = 50 based on the predicted likelihood scores, for further
processing. For example, the system 100 can select a subset of the target locations by
selecting a threshold number of target locations having the highest respective predicted

likelihood scores.

[062]  The system uses the motion estimation neural network 150 to process the
encoded representation 125 and data specifying the target locations 145 to generate the

predicted future trajectories 155 for the target locations.

[063]  Specifically, for each target location in the subset of selected target locations, the
system generates a predicted future trajectory for the agent. The predicted future trajectory
for the agent is a prediction of the future trajectory of the agent given that the target

location is the intended final location for the future trajectory.

[064] In some implementations, each predicted future trajectory includes a respective
predicted state for each of a fixed number of future time points that are after the current
time point. Each respective predicted state identifies at least a predicted location of the
agent at the future time point. The respective predicted state can further indicate other
motion information of the agent at the time points, such as predicted heading direction and
velocity. For each target location, the respective predicted state for the last future time

point in the predicted future trajectory for the target location identifies the target location.

[065] The motion estimation neural network 150 can be any appropriate neural
network, such as an MLP neural network. In an example, the motion estimation neural
network is a 2-layer MLP neural network. The neural network takes the encoded context
feature x and a target location 7 as input, and outputs one most likely future trajectory

[$1, ..., S7] per target location. During training, the loss term for motion estimation neural

network is the distance between predicted states §; and ground truth s;:

Lg) = Zgzl ['reg (St se) 3

where Lqg is implemented as Huber loss over per-step coordinate offsets.

11
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[066] In some implementations, each respective predicted state further includes one or
more of a predicted orientation of the agent at the future time point or a predicted velocity

of the agent at the future time point.

[067]  The system 100 uses the trajectory scoring neural network 160 to process the
encoded representation and the predicted future trajectories to generate respective refined

trajectory scores 165 for the predicted trajectories.

[068] In an example, the system 100 uses a maximum entropy model to score all the M

selected trajectories:

exp (g(sp.x))
4
ST pry @

e(splx) =

[069]  The system 100 can implement Eq. (4) as the trajectory scoring neural network
160. The function g(:) can be implemented as an MLP (e.g., a 2-layer MLP).

[070]  The loss term for training the trajectory scoring neural network 160 can be the

cross-entropy between the predicted scores and ground truth scores,
Lgz = Leg (‘P(5F|X); 1/J(5F)) 5 &)

where the ground truth score of each predicted trajectory is defined by its distance to
ground truth trajectory ¥ (sp) = exp (=D(s,s¢r)/a)/ Xs, exp (=D(s’, s¢r)/a) , where

D(+) is in meters and « is the temperature. The distance metric is defined as (si, s/ ) =
i J i j
max (||s — s{ |13 [Isf = s{113) -

[071]  The trajectory selection engine 170 selects one or more predicted future
trajectories based on the refined scores. In some implementations, the trajectory selection
engine 170 adopts a trajectory selection strategy to reject near-duplicate trajectories.
Concretely, the trajectory selection engine 170 can first sort the predicted future
trajectories according to the respective refined scores, e.g., in descending order. Next, for
each predicted future trajectory starting from a first predicted trajectory in the order and
until a specified number of trajectories (e.g., K trajectories) have been selected, the
trajectory selection engine 170 determines whether the predicted trajectory is more than a
threshold distance from all trajectories that have already been selected according to a
distance metric, and selects the predicted trajectory only if the predicted trajectory is more

than a threshold distance distant from all trajectories that have already been selected

12
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according to a distance metric. In some implementations, the trajectory selection engine

170 can use the same distance metric used in the scoring process.

[072]  The target prediction neural network 140, the motion estimation neural network
150, and the trajectory scoring neural network 160 can be trained in an end-to-end training

process, with a total loss function

L =ML+ ALy + A3Ls3, (6)

where 44, 4,, A3 are chosen to balance the training process. In other words, the neural
networks 140, 150, and 160 can be trained jointly with a total loss that combines the

respective independent losses of the three networks.

[073] FIG. 2A shows a process for predicting future trajectories for a vehicle. For
convenience, the process will be described as being performed by a system of one or more
computers located in one or more locations. For example, a trajectory prediction system,
e.g., the trajectory prediction system 100 of FIG. 1, appropriately programmed in
accordance with this specification, can perform the process to predict future trajectories of

the vehicle.

[074]  In particular, FIG. 2A illustrates results in target prediction 245, motion
estimation 255, and trajectory scoring and selection 265. The target prediction result 245
includes a set of target locations (stars) among all initial target locations (the set that
includes both diamonds and stars). The motion estimation result 255 includes predicted
trajectories toward each selected target location. The trajectory scoring and selection result
265 includes respective predicted refined scores for the selected target locations, and a

selection of a final set of predicted trajectories according to the predicted refined scores.

[075]  FIG. 2B shows a process for predicting future trajectories for an agent, e.g., the
vehicle 212 in the environment 215. There are one or more other agents (“context agents™)
(e.g., the vehicle 214) in the environment whose behavior can influence the future
behavior of the agent 212. For convenience, the process will be described as being
performed by a system of one or more computers located in one or more locations. For
example, a trajectory prediction system, e.g., the trajectory prediction system 100 of FIG.
1, appropriately programmed in accordance with this specification, can perform the

process to predict future trajectories of the agent 212.
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[076]  The process includes the steps of context encoding 220, target prediction 240,

motion estimation 250, and trajectory scoring 260.

[077]  In context encoding 220, the system uses a first neural network (e.g., the context

encoding neural network) to generate feature representation of scene context data.

[078]  In target prediction 240, the system uses a second neural network (e.g., the target
prediction neural network), to generate respective predicted likelihood scores and target

offsets for a set of target locations.

[079]  In motion estimation 250, the system uses a third neural network (e.g., the
motion estimation neural network), to generate a predicted trajectory for each target

location.

[080] In trajectory scoring 260, the system generates respective predicted refined

scores for the selected target locations and outputs a final set of K predicted trajectories.

[081] FIG. 2C shows examples of selected initial target locations for the agent. For
convenience, the selection process will be described as being performed by a system of
one or more computers located in one or more locations. For example, a target selection
engine, e.g., the initial target location selection engine 130 of FIG. 1, appropriately
programmed in accordance with this specification, can perform the process to select the

initial target locations.

[082]  In the first example 235a, the agent 212a is a vehicle. The target selection engine
selects the initial target locations from the lane centerlines. In an example, the target
selection engine can determine a closest lane to the agent by extrapolating using motion
estimation based on the current location and the heading direction of the agent, and sample
a plurality of points on the centerline of the closest lane as the initial target locations. The
manner of sampling locations from the lane centerline depends on the specific application
and the motion characteristics of the agent. In one example, the target selection engine
samples at least one point every meter along the lane centerlines identified in the scene

context data for the agent (a vehicle).

[083] In the second example 235b, the agent 212b is a pedestrian. The target selection
engine divides a region of the environment that is in a vicinity of the agent into a grid
having a plurality of grid points, and selects at least some of the grid points in the grid as
initial target locations. In an example, the target selection engine selects the grid points

based on the current location and heading direction of the agent. The size and resolution of
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the grid can be selected according to the specific application and the motion characteristics
of the agent. In one example, the target selection engine uses a uniform rectangular 2D
grid (e.g.10mx10m total size) around the agent (a pedestrian), with a cell size of ImxIlm

(e.g.l1m X Im).

[084] FIG. 3 is a flow diagram illustrating an example process 300 for predicting future
trajectories of an agent. For convenience, the process 300 will be described as being
performed by a system of one or more computers located in one or more locations. For
example, a trajectory prediction system, e.g., the trajectory prediction system 100 of FIG.
1, appropriately programmed in accordance with this specification, can perform the

process 300 to predict future trajectories of the agent.

[085] Instep 310, the system obtains scene context data characterizing an environment.
The scene context data includes data that characterizes a trajectory of an agent in an
environment up to a current time point. The agent can be in a vicinity of a vehicle, e.g., an

autonomous vehicle, navigating the environment.

[086] In some implementations, the context data can be generated by one or more
sensors of the vehicle. For example, the sensors (e.g., cameras and LiDAR detectors) of an
autonomous vehicle can detect one or more agents, e.g., other vehicles or pedestrians, in
the vicinity of the autonomous vehicle. The sensors can track the positions of the other
vehicles or pedestrians up to the current time point and generate trajectory data for those
agents. The trajectory data can be part of the scene context data for the trajectory

prediction system.

[087] In some implementations, to capture the agent's interaction with other agents in
the environment, the scene context data further includes data indicating trajectories of
other agents in the environment. To further capture the agent's interaction with the
environment, the scene context data also includes data indicating scene elements in the

environment, such as lanes and traffic signs in the scene.

[088] In some implementations, the data indicating the scene elements can be obtained
from the sensors of the vehicles, e.g., from the camera and/or LIDAR images obtained by
the vehicle sensors. In some other implementations, the data indicating the scene elements

can be obtained from available maps or aerial images of the environment.

[089] In step 320, the system identifies a plurality of initial target locations in the

environment. Examples of selecting initial target locations are discussed with reference to
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FIG. 2C. Briefly, in some implementations, the system divides a region of the environment
that is in the vicinity of the agent into a grid having a plurality of grid points, and selects at
least some of the grid points in the grid as initial target locations. In some other
implementations, the system obtains road graph data identifying lanes on one or more
roads in the environment, and samples, as initial target locations, points from the identified
lanes. For example, for each identified lane, the system can sample points on a lane center

line of the identified lane.

[090] In step 330, the system generates respective predicted likelihood scores for a
plurality of target locations. Each of the plurality of target locations corresponds to one of
the initial target locations. The respective predicted likelihood score for a given target
location represents a likelihood that the target location will be an intended final location

for a future trajectory of the agent starting from the current time point.

[091]  Details of generating the respective predicted likelihood scores for the target
locations according to certain implementations will be discussed with reference to FIG. 4.
Briefly, in some implantations, each target location is the same as the corresponding initial
target location. That is, the system generates respective predicted likelihood scores for the
initial target locations to predict the likelihood that a specific initial target location will be
an intended final location for a future trajectory of the agent starting from the current time
point. In some other implementations, one or more of the target locations eave have
respective offsets from the corresponding initial target locations, and the system predicts

the respective offsets as well as the likelihood scores.

[092] In step 340, the system generates respective predicted future trajectories for the
target locations. Specifically, for each target location in a subset of the target locations, the
system generates a predicted future trajectory for the agent. The predicted future trajectory
for the agent is a prediction of the future trajectory of the agent given that the target

location is the intended final location for the future trajectory.

[093] In some implementations, each predicted future trajectory includes a respective
predicted state for each of a fixed number of future time points that are after the current
time point. Each respective predicted state identifies at least a predicted location of the
agent at the future time point. For each target location, the respective predicted state for
the last future time point in the predicted future trajectory for the target location identifies

the target location.
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[094] In some implementations, each respective predicted state further includes one or
more of a predicted orientation of the agent at the future time point or a predicted velocity

of the agent at the future time point.

[095] In some implementations, the subset of target locations is a proper subset of the
plurality of target locations. The system selects the subset of target locations by selecting a
threshold number of target locations having the highest respective predicted likelihood

SCOres.

[096] Details of generating the respective predicted future trajectories for the target

locations according to certain implementations will be discussed with reference to FIG. 4.

[097] In step 340, the system selects one or more predicted future trajectories as likely

future trajectories of the agent.

[098] In some implementations, the system generates a respective refined score for
each of the predicted future trajectories that represents a likelihood that the predicted
future trajectory will be the future trajectory of the agent after the current time point given
the scene context data; and selects one or more of the predicted future trajectories based on

the refined scores.

[099] For example, when selecting one or more of the predicted future trajectories, the
system can first sort the predicted future trajectories according to the respective refined
scores. Next, for each predicted future trajectory starting from a first predicted trajectory
in the order and until a specified number of trajectories have been selected, the system
determines whether the predicted trajectory is more than a threshold distance
distant from all trajectories that have already been selected according to a distance metric,
and selects the predicted trajectory only if the predicted trajectory is more than a threshold
distance distant from all trajectories that have already been selected according to a

distance metric.

[100]  FIG. 4 is a flow diagram illustrating another example process 400 for predicting
future trajectories of an agent. For convenience, the process 400 will be described as being
performed by a system of one or more computers located in one or more locations. For
example, a trajectory prediction system, e.g., the trajectory prediction system 100 of FIG.
1, appropriately programmed in accordance with this specification, can perform the

process 400 to predict future trajectories of the agent.
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[101]  In step 410, the system obtains scene context data characterizing an environment.
The scene context data includes data that characterizes a trajectory of an agent in an
environment up to a current time point. The agent can be in a vicinity of a vehicle, e.g., an

autonomous vehicle, navigating the environment.

[102] In some implementations, the context data can be generated by one or more
sensors of the vehicle. For example, the sensors (e.g., cameras and LiDAR detectors) of an
autonomous vehicle can detect one or more agents, e.g., other vehicles or pedestrians, in
the vicinity of the autonomous vehicle. The sensors can track the positions of the other
vehicles or pedestrians up to the current time point and generate trajectory data for those
agents. The trajectory data can be part of the scene context data for the trajectory

prediction system.

[103] In some implementations, to capture the agent’s interaction with other agents in
the environment, the scene context data further includes data indicating trajectories of
other agents in the environment. To further capture the agent’s interaction with the
environment, the scene context data also includes data indicating scene elements in the

environment, such as lanes and traffic signs in the scene.

[104]  In some implementations, the data indicating the scene elements can be obtained
from the sensors of the vehicles, e.g., from the camera and/or LIiDAR images obtained by
the vehicle sensors. In some other implementations, the data indicating the scene elements

can be obtained from available maps or aerial images of the environment.

[105]  Instep 415, the system processes the scene context data using a context encoding

neural network to generate an encoded representation of the scene context data.

[106] The system can use any suitable context encoder to encode the scene context
data. In one example, map data is available and is included in the scene context data. The
system generates the vectorized representation of the scene context data and uses a
hierarchical graph neural network to encode the vectorized representation. Briefly, the
system applies a subgraph network to encode each of a plurality of polylines in the
vectorized representation of the scene context data. Each polyline includes a variable
number of vectors. The system further uses a global graph to model the interactions

between polylines. The output is an encoded context feature X for each modeled agent.

[107]  In another example, the scene context data is represented as one or more images

of the scene. For example, the scene context data can include a top-down aerial photo of
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the environment. In this scenario, the context encoding neural network can be a
convolutional neural network (e.g., a ResNet) that encodes the imagery data to generate

the encoded representation.

[108] In step 420, the system identifies a plurality of initial target locations in the
environment. Examples of selecting initial target locations are discussed with reference to
FIG. 2C. Briefly, in some implementations, the system divides a region of the environment
that is in the vicinity of the agent into a grid having a plurality of grid points, and selecting
at least some of the grid points in the grid as initial target locations. In some other
implementations, the system obtains road graph data identifying lanes on one or more
roads in the environment, and samples, as initial target locations, points from the identified
lanes. For example, for each identified lane, the system can sample points on a lane center

line of the identified lane.

[109]  In step 430, the system processes the encoded representation and data specifying
the initial target locations using a target prediction neural network to generate a target
prediction output for a plurality of target locations. The target prediction output includes
the respective predicted likelihood scores for the target locations. Each of the plurality of
target locations corresponds to one of the initial target locations. The respective predicted
likelihood score represents a likelihood that the target location will be an intended final

location for a future trajectory of the agent starting from the current time point.

[110]  In some implementations, the target prediction output further includes data
defining an offset for the corresponding initial target location. The data defining the offset
includes, for each coordinate of the initial target location, a respective offset for the
coordinate. The target location is a location that is generated by applying the offset to

coordinates of the initial target location.

[111]  For example, the data defining the offset can include, for each coordinate of the
initial target location, parameters of respective probability distributions over offsets for the
coordinate. The system can further generate the offset by sampling from the respective

probability distributions.

[112]  In some implementations, the system can first sample a large number of initial
target locations as input to the target prediction neural network, e.g. N = 1000, to increase
the coverage of the potential future locations. Then, the system can select a smaller

number of outputs, e.g. M = 50 based on the predicted likelihood scores, for further
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processing. For example, the system can select a subset of the target locations by selecting
a threshold number of target locations having the highest respective predicted likelihood

SCOres.

[113]  In step 440, the system processes the encoded representation and data specifying
the target locations using a motion estimation neural network to generate predicted future
trajectories for the target locations. Specifically, for each target location in a subset of the
target locations, the system generates a predicted future trajectory for the agent. The

predicted future trajectory for the agent is a prediction of the future trajectory of the agent

given that the target location is the intended final location for the future trajectory.

[114]  In some implementations, each predicted future trajectory includes a respective
predicted state for each of a fixed number of future time points that are after the current
time point. Each respective predicted state identifies at least a predicted location of the
agent at the future time point. For each target location, the respective predicted state for
the last future time point in the predicted future trajectory for the target location identifies

the target location.

[115]  The motion estimation neural network can be any appropriate neural network,
such as an MLP neural network. In an example, the motion estimation neural network is a
2-layer MLP neural network. The neural network takes the encoded context feature x and
a target location 7 as input, and outputs one most likely future trajectory [y, ..., $7] per

target location.

[116] In some implementations, each respective predicted state further includes one or
more of a predicted orientation of the agent at the future time point or a predicted velocity

of the agent at the future time point.

[117]  In step 452, the system processes the encoded representation and the predicted
future trajectories using a trajectory scoring neural network to generate respective refined
scores for the predicted trajectories. The trajectory scoring neural network can be any
appropriate neural network. In one example, the trajectory scoring neural network is an

MLP neural network.

[118]  In step 454, the system selects one or more predicted future trajectories based on

the refined scores.
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[119]  In some implementations, the system adopts a trajectory selection strategy to
reject near-duplicate trajectories. Concretely, the system can first sort the predicted future
trajectories according to the respective refined scores, e.g., in descending order. Next, for
each predicted future trajectory starting from a first predicted trajectory in the order and
until a specified number of trajectories (e.g., K trajectories) have been selected, the system
determines whether the predicted trajectory is more than a threshold distance from all
trajectories that have already been selected according to a distance metric, and selects the
predicted trajectory only if the predicted trajectory is more than a threshold distance
distant from all trajectories that have already been selected according to a distance metric.
In some implementations, the system can use the same distance metric used in the scoring

process.

[120]  This specification uses the term “configured” in connection with systems and
computer program components. For a system of one or more computers to be configured
to perform particular operations or actions means that the system has installed on it
software, firmware, hardware, or a combination of them that in operation cause the system
to perform the operations or actions. For one or more computer programs to be configured
to perform particular operations or actions means that the one or more programs include
instructions that, when executed by data processing apparatus, cause the apparatus to
perform the operations or actions. Embodiments of the subject matter and the functional
operations described in this specification can be implemented in digital electronic
circuitry, in tangibly-embodied computer software or firmware, in computer hardware,
including the structures disclosed in this specification and their structural equivalents, or in
combinations of one or more of them. Embodiments of the subject matter described in this
specification can be implemented as one or more computer programs, i.e., one or more
modules of computer program instructions encoded on a tangible non transitory storage
medium for execution by, or to control the operation of, data processing apparatus. The
computer storage medium can be a machine-readable storage device, a machine-readable
storage substrate, a random or serial access memory device, or a combination of one or
more of them. Alternatively or in addition, the program instructions can be encoded on an
artificially generated propagated signal, e.g., a machine-generated electrical, optical, or
electromagnetic signal, that is generated to encode information for transmission to suitable

receiver apparatus for execution by a data processing apparatus.
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[121]  The term “data processing apparatus” refers to data processing hardware and
encompasses all kinds of apparatus, devices, and machines for processing data, including
by way of example a programmable processor, a computer, or multiple processors or
computers. The apparatus can also be, or further include, special purpose logic circuitry,
e.g., an FPGA (field programmable gate array) or an ASIC (application specific integrated
circuit). The apparatus can optionally include, in addition to hardware, code that creates an
execution environment for computer programs, e.g., code that constitutes processor
firmware, a protocol stack, a database management system, an operating system, or a

combination of one or more of them.

[122] A computer program, which may also be referred to or described as a program,
software, a software application, an app, a module, a software module, a script, or code,
can be written in any form of programming language, including compiled or interpreted
languages, or declarative or procedural languages; and it can be deployed in any form,
including as a stand-alone program or as a module, component, subroutine, or other units
suitable for use in a computing environment. A program may, but need not, correspond to
afile in a file system. A program can be stored in a portion of a file that holds other
programs or data, e.g., one or more scripts stored in a markup language document, in a
single file dedicated to the program in question, or in multiple coordinated files, e.g., files
that store one or more modules, sub programs, or portions of code. A computer program
can be deployed to be executed on one computer or on multiple computers that are located
at one site or distributed across multiple sites and interconnected by a data communication

network.

[123]  In this specification, the term “database” is used broadly to refer to any collection
of data: the data does not need to be structured in any particular way, or structured at all,
and it can be stored on storage devices in one or more locations. Thus, for example, the
index database can include multiple collections of data, each of which may be organized

and accessed differently.

[124]  Similarly, in this specification, the term “engine” is used broadly to refer to a
software-based system, subsystem, or process that is programmed to perform one or more
specific functions. Generally, an engine will be implemented as one or more software
modules or components, installed on one or more computers in one or more locations. In
some cases, one or more computers will be dedicated to a particular engine; in other cases,

multiple engines can be installed and running on the same computer or computers.
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[125]  The processes and logic flows described in this specification can be performed
by one or more programmable computers executing one or more computer programs to
perform functions by operating on input data and generating output. The processes and
logic flows can also be performed by special purpose logic circuitry, e.g., an FPGA or an
ASIC, or by a combination of special purpose logic circuitry and one or more programmed

computers.

[126] Computers suitable for the execution of a computer program can be based on
general or special purpose microprocessors or both, or any other kind of central processing
unit. Generally, a central processing unit will receive instructions and data from a read-
only memory or a random access memory or both. The essential elements of a computer
are a central processing unit for performing or executing instructions and one or more
memory devices for storing instructions and data. The central processing unit and the
memory can be supplemented by, or incorporated in, special purpose logic circuitry.
Generally, a computer will also include, or be operatively coupled to receive data from or
transfer data to, or both, one or more mass storage devices for storing data, e.g., magnetic,
magneto-optical disks, or optical disks. However, a computer need not have such devices.
Moreover, a computer can be embedded in another device, e.g., a mobile telephone, a
personal digital assistant (PDA), a mobile audio or video player, a game console, a Global
Positioning System (GPS) receiver, or a portable storage device, e.g., a universal serial bus

(USB) flash drive, to name just a few.

[127]  Computer-readable media suitable for storing computer program instructions and
data include all forms of nonvolatile memory, media, and memory devices, including by
way of example semiconductor memory devices, e.g., EPROM, EEPROM, and flash
memory devices; magnetic disks, e.g., internal hard disks or removable disks; magneto-

optical disks; and CD ROM and DVD-ROM disks.

[128]  To provide for interaction with a user, embodiments of the subject matter
described in this specification can be implemented on a computer having a display device,
e.g., a CRT (cathode ray tube) or LCD (liquid crystal display) monitor, for displaying
information to the user and a keyboard and a pointing device, e.g., a mouse or a trackball,
by which the user can provide input to the computer. Other kinds of devices can be used to
provide for interaction with a user as well; for example, feedback provided to the user can
be any form of sensory feedback, e.g., visual feedback, auditory feedback, or tactile

feedback; and input from the user can be received in any form, including acoustic, speech,

23



WO 2022/035602 PCT/US2021/043541

or tactile input. In addition, a computer can interact with a user by sending documents to
and receiving documents from a device that is used by the user; for example, by sending
web pages to a web browser on a user’s device in response to requests received from the
web browser. Also, a computer can interact with a user by sending text messages or other
forms of message to a personal device, e.g., a smartphone that is running a messaging

application, and receiving responsive messages from the user in return.

[129]  Data processing apparatus for implementing machine learning models can also
include, for example, special-purpose hardware accelerator units for processing common
and compute-intensive parts of machine learning training or production, i.e., inference,

workloads.

[130]  Machine learning models can be implemented and deployed using a machine
learning framework, e.g., a TensorFlow framework, a Microsoft Cognitive Toolkit

framework, an Apache Singa framework, or an Apache MXNet framework.

[131] Embodiments of the subject matter described in this specification can be
implemented in a computing system that includes a back end component, e.g., as a data
server, or that includes a middleware component, e.g., an application server, or that
includes a front end component, e.g., a client computer having a graphical user interface, a
web browser, or an app through which a user can interact with an implementation of the
subject matter described in this specification, or any combination of one or more such
back end, middleware, or front end components. The components of the system can be
interconnected by any form or medium of digital data communication, e.g., a
communication network. Examples of communication networks include a local area

network (LAN) and a wide area network (WAN), e.g., the Internet.

[132]  The computing system can include clients and servers. A client and server are
generally remote from each other and typically interact through a communication network.
The relationship between client and server arises by virtue of computer programs running
on the respective computers and having a client-server relationship with each other. In
some embodiments, a server transmits data, e.g., an HTML page, to a user device, e.g., for
purposes of displaying data to and receiving user input from a user interacting with the
device, which acts as a client. Data generated at the user device, e.g., a result of the user

interaction, can be received at the server from the device.
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[133]  While this specification contains many specific implementation details, these
should not be construed as limitations on the scope of any invention or on the scope of
what may be claimed, but rather as descriptions of features that may be specific to
particular embodiments of particular inventions. Certain features that are described in this
specification in the context of separate embodiments can also be implemented in
combination in a single embodiment. Conversely, various features that are described in the
context of a single embodiment can also be implemented in multiple embodiments
separately or in any suitable subcombination. Moreover, although features may be
described above as acting in certain combinations and even initially be claimed as such,
one or more features from a claimed combination can in some cases be excised from the
combination, and the claimed combination may be directed to a subcombination or

variation of a subcombination.

[134]  Similarly, while operations are depicted in the drawings and recited in the claims
in a particular order, this should not be understood as requiring that such operations be
performed in the particular order shown or in sequential order, or that all illustrated
operations be performed, to achieve desirable results. In certain circumstances,
multitasking and parallel processing may be advantageous. Moreover, the separation of
various system modules and components in the embodiments described above should not
be understood as requiring such separation in all embodiments, and it should be
understood that the described program components and systems can generally be

integrated into a single software product or packaged into multiple software products.

[135]  Particular embodiments of the subject matter have been described. Other
embodiments are within the scope of the following claims. For example, the actions
recited in the claims can be performed in a different order and still achieve desirable
results. As one example, the processes depicted in the accompanying figures do not
necessarily require the particular order shown, or sequential order, to achieve desirable

results. In some cases, multitasking and parallel processing may be advantageous.

What is claim is:
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CLAIMS

1. A method performed by one or more computers, the method comprising;

obtaining scene context data characterizing an environment, the scene context data
comprising data that characterizes a trajectory of an agent in a vicinity of a vehicle in an
environment up to a current time point;

identifying a plurality of initial target locations in the environment;

generating, for each of a plurality of target locations that each corresponds to one
of the initial target locations, a respective predicted likelihood score that represents a
likelihood that the target location will be an intended final location for a future trajectory
of the agent starting from the current time point;

for each target location in a first subset of the target locations, generating a
predicted future trajectory for the agent that is a prediction of the future trajectory of the
agent given that the target location is the intended final location for the future trajectory;
and

selecting, as likely future trajectories of the agent starting from the current time

point, one or more of the predicted future trajectories.

2. The method of claim 1, wherein the scene context data further comprises data that
characterizes respective trajectories of one or more other agents in the environment up to

the current time point.

3. The method of any preceding claim, wherein the first subset of target locations is a

proper subset of the plurality of target locations.

4, The method of claim 3, further comprising selecting the first subset of target
locations by selecting a threshold number of target locations having the highest respective

predicted likelihood scores.

5. The method of any preceding claim, wherein identifying the plurality of initial
target locations in the environment comprises:

dividing a region of the environment that is in a vicinity of the agent into a grid
having a plurality of grid points; and

selecting at least some of the grid points in the grid as initial target locations.
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6. The method of any preceding claim, wherein identifying the plurality of initial
target locations in the environment comprises:

obtaining road graph data identifying lanes on one or more roads in the
environment; and

sampling, as initial target locations, points from the identified lanes.

7. The method of claim 6, wherein sampling points from the identified lanes
comprises:

for each identified lane, sampling points on a lane center line of the identified lane.

8. The method of any preceding claim, further comprising:
processing the scene context data using a context encoding neural network to

generate an encoded representation of the scene context data.

9. The method of claim 8, wherein generating a predicted future trajectory for the
agent that is a prediction of the future trajectory of the agent given that the target location
is the intended final location for the future trajectory comprises:

processing the encoded representation and data specifying the target location using

a motion estimation neural network to generate the predicted future trajectory.

10.  The method of any one of claims 8 or 9, wherein generating, for each of a plurality
of target locations that each corresponds to one of the initial target locations, a respective
predicted likelihood score that represents a likelihood that the target location will be an
intended final location for a future trajectory of the agent starting from the current time
point comprises:

processing the encoded representation and data specifying the corresponding initial
target location using a target prediction neural network to generate a target prediction

output that comprises the respective predicted likelihood score.

11.  The method of any preceding claim, wherein each target location is the same as the

corresponding initial target location.
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12. The method of claim 10, wherein the target prediction output further comprises
data defining an offset for the corresponding initial target location, and wherein the target
location is a location that is generated by applying the offset to coordinates of the initial

target location.

13. The method of claim 12, wherein the data defining the offset comprises, for each
coordinate of the initial target location, parameters of respective probability distributions
over offsets for the coordinate, and wherein the method further comprises generating the

offset by sampling from the respective probability distributions.

14. The method of claim 12, wherein the data defining the offset comprises, for each

coordinate of the initial target location, a respective offset for the coordinate.

15. The method of any one of claims 8-14, wherein selecting, as likely future
trajectories of the agent starting from the current time point, one or more of the predicted
future trajectories comprises:

generating a respective refined score for each of the predicted future trajectories
that represents a likelihood that the predicted future trajectory will be the future trajectory
of the agent after the current time point given the scene context data; and

selecting one or more of the predicted future trajectories based on the refined

SCOres.

16. The method of claim 15, wherein generating a respective refined score for each of
the predicted future trajectories that represents a likelihood that the predicted future
trajectory will be the future trajectory of the agent after the current time point given the
scene context data comprises:

processing the encoded representation and the predicted future trajectory using a
trajectory scoring neural network to generate the respective refined score for the predicted

trajectory.
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17.  The method of any one of claims 15 or 16, wherein selecting one or more of the
predicted future trajectories comprises:
ordering the predicted future trajectories according to the respective refined scores;
and
for each predicted future trajectory starting from a first predicted trajectory in the
order and until a specified number of trajectories have been selected:
determining whether the predicted trajectory is more than a threshold
distance from all trajectories that have already been selected according to a distance
metric; and
selecting the predicted trajectory only if the predicted trajectory is more
than a threshold distance from all trajectories that have already been selected according to

a distance metric.

18.  The method of any preceding claim, wherein the scene context data is generated

from one or more sensors of a vehicle navigating through the environment.

19. The method of claim 18, further comprising providing the likely trajectories to a
planning system of the vehicle to generate planning decisions that plan a future trajectory

of the vehicle.

20. The method of any preceding claim, wherein each predicted future trajectory
includes a respective predicted state for each of a fixed number of future time points that
are after the current time point, wherein each respective predicted state identifies at least a

predicted location of the agent at the future time point.

21. The method of claim 20, wherein each respective predicted state further comprises
one or more of a predicted orientation of the agent at the future time point or a predicted

velocity of the agent at the future time point.
22. The method of claim 20 or 21, wherein, for each target location, the respective

predicted state for the last future time point in the predicted future trajectory for the target

location identifies the target location.
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23. A system comprising:

one or more computers; and

one or more storage devices storing instructions that, when executed by the one or
more computers, cause the one or more computers to perform the respective operations of

any one of claims 1-21.
24, One or more computer-readable storage media storing instructions that when

executed by one or more computers cause the one or more computers to perform the

respective operations of the method of any one of claims 1-21.
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