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USING A MACHINE-TRAINED MODEL THAT PROVIDES AN ESTIMATED TIME-
OF-ARRIVAL AND DISTRIBUTION PARAMETERS

BACKGROUND
[0001] Routing engines commonly generate a candidate route and a single-value estimate of
how long a vehicle will take to traverse the route. This value is commonly referred to as an
estimated time-of-arrival (ETA). Routing engines, however, sometimes generate unreliable ETA
information. For instance, in some cases, routing engines are subject to inaccuracies caused by
accumulated errors. Alternatively. or in addition, routing engines may generate unreliable results
due to noisy traffic data. To address this problem, some trip-planning systems use a post-
processing module that is designed to provide a more reliable time-of-arrival estimate for a trip.
In this type of trip-planning system, the routing engine generates a candidate route, and the post-
processing module provides a value that specifies the time required to traverse the route.
[0002] Mapping systems may nevertheless generate unreliable ETA values even with the
inclusion of a post-processing module. A person who relies on such ETA information risks
arriving too early or late at a target destination. This problem generally results in inefficient
navigation over physical space.

SUMMARY

[0003] A technique is described herein for generating estimated time-of-arrival (ETA)
information to assist in navigating from one physical location to another. In some
implementations, the technique uses a computer-implemented route-finding engine to identifv a
route between a specified starting location and an ending location of a trip. The route includes a
sequence of route segments. The technique then uses a machine-trained model to map information
regarding the route segments to ETA information. The machine-trained model corresponds to a
neural network that is trained based on a loss function that models the ETA information using, in
part, a mixture of two or more distributions (also referred to herein as a mixture distribution). For
example, the mixture of distributions corresponds to a mixture of normal distributions or a mixture
of lognormal distributions.
[0004] According to other illustrative aspects, the ETA information produced by the machine-
trained model has plural parts. One part provides an estimate of a time-of-arrival for the trip as a
whole. Another part provides an estimate of parameters that describe the two or more distributions.
For example, the parameters provide the mean and standard deviation of each distribution in the
mixture distribution.
[0005] According to other illustrative aspects, the machine-trained model operates by:

providing input information that describes distances and features associated with the sequence of
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segments in the route; mapping the input information to a plurality of segment embeddings using
attention logic; and mapping the segment embeddings and a set of trip features to the ETA
information.
[0006] Overall, the technique allows a user to efficiently navigate between physical locations.
That is, the technique provides sufficient information that enables a user to select appropriate
departure times. Alternatively, or in addition, a navigation control system, a dispatch system, or
any other downstream system leverages the ETA information to perform its respective functions
in a more efficient manner.
[0007] This Summary is provided to introduce a selection of concepts in a simplified form;
these concepts are further described below in the Detailed Description. This Summary is not
intended to identify key features or essential features of the claimed subject matter, nor is it
intended to be used to limit the scope of the claimed subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS
[0008] Fig. 1 shows a computing system having a travel assistance system for generating a
route and generating estimated time-of-arrival (ETA) information.
[0009] Fig. 2 shows an illustrated candidate route produced by the travel assistance system of
Fig. 1.
[0010] Fig. 3 shows an example of a distribution of time-of-arrival values.
[0011] Fig. 4 shows an example of a machine-trained model used by the travel assistance
system of Fig. 1.
[0012] Fig. 5 shows an example of attention logic used by the machine-trained model of Fig,
4,
[0013] Fig. 6 shows a process that represents one manner of operation of the travel assistance
system of Fig. 1.
[0014] Fig. 7 shows one implementation of a distribution exploration system, which is another
part of the computing system of Fig. 1.
[0015] Fig. 8 shows an example that explains one way in which the distribution exploration
system of Fig. 7 performs a map-matching operation.
[0016] Fig. 9 shows an example that explains one way in which the distribution exploration
system of Fig. 7 performs a distribution-fitting operation.
[0017] Fig. 10 shows an example of distribution-fitting results produced by the distribution
exploration system of Fig. 8.
[0018] Fig. 11 shows one implementation of a training system, which is another part of the
computing system of Fig. 1.

[0019] Fig. 12 shows a process that explains one manner of operation of the distribution
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exploration system of Fig. 7.
[0020] Fig. 13 shows computing equipment that, in some implementations, is used to
implement the computing system of Fig. 1.
[0021] Fig. 14 shows an illustrative type of computing system that, in some implementations,
1s used to implement any aspect of the features shown in the foregoing drawings.
[0022] The same numbers are used throughout the disclosure and figures to reference like
components and features. Series 100 numbers refer to features originally found in Fig. 1, series
200 numbers refer to features originally found in Fig. 2, series 300 numbers refer to features
originally found in Fig. 3, and so on.
DETAILED DESCRIPTION

A. Overview of the Computing System
[0023] Fig. 1 shows a computing system 102 having a travel assistance system 104 for
generating a route and generating estimated time-of-arrival (ETA) information for the route. As
will be described, the ETA information has plural parts. A first part provides an estimate of the
amount of time required to traverse each segment of a route, in other words, per-segment traversal
time. A second part provides an estimate of a time-of-arrival for a trip as a whole. A third part
provides an estimate of parameters that describe the level of confidence of the trip time-of-arrival.
The travel assistance system 104 uses a machine-trained model 106 to produce these three parts.
The machine-trained model 106 is trained using a loss function, a part of which models the ETA
information as a mixture of distributions.
[0024] By way of terminology, as used herein, a “machine-trained model” refers to computer-
implemented logic for executing a task using machine-trained weights that are produced in a

training operation. A “‘weight™ refers to any type of parameter value that is iteratively produced

9 < 2 ¢

by the training operation. In some contexts, terms such as “component,” “module,” “engine,” and
“tool” refer to parts of computer-based technology that perform respective functions. Figs. 13 and
14, described below, provide examples of illustrative computing equipment for performing these
functions.

[0025] An input device 108 provides input information to the travel assistance system 104. In
some implementations, the input information specifies a desired starting location and an ending
location ol a trip, and optionally a desired time of departure. A user can enter location information
in any manner, such as by specifying address information or position information. Alternatively,
or in addition, the input device 108 serves as an interface by which a position-determining device
(not shown) provides real-time information regarding a current position of the user, or the current

position of the user’s vehicle. In some implementations. for instance, the position-determining

device is a Global Positioning System (GPS) device installed in the user’s vehicle, which measures
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the current position of the user’s vehicle on a periodic basis. The travel assistance system 104
leverages the current position to update the estimated amount of time that is required to reach a
specified ending location.

[0026] In some implementations, the input device 108 is any type of device by which the user
enters alphanumeric information, such as a key input device or any type of a touch input device.
In other cases, the input device 108 is a microphone in conjunction with a speech recognition
system. In some cases, the input device 108 is co-located with the travel assistance system 104. In
other cases, the input device 108 is provided at a first location and the travel assistance system
104 is located at a second location. A computer network (not shown) separates the computing
equipment at these two locations.

[0027] The travel assistance system 104 includes a receiving component 110 for receiving the
input information. A routing engine 112 uses any type of routing algorithm to identify a suitable
route for traveling between the starting location and the ending location. Examples of routing
algorithms include the Dijkstra’s algorithm, the A* algorithm, the Customizable Route Planning
(CRP) algorithm (described, for instance, in DELLING, et al., “Customizable Route Planning,”
in Proceedings of the 10th International Symposium on Experimental Algorithms, (SEA’11), May
2011, 12 pages), and so on. This is a non-exhaustive list; other implementations use yet other types
of routing engines. One commercially available routing engine is provided by BING MAPS,
provided by Microsoft Corporation of Redmond, Washington. BING MAPS provides an
Application Programming Interface (API) by which entities can interact with its routing
functionality.

[0028] Consider the A* algorithm. This algorithm partitions a search space into a plurality of
cells. Assume that the algorithm is currently processing a particular cell in the plurality of cells,
referred to as the “current cell.” The algorithm advances to the adjacent cell that has the lowest F
score, and which is designated as “open.” The F score is defined by the summation of a G score
and an H score. The G score reflects a distance of a cell under consideration with respect to a
starting cell. The H score reflects a distance of the cell under consideration to an ending cell. Upon
advancing to a next cell, the algorithm marks the next cell as the current cell, and changes it status
to “closed.” The algorithm advances from cell to cell in this manner until it reaches the ending
cell, or until it determines that the ending cell is not reachable.

[0029] The routing engine 112 outputs a candidate route. The candidate route is made up of a
plurality of route segments (just “segments’ hereinafter). The segments correspond to respective
sections of a roadway infrastructure that collectively connect the starting location to the ending
location. The routing engine 112 also can produce an estimated time-of-arrival. The routing engine

112 performs this task by estimating the time that is required to traverse each segment, and then
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summing the traversal times for all of the segments that compose the route.

[0030] An ETA-generating engine 114 re-estimates the time-of-arrival, generally in a more
accurate manner than the routing engine 112. More specifically, the ET A-generating engine 114
uses the machine-trained model 106 to map information regarding the candidate route to the
above-summarized three-part ETA information. In some implementations, the three-part ETA
information produced by the ETA-generating engine 114 replaces the ETA value produced by the
routing engine 112. That is, the ET A-generating engine 114 presents the machine-trained model’s
ETA information, rather than the routing engine’s ETA information. Although Fig. 1 shows an
integral travel assistance svstem 104 that includes the routing engine 112 and the ETA-generating
engine 114, note that the ETA-generating engine 114 is route-engine-agnostic, which means that
it can be combined with any routing engine 112. Further, the providers of the routine engine 112
and the ETA-generating engine 114 may be the same or different entities.

[0031] One of more output devices 116 use the ETA information provided by the ETA-
generating engine 114. For instance, a presentation device 118 presents the ETA information on
adisplay device and/or presents the ETA information in audio form via a speaker. A user may use
the ETA information to determine an appropriate time at which to begin a trip.

[0032] A control device 120 uses the ETA information to govern any type of automated
process. For example, the control device 120 uses the ET A information to control the speed and/or
steering of a vehicle (corresponding to a self-driving vehicle or a human-operated vehicle). For
mstance, consider the case in which the ETA information reveals that the user is behind schedule
in reaching a target destination. The control device 120 responds to this state by increasing the
speed of the vehicle and/or choosing an alternative route to the target destination.

[0033] In another case, the control device 120 controls any other system that is impacted by
the user’s travel plans (that is, besides the vehicle that is used to make the trip). For instance,
assume that the ending location corresponds to the user’s home or office. The control device 120
adjusts the environmental conditions of the user’s home or office based on the ETA information,
e.g., by tuming on an air conditioning system 15 minutes in advance of the user’s expected arrival
at the target destination.

[0034] A scheduling and dispatch device 122 uses the ETA information to schedule when a
vehicle in a fleet of vehicles should depart to a target destination. The scheduling and dispatch
device 122 then sends instructions to the driver of the vehicle that conveys the departure time and
other details of a trip. These uses are described here by way of example; other implementations
leverage the ETA information for other purposes.

[0035] A distribution exploration system 124 assists a developer in selecting the type (or

types) of distributions that will be used to train the machine-trained model 106. A training system
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126 performs the task of actually training the machine-trained model 106.

[0036] The travel assistance system 104 allows a user to more efficiently reach a target
destination. The travel assistance system 104 specifically decreases the probability that the user
will arrive too early or late to a particular event. Further note that the travel assistance system 104
generates ETA information in a manner that is sensitive to the user’s specified time of departure
and/or other environment variables.

[0037] The travel assistance system 104 also increases the efficiency of the control device 120
and the scheduling and dispatch device 122. For example, with respect to the scheduling and
dispatch device 122, the ETA information reduces the possibility that a vehicle will arrive at a
target destination too early or late. A vehicle that arrives too early is left idle and unproductive. A
vehicle that arrives too late can cause delays to other downstream tasks that depend on the timely
arrival of the vehicle and its payload.

[0038] Fig. 2 shows an illustrated candidate route 202 generated by the travel assistance
system 104 of Fig. 1. The route 202 begins at a starting location 204 and ends at an ending location
206. Further, the route 202 is composed of a plurality of segments (4, 1, 3. ... 73,). Each segment
i corresponds to a section of roadway infrastructure having a set of physical properties f;
associated therewith. The trip as a whole is associated with another set f;,;,, of features. Additional
information regarding illustrative per-segment features and trip features is set forth in Section B.
[0039] A vehicle 208 traverses the route 202 based on guidance provided by an on-board
navigation assistance system (not shown). The vehicle 208 includes a position-measuring device
210. Altemnatively, or in addition, an occupant (e.g.. the driver) of the vehicle 208 carries the
position-measuring device 210. The position-measuring device 210 measures the position of the
vehicle 208 on a periodic basis (e.g., every three seconds) and/or on any other basis. In some
implementations, the position-measuring device 210 is a GPS device that receives signals
produced by a system of satellites 212. Alternatively, or in addition, the position-measuring device
210 receives signals from any type of terrestrial wireless signal source(s) 214, such as cell towers
and/or WI-FI beacons. This type of position-measuring device 210 identifies the position of the
vehicle 208 by performing triangulation, or by assessing the strength of a signal from a beacon.
Among other uses, the distribution exploration system 124 leverages the position measurements
made by the position-measuring device 210 to help select an appropriate mix of distributions. The
training system 126 uses the position measurements to train the machine-trained model 106.
[0040] Fig. 3 shows an example of a distribution of measured trip time-of-arrival times
associated with a particular route. Note that the distribution includes a first normal-shape curve
302 having a first peak magnitude, and a second normal-shape curve 304 having a second peak

magnitude. The second peak magnitude has a lower value than the first peak magnitude. In some
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implementations, the distribution exploration system 124 models this distribution as a
combination of two normal distributions. Note that Fig. 3 is illustrative of one particular
environment; other environments give rise to distributions having more than two prominent peaks,
or just one prominent peak. Altematively, or in addition, other environments give rise to
distribution shapes that do not match the kind of normal-type shapes shown in Fig. 3.
[0041] Various factors may contribute to the shape of the distribution shown in Fig. 3. For
instance, assume that a portion of a route under consideration has multiple lanes which
accommodate travelers moving at different speeds. An example of a high-speed lane is a high-
occupancy vehicle (HOV) lane of a highway. Assume that the first normal-shape curve 302
describes the behavior of drivers who use the faster lanes of a highway, while the second normal-
shape curve 304 reflects the behavior of drivers who use the slower lanes. Alternatively, or in
addition, assume that a particular region is characterized by two general classes of drivers having
different driving habits. For example, consider a college town having a first class of college-age
drivers, and a second class of generally older townspeople. Assume that the first normal-shape
curve 302 describes the faster-driving behavior of the first class of drivers, while the second
normal-shape curve 304 reflects the slower-driving behavior of older local townspeople. In other
cases, the shape of a distribution is the result of a combination of complex factors that interact
with each other; it may not be possible to conclusively trace the shape of a distribution to its root
causes.

B. Illustrative Machine-Trained Model
[0042] Fig. 4 shows an example of the machine-trained model 106 used by the travel
assistance system 104 of Fig. 1. The machine-trained model 106 maps input information regarding
a route under consideration to the three-part ETA information described above. Assume that the
route is partitioned into a sequence of segments (77, 7y, 73, ... ;). In some implementations, the
machine-trained model 106 is implemented as a neural network having multiple layers. This
section will generally describe the machine-trained model 106 from top to bottom, which
corresponds to the direction of data flow through the layers of the machine-trained model 106.
[0043] The machine-trained model 106 receives a series of cumulative distance measures 402
associated with the respective segments. Each cumulative distance measure reflects the distance
of a segment under consideration, added to the sum of the distances of the preceding segments.
For example, assume that the first segment r; has a length of 2.4km, the second segment r, has a
length of 4.1km, and the third segment 3 has a length of 1.4km. In some implementations, the
machine-trained model 106 first bucketizes these distances to whole multiples of 1km. For
instance, the machine-trained model 106 converts a segment having a length between Okm and

1km to an integer value of Okm, converts a segment having a length between 1km and 2km to an
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integer value of 1km, converts a segment having a length between 2km and 3km to an integer
value of 2km, and so on. Accordingly, for the present example, the machine-trained model 106
converts the first segment r; to a length of 2, the second segment r, to a length of 4, the third
segment 3 to a length of 1, and so on. The cumulative sum distance of the first segment ry is 2,
the cumulative sum distance of the second segment 7, is 6 (that is, 6 =2 + 4), and the cumulative
sum distance of the third second 75 is 7 (thatis, 7 =2 + 4 + 1). As one benefit, the coding strategy
described above provides a way of expressing the positional relationship among segments without
the use of separately-provided position information.

[0044] An embedding component 404 maps the cumulative sum distances into respective
cumulative-sum embeddings 406. In some implementations, an embedding corresponds to a
distributed vector that expresses semantic information pertaining to a cumulative sum distance.
Two distributed vectors that lie close to each other in vector space (e.g., as assessed using cosine
similarity or any other distance measure) reflect similar semantic concepts. A distributed vector
is distinguished, for example, from a one-hot vector, which allocates particular concepts to fixed
dimensions of the vector. In some implementations, any type of neural network maps the
cumulative sum distances into the cumulative-sum embeddings. Illustrative types of neural
networks include a feedforward neural network, a convolutional neural network (CNN), a
transformer-based neural network, etc.

[0045] A combination component 408 combines (e.g., concatenates) the cumulative-sum
embeddings 406 with respective sets 410 of features, which yields feature-supplemented
cumulative-sum embeddings 412. Each set of features describes characteristics of a roadway
section associated with a particular segment of the route. In some implementations, the features
generally describe any of: (a) the length of the segment; (b) different rules that govern how fast a
vehicle may travel on the segment; (c) historical speeds and traffic patterns associated with the
segment; (d) current traffic conditions associated with the segment (including an indication of the
current speed of vehicles on the segment, an indication of whether the traffic over the segment is
currently blocked, etc.); (e) various rules that govemn how a vehicle may turn while traveling on
the segment; (f) a lane structure of the segment; (g) various physical properties of the segment’s
roadway surface (including whether the segment is paved, etc.); (h) whether the segment is part
of a parking lot, an alley, aramp, etc.; (i) amanner in which the segment intersects other roadways;
(j) a kind of divider type used to separate opposite-moving traffic over the segment; (k) whether
driving on the segment is subject to a toll; (I) whether the roadway is private; (m) whether the
locale through which the segment passes is considered scenic; (n) whether a user is permitted to
walk on the segment, ride a bicycle on the segment, etc., and so on.

[0046] Attention logic 414 maps the feature-supplemented cumulative-sum embeddings 412
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to respective segment embeddings. One implementation of the attention logic 414 is set forth
below in the context of the explanation of Fig. 5. By way of overview, the attention logic 414 is
transformer-based functionality that computes the relevance that each feature-supplemented
cumulative-sum embedding 412 has in the interpretation of each other feature-supplemented
cumulative-sum embedding 412. The attention logic 414 also computes the relevance that each
feature-supplemented cumulative-sum embedding 412 has in the interpretation of itself. By virtue
of this analysis, the machine-trained model 106 is able to detect complex inter-segment relations,
in which the features of one part of a route play a role in the traversal of another part of the route.
[0047] Post-attention logic transforms the segment embeddings 416 into the three-part ETA
information. In particular. the post-attention logic includes two branches (418, 420). A first branch
418 includes a feedforward component 422. The feedforward component 422 uses a feedforward
neural network to map the segment embeddings into per-segment estimates of the amount of time
required to traverse the individual segments. That is, the feedforward component 422 predicts the
amount of time that will be required to traverse the first segment 7, the amount of time that will
be required to traverse the second segment 7, and so on.

[0048] The second branch 420 of the post-attention logic maps the segment embeddings 416
into an estimate of the time-of-arrival for the entire trip. The second branch 420 also maps the
segment embeddings 416 into a prediction of the distribution parameters. Consider, for instance,
the example in which the time-of-arrival information for the trip is modeled using two normal
distributions. The second branch 420 predicts the mean (@) and standard deviation (o) of each
normal distribution.

[0049] More specifically, the second branch 420 includes a combination component 424 for
combining (e.g., concatenating) a set of trip features 426 with each of the segment embeddings
416, to produce a plurality of supplemented segment embeddings (which are not individually
depicted in Fig. 4 to facilitate illustration). In one implementation, the set of trip features 426
specifies the time of departure for the trip, e.g., by specifving the day of the week and the hour of
the day of the departure. Other trip features specify the type of traveler who will make the trip, the
type of vehicle that will make the trip, and so on.

[0050] A global average pooling component 428 pools the supplemented segment embeddings
into a single embedding. In one implementation, the global average pooling component 428
generates each value of the single embedding for a particular dimension by forming the average
of the values of the supplemented segment embedding at the corresponding dimension. For
example, the global average pooling component 428 generates a value for the first dimension of
the single embedding by forming the average of the values at the first dimension of the

supplemented segment embeddings. Other implementations use other pooling strategies to
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compress plural vectors into a single vector. For example, another implementation generates a
sum of the supplemented segment embeddings. A feedforward component 430 uses a feedforward
neural network to map the single embedding into an estimate of the time-of-arrival for the entire
trip, and an estimate of the distribution parameters.

|0051] The machine-trained model 106 shown in Fig. 4 is computationally efficient in both
its training and inference (production) stages. Further, in some implementations the machine-
trained model 106 runs on a central processing unit (CPU), and does not require use of specialized
hardware, including a graphics processing unit (GPU), tensor processing unit (TPU), neural
processing unit (NPU), etc. Further, the machine-trained model 106 has low latency. In some
implementations. it returns ETA information 2ms after a user submits input information. Further,
the machine-trained model 106 provides a way of considering inter-segment interactions, and for
efficiently merging heterogeneous features in its analysis. Further, the machine-trained model 106
provides a way of efficiently combining features of different scopes, e.g., by integrating segment-
level features at a first level and trip-level features at a second level. Further, the machine-trained
model 106 is scalable in the sense that the same model architecture can be trained based on
different environment-specific combinations of features.

[0052] Fig. 5 shows an example of the attention logic 414 used by the machine-trained model
106 of Fig. 4. The attention logic 414 includes a transformer-based block 502. As represented by
the ellipsis 504, other implementations of the attention logic 414 include a pipeline of transformer-
based blocks, each of which has the same components as the transformer-based block 502, but is
govemned by its own set of machine-trained weights. The transformer-based block 502 includes,
in order, an attention component 506, a first add-and-normalize component 508, a feedforward
neural network (FFN) component 510, and a second add-and-normalize component 512. Fig. 5
shows the second add-and-normalize components 512 in dashed lines to indicate that it can be
omitted. Likewise, Fig. 5 shows the residual connections feeding into the add-and-normalize
components (508, 512) in dashed lines to indicate that they may be omitted.

[0053] The attention component 506 performs attention analysis using the following equation:

tt K,V) = Soft <QKT /2N EY)
attn(Q, K,V) = Softmax \/c7> )

[0054] The attention component 506 produces query information @ by multiplying the
supplemented cumulative-sum embeddings 412 by a query weighting matrix W 2. Similarly, the
attention component 506 produces key information K and value information V' by multiplying the
supplemented cumulative sum embeddings 412 by a key weighting matrix W¥ and a value
weighting matrix WV, respectively. To execute Equation (1). the attention component 506 takes

the dot product of @ with the transpose of K, and then divides the dot product by a scaling factor
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Vd, to produce a scaled result The symbol d represents the dimensionality of Q and K. The
attention component 506 takes the Softmax (normalized exponential function) of the scaled result,
and then multiplies the result of the Softmax operation by V., to produce attention output
information. More generally stated, the attention component 506 determines how much emphasis
should be placed on parts of the input information when interpreting other parts of the mput
information (and when interpreting itself). Background information regarding the general concept
of attention is provided in VASWANI, et al., “Attention Is All You Need,” in 31st Conference on
Neural Information Processing Systems (NIPS 2017), 2017, 9 pages.

[0055] Note that Fig. 5 shows that the attention component 506 is composed of plural attention
heads, including a representative attention head 514. Each attention head performs the
computations specified by Equation (1), but with respect to a particular representational subspace
that is different than the subspaces of the other attention heads. To accomplish this operation, the
attention heads perform the computations described above using different respective sets of query,
key, and value weight matrices. Although not shown, the attention component 506 concatenates
the output results of the attention component’s separate attention heads, and then multiplies the
results of this concatenation by another weight matrix W2,

[0056] The add-and-normalize component 508 includes a residual connection that combines
(e.g., sums) input information fed to the attention component 506 with the output information
generated by the attention component 506. The add-and-normalize component 414 then layer-
normalizes the output information generated by the residual connection, e.g., by normalizing
values in the output information based on the mean and standard deviation of those values. The
optional other add-and-normalize component 512 performs the same functions as the first-
mentioned add-and-normalize component 508. The FFN component 510 transforms input
information to output information using a feedforward neural network having any number of
layers. The first transformer-based block 502 produces the segment embeddings 416, or serves as
output results which feed into another transformer-based block (not shown in Fig. 5).

[0057] Fig. 6 shows a process 602 that represents an overview of one manner of operation of
the travel assistance system 104 of Fig. 1. Note that the process 602 is expressed as a series of
operations performed in a particular order. But the order of these operations is merely
representative, and the operations are capable of being varied in other implementations. Further,
any two or more operations described below can be performed in a parallel manner. In one
implementation, the blocks shown in the process 602 that pertain to processing-related functions
are implemented by the computing equipment described in connection with Figs. 13 and 14.
|0058] In block 604, the travel assistance system 104 receives a starting location

corresponding to a physical location at which a trip is to begin, and an ending location
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corresponding to a physical location at which the trip is to end. In block 606, the travel assistance
system 104 uses a computer-implemented route-finding technique to identify a route between the
starting location and the ending location. The route includes a sequence of segments. The
segments correspond to respective sections of physical roadway infrastructure. In block 608, the
travel assistance system 104 uses the machine-trained model 106 to map information regarding
the segments to time-of-arrival (ETA) information. The machine-trained model 106 corresponds
to a neural network that is trained based on a loss function that models the ETA information using
a mixture of two or more distributions. In block 610, the ETA information is used to provide
guidance in navigating between the starting location and the ending location via the route.
[0059] Note that the process 602 includes a route-finding operation (in block 606) combined
with an ETA-generating operation (in block 608). In other cases, a process involves receiving a
route produced by any route-finding operation, and then calculating ETA information for that
route.

C. Illustrative Distribution Exploration System and Training System
[0060] Fig. 7 shows one implementation of the distribution exploration system 124. The
distribution exploration system 124 provides computer-implemented tools for assisting a
developer in deciding the type(s) and number of distributions to use in approximating the
distribution of trip time-of-arrival values.
[0061] A data store 702 stores position measurements produced by vehicles in traversing
various routes. For example, each vehicle emits a GPS reading every three seconds as it traverses
a particular route, from a specified starting location to an ending location. The position-measuring
device (of Fig. 2)is subject to error. As aresult, each of the position measurements that it produces
may not exactly overlap a road segment; rather, the position measurement may lie near one or
more road segments. The map-matching component 704 performs the initial task of snapping each
of the position measurements to the most likely road segment. The map-matching component 704
produces a set of matched routes as a result of its analysis, which it stores in a data store 706.
[0062] Different implementations of the map-matching component 704 work in different
respective ways. In one implementation, the map-matching component 704 snaps each position
measurement to the nearest road segment. In another implementation, the map-matching
component 704 uses a Hidden Markov model (HMM) to map a sequence of posilion
measurements to the most likely road segments. Additional information regarding the HMM-
based implementation is set forth below with respect to the explanation of Fig. 8.
[0063] A trip-aggregating component 708 forms groups of trips that are considered as
describing the same route. To perform this task, for each trip, the trip-aggregating component 708

identifies a starting map tile which contains the starting location of the trip, and an ending map
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tile which contains the ending location of the trip. A map tile corresponds to a portion of a map of
predetermined size, such as a region of size 1km by 1km. Two routes which share the same starting
map tile and ending map tile are considered as describing the same route. The trip-aggregating
component 708 stores the thus-formed groups of trips in a data store 710. To reduce the influence
of lower-confidence groups, the trip-aggregating component 708 only stores a group if it has more
than 100 trips taken within a given hour. Each group associated with a particular route provides a
distribution of time-of-arrivals for that route.

[0064] A distribution-fitting system 712 provides a set of tools that enables a developer to
estimate the combination of distributions which most effectively approximates the data in the data
store 710. In some implementations, for instance, the distribution-fitting system 7012 fits position
measurements to the distributions using maximum likelihood estimation (MLE), per the following

equation:

6 = argmaxg l_lf(xi|9) (2).
i=1

[0065] In this equation, & represents a set of distribution parameters. The symbol f represents
the probability density function with respect to position measurements x. Equation (2) generates
a product of the probability density function over n trips specified in the data store 710. MLE
analysis finds the combination of distribution parameters that maximizes the product of Equation
(2).

[0066] In the particular case of a normal distribution, the mean (u) and standard deviation (o)
are given by:

n

o1 1w .
== 6= ;Z(xi—u) 3).
[2

i
[0067] For the particular case of alognormal distribution, the mean (u) and standard deviation

(o) are given by:

1w 1w
n=521n(xi); G = ;Z(ln(»ci)—mz ().

[0068] As another tool, the distribution-fitting system 712 uses the kernel density estimation
(KDE) method to visualize the shape of a trip’s distribution. The KDE method uses an impulse
function having a particular shape to represent each position measurement, and then sums the

contributions of the impulse functions. Mathematically, the KDE method generates an estimate

~

frat the position x over a set of position measurements x;, as given by:
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n

o= k(5 ©

i

[0069] In this equation, K is the kemel density function. In some implementations, the
distribution-fitting component 712 uses a Gaussian kernel with a bandwidth h chosen by Scott’s
rule, h = n~ %2,
[0070] The distribution-fitting component 712 next verifies the goodness-of-fit of the position
measurements to the hypothesized mixture of distributions. In some implementations, the
distribution-fitting component 712 performs this analysis using the Kolmogorov-Smimov (K-S)
test. The K-S test provides a way of determining whether: (a) a null hypothesis is rejected; or (b)
whether the null hypothesis cannot be rejected. In the present case, the null hypothesis specifies
that the position measurements conform to a hypothesized theoretical distribution F(x). The
alternative hypothesis specifies that the position measures do not match the theoretical distribution
F(x).
[0071] More specifically, the K-S test computes the maximum separation D between an
empirical distribution function F,, and the hypothesized distribution function F(x):

D= sup |[Fa(x) — F(x)|  (6).

[0072] Here, the maximum is expressed as the suprema of the absolute difference between

F,(x) and F(x). The empirical distribution function F,(x) is computed on the basis of the
position measurements. It corresponds to a cumulative sum given by %Z? Taj<x -

[0073] The K-S test provides unreliable results in those cases in which the theoretical
distribution function F(x) is derived from the empirical data. That is the case here, as a developer
chooses the theoretical distribution by analyzing the position measurements. To address this
situation, the distribution-fitting component 712 uses a bootstrapping method to estimate a
distribution of D values from the position measurements.

[0074] More specifically, assume that there are k samples in the original set of position
measurements. The distribution-fitting component 712 randomly selects samples from this
empirical set to generate another set of k samples. Although drawn from the same source, the new
set of samples will have a different set of members than the original set of samples. This is because,
for instance, the new set of samples can include duplicates drawn from the original set of samples,
and/or can omit some of the samples in the original set of samples. The distribution-fitting
component 712 generates a new empirical distribution function F',, (x) based on the new set of
samples. The distribution-fitting component 712 then computes a new value D’ using Equation
(6), but with F',, (x) replacing the original function F, (x). The distribution-fitting component 712

repeats the above-described steps to generate a distribution of D’ values. As will be described
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further below, the original D values and the distribution of D’ values provide reduced-bias
evidence of whether the proposed mixture of distributions is a good match of the position
measurements.

[0075] Fig. 8 shows an example that explains one way in which the map-matching component
704 performs its function using HMM analvsis. Fig. 8 specifically shows a first position
measurement z, that occurs at time ¢, and a subsequent position measurement z,, 1 that occurs at
time t + 1. Assume that the first position measurement z; is closest to position x; ; that is located
on a first route 7y, and that the second position measurement z; 1S closest to a position X1 »
that is located on a second route r,. Assume that a route distance d,. 802 separates the position
X1 and the position x;,, ,, and that a great-circle distance dg. 804 separates the first position
measurement z, and the second position measurement z;, ; . A route distance describes how far
the user must travel between x, ; and x,,, , by traversing routes r; and r,. A great circle distance
reflects the shortest distance over the spherical surface of the earth.

[0076] The map-matching component 704 determines measurement probabilities (also called
emission probabilities) for each possible state at each time. A state corresponds to a possibility
that the user is traversing a particular route at a particular time, given a particular position
measurement. More formally stated, a measurement probability p(z;|r;) reflects the probability
that, at the time that the vehicle records position measurement z, it is traveling on a route r;. In
some implementations, the map-matching component 704 determines p(z.|r;) using the

following equation:

[l ze—e|
1 —o.5<—6 g
p(z¢|ry) = e
J2mao,

[0077] In this equation, o, is the standard deviation of the GPS measurements. ”Zt — X ||gc

> 7).

reflects the great circle distance between z, and the closest position on the route i. Equation (7)
reflects the intuition that it becomes increasingly unlikely that a particular route matches a
particular position measurement as the distance between that route and the measurement grows
larger. In the example of Fig. 8. the measurement probability that the vehicle is located on route
7, at time t + 1 depends on the great circle distance between z,,; and x;, 1 ,. The map-matching
component 704 interprets a set of initial state probabilities m; as the first-state measurement
probabilities p(z; |ry).

[0078] The map-matching component 704 also defines a plurality transition probabilities that
describe the probabilities of transitioning between specified pairings of state. That is, a transition

probability p(d,) describes the probability of transitioning from a first given state at time t to a
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second given state at time t + 1. In some implementations, d, is given by:

(8).

[0079] The first difference component in Equation (8) reflects the great circle (gc) difference

dy = |zt — 2t 41 ”gc - ”xt,i - xt+1,jllroute
between z, and z,,,. The second difference component in Equation (8) reflects the driving
distance (route) between x.; and x,. ; on route r;. The subscripts gc and route represent the
great circle distance and the route distance, respectively. Overall, Equation (8) computes the
distances between the first (great circle) distance and the second (route) distance. In the example
of Fig. 8, the distance d, reflects the difference between the great circle distance 804 and the route

distance 802. The probability p(d;) is given by:
1 -de
p)=ge (9.

[0080] The symbol f represents a constant. In some implementations, the map-matching
component 704 uses the Viterbi algorithm to find the most probable association between
measurements and routes. That is, the Viterbi algorithm uses dynamic programming to find a path
through a Viterbi lattice that maximizes the product of the measurement probabilities and the
transition probabilities.

[0081] Fig. 9 shows a distribution of D’ values calculated by the distribution-fitting system
712 using the K-S test for different sets of resampled measurements. Fig. 9 also shows the value
D (represented by line 902) that is computed for the original set of measurements. The area under
the curve to the right of D represents the p value of the K-S test. A span 904 represents a range
that encompasses 95% of the measurements. As shown in Fig. 2, the value D is within the span
904 of D’ values. This reflects the conclusion that sufficient evidence is lacking to reject the null
hypothesis. Recall that the null hypothesis is that the empirical distribution conforms to the
hypothesized theoretical distribution.

[0082] Fig. 10 shows an example of distribution-fitting results produced by the distribution
exploration system 124 of Fig. 8. The table shown in Fig. 10 specifically represents the percentage
of successfully fitted routes with goodness-of-fit p-values larger than 0.05. Fig. 10 reveals that a
mixture of distributions approximates the empirical distribution more effectively than a single
distribution. Further, Fig. 10 reveals that a mixture of lognormal distributions approximates the
empirical distribution more effectively than a mixture of normal distributions. However, the
computation of lognormal distributions is more resource-intensive than the computation of normal
distributions. For this reason, a developer may choose to use a combination of two normal
distributions to model the measurements. Note that the combination of three normal distributions

1s more effective than the combination of two normal distributions, but the difference between
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two and three normal distributions is not great enough to justify the additional processing
resources that would be required to train and use a machine-trained model based on three normal
distributions.

[0083] Other implementations of the distribution exploration system 124 permit a developer
to explore the suitability of any type of distribution, not limited to normal and lognormal
distributions. Examples of other kinds of distributions include: gamma distributions, log student-
t distributions, multi-variate Gaussian distributions, etc. In other cases, a custom reference
distribution may be empirically defined based on observations of travel data. Further. the
distribution exploration system 124 allows a developer to explore a combination of distributions
of two or more types. Note that different geographic regions may be characterized by different
types of roadway infrastructure, different laws, different kinds of weather, different kinds of
driving behaviors, etc. This means that the measurements collected in a particular geographic
region may or may not represent the distributions associated with other regions. Thus, a developer
in a new region may choose to interact with the distribution exploration system 124 to explore the
traffic patterns associated with the new geographic region, rather than assuming that a preexisting
machine-trained model developed for another geographic region applies to the new geographic
region.

[0084] Fig. 11 shows one implementation of the training system 126. The training system 126
trains the machine-trained model 106. The training system 126 performs training based on the
assumption that the machine-trained model 106 approximates a particular mixture of distributions.
In the following explanation, the training system 126 specifically performs training based on the
assumption that the machine-trained model 106 approximates a mixture of two normal
distributions.

[0085] A data store 1102 provides a corpus of training examples. Each training example
includes a route that has been traversed, together with time-of-arrival information for the route.
The time-of-arrival information constitutes ground-truth information. The training system 126
uses the machine-trained model 106 to generate a scalar prediction p of the time-of-arrival for the
entire trip, and a time-of-traversal for each segment of a route. Further, the training system 126
uses the machine-trained model 106 to generate a prediction P of the distribution parameters of
the mixture of distributions. For a particular training example, the training system 126 computes
the difference between the ground-truth information and the prediction, which constitutes error
information. The training system 126 updates the weights of the machine-trained model 106 based
on the error information. More formally stated, in some implementations, the training system 126
uses stochastic gradient descent in combination with back-projection to iteratively update the

weights of the machine-trained model 106.
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[0086] In some implementations, the training system 126 generates loss information by
summing the results of two loss functions (1104, 1106). The first loss function 1104 approximates
error in the scalar predictions using Mean Absolute Percentage Error (MAPE):

1 5 —
W =gy =B o),

[0087] The symbol p represents the actual amount of time that is required to traverse the route

(or to the amount of time that is required to traverse a particular segment of the route). N is the
number of training examples.
[0088] The second loss function 1106 attempts to maximize the likelihood of the observed

travel time p using the following equation:

(Pp) = —x ) P (11,
[0089] For the case of a mixture of two normal distributions, P(p) can be expressed as:
P(p) = s(cdf (p + 8y, 61) — cdf (p — 8141, 61)) +
(1—5)(cdf (p + 8z, G2) — cdf (p — 818, 62))  (12).
[0090] In Equation (12), § is a small noise value, such as 1le — 5. cdf refers to a cumulative

distribution function, for example, as given by:

cdf(x|p, o) = %[1 + erf(xa\_/zfﬂ (13).

[0091] In the body of Equation (13), erf refers to the error function. The estimated distribution
parameters associated with Equations (11)-(13) include: s, fi;, 6;, i and 6,. The parameters {1,
and &; represent the mean and standard deviation of the first normal distribution, and the
parameters fi, and &, represent the mean and standard deviation of the second normal distribution.
The symbol s represents a scalar between 0 and 1, which is used to specify the distribution of
weights between the first and second normal distributions.

[0092] Fig. 12 shows a process 1202 that explains one manner of operation of the distribution
exploration system 124. The comments given above with respect to the explanation of Fig. 6 also
apply to Fig. 12. In block 1204, the distribution exploration system 124 collects data for a
collection of trips. In block 1206, the distribution exploration system 124 maps the trips to routes.
In block 1208, the distribution exploration system 124 aggregates trips that have the same starting
and ending locations into groups. In block 1210, the distribution exploration system 124 identifies
a candidate mixture of distributions to describe the measurements, and estimates the goodness-of-
fit of the measurements to the candidate mixture of distributions.

D. Illustrative Computing Functionality

[0093] Fig. 13 shows computing equipment 1302 that, in some implementations, is used to
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implement the computing system 102 of Fig. 1. The computing equipment 1302 includes a set of
local devices 1304 coupled to a set of servers 1306 via a computer network 1308. Each local
device corresponds to any type of computing device, including any of a desktop computing device,
a laptop computing device, a handheld computing device of any type (e.g., a smartphone or a
tablet-type computing device), a mixed reality device, an intelligent appliance, a wearable
computing device (e.g., a smart watch), an Internet-of-Things (IoT) device, a gaming system, an
immersive “cave,” a media device, a vehicle-borne computing system, any type of robot
computing system, a computing system in a manufacturing system, etc. In some implementations,
the computer network 1308 is implemented as a local area network, a wide area network (e.g., the
Internet). one or more point-to-point links, or any combination thereof.

[0094] The dashed-line box in Fig. 13 indicates that the functionality of the computing system
102 is capable of being spread across the local devices 1304 and/or the servers 1306 in any manner.
For instance. in some cases, each local device, or a group of affiliated local devices. implements
the entirety the computing system 102. In other implementations, the servers 1306 implement the
entirety of the computing system 102. Here, an individual user interacts with the servers 1306 via
a browser application or other local functionality provided by a local device. In other
implementations, the functions of the computing system 102 are distributed between each local
device and the servers 1306. For example, in one case, the servers 1306 implement the machine-
trained model 106, and each local device implements the remainder of the functions shown in Fig.
1.

[0095] Fig. 14 shows a computing system 1402 that, in some implementations, is used to
implement any aspect of the mechanisms set forth in the above-described figures. For instance, in
some implementations, the type of computing system 1402 shown in Fig. 14 is used to implement
any local computing device or any server shown in Fig. 13. In all cases, the computing system
1402 represents a physical and tangible processing mechanism.

[0096] The computing system 1402 includes a processing system 1404 including one or more
processors. The processor(s) include one or more Central Processing Units (CPUs), and/or one or
more Graphics Processing Units (GPUs), and/or one or more Application Specific Integrated
Circuits (ASICs), and/or one or more Neural Processing Units (NPUs), and/or one or more Tensor
Processing Units (TPUs), elc. More generally, any processor corresponds 10 a general-purpose
processing unit or an application-specific processor unit.

[0097] The computing system 1402 also includes computer-readable storage media 1406,
corresponding to one or more computer-readable media hardware units. The computer-readable
storage media 1406 retains any kind of information 1408, such as machine-readable instructions,

settings, model weights, and/or other data. In some implementations, the computer-readable
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storage media 1406 includes any of one or more solid-state devices, one or more magnetic hard
disks, one or more optical disks, magnetic tape, etc. Any instance of the computer-readable storage
media 1406 uses any technology for storing and retrieving information. Further, any instance of
the computer-readable storage media 1406 represents a fixed or removable unit of the computing
system 1402. Further, any instance of the computer-readable storage media 1406 provides volatile
and/or non-volatile retention of information.

[0098] More generally, any of the storage resources described herein, or any combination of
the storage resources, is to be regarded as a computer-readable medium. In many cases, a
computer-readable medium represents some form of physical and tangible entity. The term
computer-readable medium also encompasses propagated signals, e.g.. transmitted or received via
a physical conduit and/or air or other wireless medium. However, the specific term “computer-
readable storage medium”™ or “storage device” expressly excludes propagated signals per se in
transit, while including all other forms of computer-readable media; a computer-readable storage
medium or storage device is “non-transitory” in this regard.

[0099] The computing system 1402 utilizes any instance of the computer-readable storage
media 1406 in different ways. For example, in some implementations, any instance of the
computer-readable storage media 1406 represents a hardware memory unit (such as random access
memory (RAM)) for storing information during execution of a program by the computing system
1402, and/or a hardware storage unit (such as a hard disk) for retaining/archiving information on
a more permanent basis. In the latter case, the computing system 1402 also includes one or more
drive mechanisms 1410 (such as a hard drive mechanism) for storing and retrieving information
from an instance of the computer-readable storage media 1406.

[00100] In some implementations, the computing system 1402 performs any of the functions
described above when the processing system 1404 executes computer-readable instructions stored
in any instance of the computer-readable storage media 1406. For instance, in some
implementations, the computing system 1402 carries out computer-readable instructions to
perform each block of the processes described with reference to Figs. 6 and 12. Fig. 14 generally
indicates that hardware logic circuitry 1412 includes any combination of the processing system
1404 and the computer-readable storage media 1406.

[00101] In addition, or alternatively, the processing system 1404 includes one or more other
configurable logic units that perform operations using a collection of logic gates. For instance, in
some implementations, the processing system 1404 includes a fixed configuration of hardware
logic gates, e.g., that are created and set at the time of manufacture, and thereafter unalterable. In
addition, or alternatively, the processing system 1404 includes a collection of programmable

hardware logic gates that are set to perform different application-specific tasks. The latter category
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of devices includes Programmable Array Logic Devices (PALs), Generic Array Logic Devices
(GALs), Complex Programmable Logic Devices (CPLDs), Field-Programmable Gate Arrays
(FPGAs), etc. In these implementations, the processing system 1404 effectively incorporates a
storage device that stores computer-readable instructions, insofar as the configurable logic units
are configured to execute the instructions and therefore embody or store these instructions.
[00102] In some cases (e.g., in the case in which the computing system 1402 represents a user
computing device), the computing system 1402 also includes an input/output interface 1414 for
receiving various inputs (via input devices 1416), and for providing various outputs (via output
devices 1418). Illustrative input devices include a keyboard device, a mouse input device, a
touchscreen input device. a digitizing pad, one or more static image cameras, one or more video
cameras, one or more depth camera systems, one or more microphones, a voice recognition
mechanism, any position-determining devices (e.g.. GPS devices), any movement detection
mechanisms (e.g.. accelerometers and/or gyroscopes), etc. In some implementations, one
particular output mechanism includes a display device 1420 and an associated graphical user
interface presentation (GUI) 1422. The display device 1420 corresponds to a liquid crystal display
device, a light-emitting diode display (LED) device, a cathode ray tube device, a projection
mechanism, etc. Other output devices include a printer, one or more speakers, a haptic output
mechanism, an archival mechanism (for storing output information), etc. In some
implementations, the computing system 1402 also includes one or more network interfaces 1424
for exchanging data with other devices via one or more communication conduits 1426. One or
more communication buses 1428 communicatively couple the above-described units together.
[00103] The communication conduit(s) 1426 is implemented in any manner, €.g., by a local
area computer network, a wide area computer network (e.g., the Internet), point-to-point
connections, or any combination thereof. The communication conduit(s) 1426 include any
combination of hardwired links, wireless links, routers, gateway functionality, name servers, etc.,
governed by any protocol or combination of protocols.

[00104] Fig. 14 shows the computing system 1402 as being composed of a discrete collection
of separate units. In some cases, the collection of units corresponds to discrete hardware units
provided in a computing device chassis having any form factor. Fig. 14 shows illustrative form
flactors in its botlom portion. In other cases, the computing system 1402 includes a hardware logic
unit that integrates the functions of two or more of the units shown in Fig. 14. For instance. in
some implementations, the computing system 1402 includes a system on a chip (SoC or SOC),
corresponding to an integrated circuit that combines the functions of two or more of the units
shown in Fig. 14.

[00105] The following summary provides a set of illustrative examples of the technology set
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forth herein.

[00106] (A1) According to a first aspect, a method (e.g., the process 602) is described for
providing assistance in navigating over a geographic region. The method includes: receiving (e.g.,
in block 604) a starting location, the starting location being a physical location at which a trip is
to begin. and an ending location, the ending location being a physical location at which the trip is
to end; using (e.g., in block 606) a computer-implemented route-finding technique to identify a
route between the starting location and the ending location, the route including a sequence of
segments, the segments being associated with respective sections of physical roadway
infrastructure; and using (e.g., in block 608) a machine-trained model (e.g., the machine-trained
model 106) to map information regarding the segments to time-of-arrival (ETA) information, the
machine-trained model being implemented as a neural network that is trained based on a loss
function that models the ETA information using a mixture of two or more distributions. The ETA
information provides guidance in navigating between the starting location and the ending location
via the route (as represented by block 610).

[00107] (A2) According to some implementations of the method of Al, the two or more
distributions are two or more normal distributions, and/or two or more lognormal distributions.
[00108] (A3) According to some implementations of the methods of Al or A2, a type of the
two or more distributions is determined by: receiving a collection of position measurements
produced in making plural trips; associating the position measurements with plural routes; forming
groups of routes, each group of routes having a same starting location and a same ending location;
identifying, based on the groups of routes, a candidate type of the two or more distributions; and
measuring goodness-of-fit between the groups of routes and the candidate tvpe of the two or more
distributions.

[00109] (A4) According to some implementations of any of the methods A1-A3, the ETA
information includes an estimate of a time-of-arrival for the trip as a whole, and an estimate of
parameters of the two or more distributions.

[00110] (AS) According to some implementations of the method of A4, the ETA information
also includes an indication of how much time is required to traverse each segment.

[00111] (A6) According to some implementations of the method A4, the parameters include
means and standard deviations of the two or more distributions.

[00112] (A7) According to some implementations of any of the methods A1-A6, the using the
machined model includes: providing input information that describes distances and features
associated with the sequence of segments in the route; mapping the input information to a plurality
of segment embeddings using attention logic;, and mapping the segment embeddings and a set of

trip features to the ETA information.
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[00113] (AS8) According to some implementations of the method A7, the attention logic
operates by: assessing relevance between parts of the input information, to produce attention
output results; normalizing the attention output results to produce normalized results; and mapping
the normalized results into the segment embeddings using a feedforward neural network.

[00114] (A9) According to some implementations of any of the methods A1-A6, the using the
machine-trained model includes: generating plural cumulative-sum distances for the respective
segments of the route; encoding the cumulative-sum distances into respective cumulative-sum
embeddings; combining sets of features with the cumulative sum embeddings, to produce
respective supplemented cumulative-sum embeddings, the plural sets of features describing
properties of the sections of roadway associated with the plural segments; mapping the
supplemented cumulative-sum embeddings to segment embeddings using attention logic; and
mapping the segment embeddings and a set of trip features to the ETA information.

[00115] (A10) According to some implementations of the method A9, the mapping of the plural
segment embeddings includes mapping, using a feedforward neural network, the plural segment
embeddings to respective estimates of time required to traverse the respective segments.

[00116] (A11) According to some implementations of the method A9 or A10, the mapping of
the plural segment embeddings includes: combining the set of trip features with the segment
embeddings. to produce supplemented segment embeddings: pooling the supplemented segment
embeddings into a pooled embedding; and mapping, using a feedforward neural network, the
pooled embedding to an estimate of a time-of-arrival for the trip as a whole, and distribution
parameters associated with the two or more distributions.

[00117] (A12) According to some implementations of the method A11, the pooling is a global
averaging pooling operation.

[00118] (A13) According to some implementations of any of the methods A1-A12, the one or
more output devices include any combination of: a presentation device for presenting the ETA
information; and/or a control device for controlling a vehicle based on the ETA information;
and/or a dispatching device for dispatching departure instructions to a vehicle based on the ETA
information.

[00119] (B1) According to a second aspect, a method (e.g., the process 602) is described for
providing assistance in navigating over a geographic region. The method includes receiving a
route between a starting location and an ending location, the starting location being a physical
location at which a trip is to begin, and the ending location being a physical location at which the
trip is to end (e.g., wherein the route may be produced in block 606). The route includes a sequence
of segments, the segments being associated with respective sections of physical roadway

infrastructure. The method also includes using (e.g.. in block 608) a machine-trained model (e.g.,
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the machine-trained model 106) to map information regarding the segments to estimated time-of-
arrival (ETA) information, the ETA information including plural parts. The plural parts include
an estimate of a time-of-arrival for the trip as a whole, and an estimate of parameters of two or
more distributions that are used to model the time-of-arrival for the trip as a whole. The ETA
information provides guidance in navigating between the starting location and the ending location
via the route (as represented by block 610).

[00120] (C1) According to a third aspect, a method (e.g., the process 602) is described for
providing assistance in navigating over a geographic region. The method includes receiving a
route between a starting location and an ending location, the starting location being a physical
location at which a trip is to begin, and the ending location being a physical location at which the
trip is to end (e.g., wherein the route may be produced in block 606). The route includes a sequence
of segments, the segments being associated with respective sections of physical roadway
infrastructure. The method also includes using (e.g.. in block 608) a machine-trained model (e.g.,
the machine-trained model 106) to map information regarding the segments to time-of-arrival
(ETA) information, the machine-trained model being implemented as a neural network that is
trained based on a loss function that models the ETA information using a mixture of two or more
distributions. The ETA information provides guidance in navigating between the starting location
and the ending location via the route (as represented by block 610).

[00121] In yet another aspect, some implementations of the technology described herein
include a computing system (e.g., the computing system 1402) that includes a processing system
(e.g., the processing system 1404) having a processor. The computing system also includes a
storage device (e.g., the computer-readable storage media 1406) for storing computer-readable
instructions (e.g., information 1408). The processing system executes the computer-readable
instructions to perform any of the methods described herein (e.g., any individual method of the
methods of A1-A13, B1, or C1).

[00122] In yet another aspect. some implementations of the technology described herein
include a computer-readable storage medium (e.g., the computer-readable storage media 1406)
for storing computer-readable instructions (e.g., the information 1408). A processing system (e.g.,
the processing system 1404) executes the computer-readable instructions to perform any of the
operations described herein (e.g., the operation in any individual method of the methods of Al-
Al3.BlI. or Cl).

[00123] More generally stated, any of the individual elements and steps described herein are
combinable into any logically consistent permutation or subset. Further, any such combination
can be manifested as a method, device, svstem, computer-readable storage medium, data structure,

article of manufacture, graphical user interface presentation, etc. The technology is also
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expressible as a series of means-plus-format elements in the claims, although this format should
not be considered to be invoked unless the phrase “means for” is explicitly used in the claims.
[00124]  As to terminology used in this description, the phrase “configured to” encompasses
various physical and tangible mechanisms for performing an identified operation. The
mechanisms are configurable to perform an operation using the hardware logic circuitry 1412 of
Fig. 14. The term “logic” likewise encompasses various physical and tangible mechanisms for
performing a task. For instance, each processing-related operation illustrated in the flowcharts of
Figs. 6 and 12 corresponds to a logic component for performing that operation.

[00125] This description may have identified one or more features as optional. This type of
statement is not to be interpreted as an exhaustive indication of features that are to be considered
optional; generally, any feature is to be considered as an example, although not explicitly
identified in the text, unless otherwise noted. Further, any mention of a single entity is not intended
to preclude the use of plural such entities; similarly, a description of plural entities in the
specification is not intended to preclude the use of a single entity. As such, a statement that an
apparatus or method has a feature X does not preclude the possibility that it has additional features.
Further, any features described as alternative ways of carrying out identified functions or
implementing identified mechanisms are also combinable together in any combination, unless
otherwise noted.

[00126] Interms of specific terminology, the term “plurality” or “plural” or the plural form of
any term (without explicit use of “plurality” or “plural”) refers to two or more items, and does not
necessarily imply “all” items of a particular kind, unless otherwise explicitly specified. The term
“at least one of” refers to one or more items: reference to a single item, without explicit recitation
of “at least one of” or the like, is not intended to preclude the inclusion of plural items, unless

2

otherwise noted. Further, the descriptors “first,” “second,” “third,” etc. are used to distinguish
among different items, and do not imply an ordering among items, unless otherwise noted. The
phrase “A and/or B” means A, or B, or A and B. The phrase “any combination thereof™ refers to
any combination of two or more elements in a list of elements. Further, the terms “comprising,”
“including,” and “having” are open-ended terms that are used to identify at least one part of a
larger whole, but not necessarily all parts of the whole. A “set™ is a group that includes one or
more members. The phrase “A corresponds to B” means “A is B” in some contexts. Finally, the
terms “exemplary” or “illustrative” refer to one implementation among potentially many
implementations.

[00127] In closing, the functionality described herein is capable of employing various

mechanisms to ensure that any user data is handled in a manner that conforms to applicable laws,

social norms, and the expectations and preferences of individual users. For example, the
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functionality is configurable to allow a user to expressly opt in to (and then expressly opt out of)
the provisions of the functionality. The functionality is also configurable to provide suitable
security mechanisms to ensure the privacy of the user data (such as data-sanitizing mechanisms,
encryption mechanisms, and/or password-protection mechanisms).

|00128| Further, the description may have set forth various concepts in the context of
illustrative challenges or problems. This manner of explanation is not intended to suggest that
others have appreciated and/or articulated the challenges or problems in the manner specified
herein. Further, this manner of explanation is not intended to suggest that the subject matter recited
in the claims is limited to solving the identified challenges or problems: that is, the subject matter
in the claims may be applied in the context of challenges or problems other than those described
herein.

[00129]  Although the subject matter has been described in language specific to structural
features and/or methodological acts, it is to be understood that the subject matter defined in the
appended claims is not necessarily limited to the specific features or acts described above. Rather,
the specific features and acts described above are disclosed as example forms of implementing the

claims.
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CLAIMS:

1. A method for providing assistance in navigating over a geographic region, comprising;

receiving a starting location, the starting location being a physical location at which a trip
is to begin, and an ending location, the ending location being a physical location at which the trip
1s to end:

using a computer-implemented route-finding technique to identify a route between the
starting location and the ending location, the route including a sequence of segments, the segments
being associated with respective sections of physical roadway infrastructure; and

using a machine-trained model to map information regarding the segments to time-of-
arrival (ETA) information, the machine-trained model being implemented as a neural network that
is trained based on a loss function that models the ETA information using a mixture of two or
more distributions,

the ETA information providing guidance in navigating between the starting location and
the ending location via the route.

2. The method of claim 1, wherein the two or more distributions are two or more normal
distributions, and/or two or more lognormal distributions.

3. The method of claim 1, wherein a type of the two or more distributions is determined
by:

receiving a collection of position measurements produced in making plural trips;

associating the position measurements with plural routes;

forming groups of routes, each group of routes having a same starting location and a same
ending location;

identifying, based on the groups of routes, a candidate type of the two or more
distributions; and

measuring goodness-of-fit between the groups of routes and the candidate type of the two
or more distributions.

4. The method of claim 1, wherein the ET A information includes an estimate of a time-of-
arrival for the trip as a whole, and an estimate of parameters of the two or more distributions.

5. The method of claim 4, wherein the ETA information also includes an indication of how
much time is required to traverse each segment.

6. The method of clam 4, wherein the parameters include means and standard deviations
of the two or more distributions.

7. The method of claim 1, wherein the using the machined model includes:

providing input information that describes distances and features associated with the

sequence of segments in the route:
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mapping the input information to a plurality of segment embeddings using attention logic:

and

mapping the segment embeddings and a set of trip features to the ETA information.

8. The method of claim 7, wherein the attention logic operates by:

assessing relevance between parts of the input information, to produce attention output
results;

normalizing the attention output results to produce normalized results; and

mapping the normalized results into the segment embeddings using a feedforward neural
network.

9. The method of claim 1, wherein the using the machine-trained model includes:

generating plural cumulative-sum distances for the respective segments of the route;

encoding the cumulative-sum distances into respective cumulative-sum embeddings;

combining sets of features with the cumulative sum embeddings, to produce respective
supplemented cumulative-sum embeddings. the plural sets of features describing properties of the
sections of roadway, associated with the plural segments;

mapping the supplemented cumulative-sum embeddings to segment embeddings using
attention logic; and

mapping the segment embeddings and a set of trip features to the ETA information.

10. The method of clam 9. wherein the mapping of the plural segment embeddings includes
mapping, using a feedforward neural network, the plural segment embeddings to respective
estimates of time required to traverse the respective segments.

11. The method of claim 9, wherein the mapping of the plural segment embeddings
includes:

combining the set of trip features with the segment embeddings, to produce supplemented
segment embeddings;

pooling the supplemented segment embeddings into a pooled embedding: and

mapping, using a feedforward neural network, the pooled embedding to an estimate of a
time-of-arrival for the trip as a whole, and distribution parameters associated with the two or more
distributions.

12. The method of claim 11, wherein the pooling is a global averaging pooling operation.

13. The method of claim 1, wherein the one or more output devices include anv
combination of: a presentation device for presenting the ETA information; and/or a control device
for controlling a vehicle based on the ETA information; and/or a dispatching device for
dispatching departure instructions to a vehicle based on the ETA information .

14. A processing system having a processor and a storage device that is configured to
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perform the computer-implemented method according to any of claims 1-13.
15. A computer-readable storage medium for storing computer-readable instructions that,
when executed by a processing system, perform the computer-implemented method according to

any of claims 1-13.
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