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Abstract

We study learning-based approaches to semantic route planning, which concerns
producing routes in response to rich queries that specify various criteria and prefer-
ences. Semantic routing is already widely found in industry applications, especially
navigational services like Google Maps; however, existing implemenations only
support limited route criteria and narrow query sets as they rely on repurposing
classical route optimization algorithms. We argue for a learning-based approach
to semantic routing as a more scalable and general alternative. To foster inter-
est in this important application of graph learning, we are releasing a large-scale
publicly-licensed benchmark for semantic routing consisting of real-world multi-
objective navigation problems—expressed via natural language queries—on the
richly annotated road networks of US cities. In addition to being intractable with
existing approaches to semantic routing, our benchmark poses a significant scaling
challenge for graph learning methods. As a proof-of-concept, we show that—at
scale—even a standard transformer network is a powerful semantic routing sys-
tem and achieves non-trivial performance on our benchmark. In the process, we
demonstrate a simple solution to the challenge of scaling up graph learning: an
autoregressive approach that decomposes semantic routing into smaller “next-edge”
prediction problems.

1 Introduction

The route planning problem arises in diverse applications including navigating transportation networks
and supply chain logistics (Dantzig and Ramser, |1959). Route planning is classically formulated
in the language of graph theory as searching for paths between a source and a destination that
optimize a single static objective (Dijkstral |1959), usually travel time. In practice, route planning
systems are not as simple. For example, navigation services like Google Maps do not only optimize
for travel time—they allow drivers to specify multiple modes of transportation, add intermediate
stops, and convey preferences about avoiding roads with bike lanes (Ratliff et al.| 2009). Modern
routing systems are better described as performing semantic routing: a contextual and multi-objective
generalization of route planning that involves processing a rich user query that specifies not only a
source and destination but also various criteria—such as bike lanes preferences—and responding
with a satisfactory route (Delling et al.,[2017).

Current routing systems implement semantic routing capabilities in an ad hoc way, customizing
classical route optimization algorithms to support specific and limited types of route criteria. For
example, the technique of “cost modifiers” rescales edge weights according to whether the edge
type is preferred/dispreferred, such as doubling travel time along small roads when it is indicated
that small roads should be avoided (Ratliff et al.l 2009), and then runs a standard shortest-paths
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Figure 1: Examples of semantic routing tasks from our benchmark that involve navigating between
two locations in the Glenview neighborhood of Chicago. The user query is specified in pink, while
we outline the path of the optimal route (according to our automated evaluation scheme) in red.

algorithm. As industry routing services transition to offering increasingly rich experiences, it has
become clear that the current paradigm is unscalable. First, this ad hoc approach can only support the
limited types of route criteria that can be efficiently achieved through classical graph algorithms; for
example, cost modifiers only support “linear” criteria (Ratliff et al.}[2009). Second, modern routing
systems are complex ensembles of combinatorial algorithms and expensive to maintain; supporting
new features requires adding new customized algorithms into an already messy ensemble and even
then different route criteria can often not be efficiently combined. Third, current systems cannot
take full advantage of rich graph metadata as they require explicit instructions on what and how to
use each data field (Cormen et al.} [2022); this is a major opportunity cost as, for example, modern
road network metadata include live road conditions, the businesses along each road (OpenStreetMap
contributors}, [2017)), and even the locations and types of fruit trees (Welty and Phillips, [2013). One
can directly observe how these limitations manifest in industry services. For example, Google Maps
allows for specifying an intermediate stop if an explicit address is given but cannot automatically plan
a short stop to purchase dental floss; it can provide routes that use public transportation but not when
an intermediate stop is specified. In this paper, we study the open question of building a semantic
routing system that is truly scalable and offers general open-ended capabilities.

We argue for a learning-based approach to semantic routing, where systems are trained on historical,
and potentially simulated, data consisting of tuples of queries, rich graphs, and satisfactory routes.
A learning-based approach avoids all three key limitations of the current paradigm. It transfers the
complexity of semantic routing from handcrafting ensembles of combinatorial graph algorithms to
instead creating a rich dataset that demonstrates desired capabilities. Moreover, as we will demon-
strate, learned models can approximately fulfill route criteria that may not admit efficient classical
solutions and take advantage of available rich graph metadata that may be impractical to manually
engineer support for. Semantic routing also exhibits the usual hallmarks of a practical machine
learning application: though undesirable, having latency and errors in a semantic routing system
is not typically catastrophic or dangerous, unlike higher-stakes applications such as autonomous
driving. With the cost of deploying large neural networks plummeting and the toolkit of graph
learning methods exploding in recent years, we believe that learned semantic routing systems are
now a viable short-term goal. Our contributions are two-fold and aimed at fostering interest in this
important application of graph learning.

1. First, we release a large-scale publicly-licensed benchmark for semantic routing, which can be
found at |github.com/google-research/google-research/tree/master/semantic_routing, This benchmark,
and the remainder of our paper, focuses on real-world multi-objective navigation problems that
involve providing route suggestions to drivers. These problems include providing efficient routes for
errand running, planning recreational day trips, avoiding highway driving, and providing waypoint
routes that make stops by, e.g., grocery stores. Each problem in this benchmark is a tuple consisting
of (1) a subgraph of a real-world road network with rich metadata including local businesses, sourced
from the OpenStreetMap project (OpenStreetMap contributors, [2017), and (2) an unstructured natural
language user query. Our benchmark also includes an automated evaluation mechanism that, given a
problem tuple, scores candidate routes. Consisting of 1,000,000+ user queries and 300,000+ miles of
real-world road networks, our benchmark provides a comprehensive platform for evaluating semantic
routing systems and tests capabilities that are intractable with existing methods.

2. Second, we demonstrate the viability of learning-based semantic routing systems with a proof-
of-concept. Specifically, we show that—when done at sufficient scale—training even a standard
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Find a suitable place for dog walking and a post box along the waly.
{need: (dog park or park) and (post box)}
Help me plan a kid-friendly adventure through town, with all placeg no
more than a 20-minute drive away.

{visit: (game store or video game store or toy store or arcade)}
Please plan a route for me that includes a stop at a bakery and|a car
repair shop, avoiding highways whenever possible.
{visit: (bakery) and (car repair shop), dislikes: highways }

Figure 2: Examples of queries drawn from our benchmark, demonstrating an errand route planning
task (top), a trip planning task (middle), and the combination of a waypoint routing task and highway
avoidance task (bottom). Annotated labels are underneath queries in gray and are hidden to models.

transformer network on our benchmark's dataset creates a powerful semantic routing system, with a
60-70% success rate on benchmark tasks even on previously unseen user queries and in a previously
unseen American city. As existing semantic routing methods entirely fail on our benchmark—even
when implemented with unfair advantages—our proof-of-concept also establishes the rst non-trivial
baseline of our benchmark. A major challenge we encountered was scaling up graph learning methods
to large road graphs (e.g., 10,000 vertices and 25,000 edges); we identicedaaagressive approach

to be critical: performing repeated next-edge predictions to unroll a route instead of predicting an
entire route at once, allowing us to only provide the model a small local subsection of the road
network at a time. This approach is similar to that of a language model, except instead of unrolling a
sentence by predicting tokens, we unroll a route by predicting edges.

1.1 Related Work

Route Planning in Navigation. Traditional routing tasks are approached as nding shortest paths
within road networks and can be solved with dynamic programming algorithms such as Dijkstra's
method|(Dijkstra, 2022) and its generalizatigns (Shirribel, 1/954; Bellman| 1958 Ford, 1956). Their ef-
ciency has been improved via priority-queue-based implementations (Goldberg,2001; Meyer, 2001),
bidirectional search (Sint and de Champeaux, 19%7)search|(Hart et al., 1968), and contraction
hierarchies|(Bast et al., 2016; Delling et al., 2009; Bauer gt al.,|2010) that speci cally make use of the
near planar structure of the road networks. However, incorporating custom contextual information
into these algorithms is challenging, requiring solving a (often NP-complete) combinatorial problem
per context. For a very narrow set of contextual routing tasks where the “cost” of a route can be
decomposed into sum of its component edges, it is possible to de ne context-deperstanbdi ers

on edges such that the running shortest-paths on the new costs results in satisfactory golutions (Ratliff
et al|, 2009). However, this approach is not possible for most routing tasks of interest and—even
when available—still requires one to solve the challenging problem of learning how to design good
cost modi ers from complex natural language queries. A more generally available alternative is
to run unguided search algorithms suchfassearch or spectral methods based on electrical ows
(Sinop et al., 2021) to compute a large set of candidate routes from source to destination, and then
extract the best candidate. However, this approach needs one to have a good way of scoring candidate
routes and may require iterating through intractably many candidates to nd a solution.

Learning on Graphs. Inrecent years, many data-driven approaches have been explored for combi-
natorial problems on graphs. The works of Xu etlal. (2019, 2020) show that graph neural networks
(GNNSs) can learn dynamic-programming-based algorithms;ckilic et all (2019); Ibarz et al.
(2022) create GNN based neural learners to simulate various combinatorial algorithms by “hinting”
them with intermediate computations of the algorithms. Other works have explored the custom
models, such as pointer networks and attention-based GNNSs, for solving graph problems such as the
traveling salesman (Kool et al., 2018; Vinyals et al., 2015; Khalil et al., 2017; Nowak et al., 2017;
Deudon et al., 2018). However, these approaches are all empirically tested only at small scales: graphs
around 100 nodes large. In comparison, the semantic routing applications we explore in this paper
concern road networks that are—at smallest—10,000 vertices large; naively scaling graph learning
algorithms to this setting would require an impractically expensive distributed GNN system. One
exception to the small scale studies in previous works is Graves et al. (2016), who conducted routing
experiments on the London underground system using a highly specialized and complex variant of a



Figure 3: Example of semantic routing tasks from our main benchmark (left) and our grid-world
(right), visualized in false-color. The optimal route is illustrated in orange/pink and colored dots
denote points-of-interest.

differential neural computer. In contrast, we present in Section 3 a simple approach to scaling graph
learning methods to large-scale semantic routing problems: train on an autoregressive objective so
that the semantic routing problem decomposes into smaller next-edge prediction problems where it
suf ces to only consider a local neighborhood of the graph.

Autoregressive Models. Autoregressive approaches based on the transformer model (Vaswani

et al., 2017) have achieved remarkable progress for generative tasks from language modeling to image
and video generation. The ability of such models to generate sequences via the next-token-prediction
paradigm and to incorporate multi-modal information makes them a natural t to tackle semantic
routing. Moreover, when trained at scale and augmented with prompting techniques or external tools
and operations, autoregressive models appear to demonstrate capabilities of planning (e.g., Wei et al.
(2022); Huang et al. (2022); Schick et al. (2023); Yao et al. (2023); Valmeekam et al. (2023)). We
take inspiration from autoregressive methods to approach semantic routing, re-discovering strong
parallels between the domains of routing and language.

2 A Benchmark for Semantic Routing

We are releasing a public dataset of semantic routing problems concerning complex navigation
tasks on American roads. To facilitate discussion, we will formalize a semantic routing problem
as consisting of a grap@ = (V; E) with verticesV and edge&, a source and destination pair
u;v 2 E, and a querns 2 where  denotes all strings of alphabet We can denote the
metadata associated with each edg&insingthe map : E! , where isthe space of possible
metadata. Note that a single quargnay communicate multiple subtasks and objectives. The goal
of a semantic routing problem is to nd a paph2 E from source to destination that “satis es”

the querys. We can formalize this goal as nding a patithat starts at the soureg ends at the
destinatiorv, and maximize$ (s;f (€)ge2p) Wheref : I Ris a scoring function and

f (€)ge2p is the metadata associated with each edge in the path. In our benchmark, each query
is a natural language user query, sgan be understood as the English alphabet. Our géajsta

road network where each edge corresponds to a road segment, and edge metaiaias road
information such as colocated businesses and the speed limit.

2.1 Benchmark Overview

This benchmark evaluates semantic routing algorithms on whether they can successfully return a
satisfactory route when provided a natural language semantic routing query and a road graph on
which to navigate. To this end, we collected and labeled a large dataset of natural language semantic
routing queries and curated open-source data from OpenStreetMap contributors (2017) on the road



| Method Name Waypoint Routing Success Rate

Cost modi ers 0% 0%
Electrical ows (4096 routes) 1:3% 1:3%

Table 1: This table depicts the success rate of classical semantic routing methods (hamed in the
“Baseline” column) on waypoint routing task sampled from our benchmark. We de ne a method as
being successful if it returns at least one route that visits points-of-interest that together ful Il each
part of the user's query. The “cost modi ers” method returns every route that can be elicited by a cost
modifying rule (Delling et al., 2009); the “Electrical ows” method returns 4,096 routes sampled
with the electrical ows algorithm (Sinop et al., 2021). denotes standard errar£100).

networks and points-of-interest (facilities, businesses, restaurants, etc.) of major urban centers in the
United States. The benchmark is released under an Apache 2.0 license; see supplemental materials.
Structured similarly to a reinforcement learning benchmark, it is accessible as a software package
with three main functions: (1) generates semantic routing tasks by randomly drawing a user query
from a data bank and choosing the road graph of an American city, (2) given a semantic routing
task, featurizes the task by generating feature arrays that describe the road graph in the form of a
Tensor ow record (Abadi et al., 2015), and (3) given a semantic routing task and a candidate solution,
returns a numerical score that describes estimated route quality. Examples of these functionality are
provided in Python notebooks available in the previous link.

The benchmark consists of over 1 million natural language queries and navigation tasks drawn from
an over 11 million vertex graph representing 375,000 miles of real-world road networks and 1.3

million points-of-interest in 23 major US cities. Figure 1 illustrates samples of semantic routing tasks

from our benchmark and their solutions.

Benchmarked Tasks. Our benchmark measures semantic routing capability with important real-
world problems that involve navigating drivers on roads. The majority of tasks in our benchmark
involve a variant of waypoint routing: routing tasks that require planning out (usually multiple)
intermediate stops on one's route. For example, a user might ask to get coffee and drop off a package
en route to work. Two types of waypoint routing tasks appear in our benchmark: where the user
speci es a speci ¢ location category to visit (e.g., a grocery store), or where the user speci es a need
or errand that they need to complete en route (e.g., buy a water bottle). The latter allows for more
exibility as, for example, a water bottle can be purchased at many types of locations including both
grocery stores and gas stations. Ful lling a waypoint query involves up to four expensive steps:

1. Identifying points-of-interest that ful Il the request (e.g., nearby coffee shops and mail boxes).
2. Choosing which points-of-interest to stop by (e.g., picking a coffee shop and mailbox to visit).
3. Picking an order to make the stops (e.g., determining that getting coffee rst would be faster).
4. Ef ciently navigating through stops by minimizing travel time or ful lling additional objectives.

One fth of the tasks in our benchmark require also taking into account a driver's personal comfort
preferences, i.e., whether a driver has an aversion to highways or a preference against driving on
small local roads. Another subset of tasks in our benchmark involve planning day trips, i.e. itinerary
planning. In these tasks, the user query speci es a time budget and the type of day trip that the user
wants to go on; the goal is to return a route that takes the user to as many relevant points-of-interest
as possible within the time budget. Whereas waypoint routing is a variant of the traveling salesman
and set cover problems, trip planning is a variant of the knapsack problem.

We provide examples of each of these tasks in Table 2. A challenging aspect of our benchmark is
that a single problem typically involves multiple tasks; for example, a single query might describe
multiple errands that need to be run en route and also an aversion to highways. On average, a single
guery conveys 1.8 distinct tasks or objectives, with a maximum of up to 5 tasks per query.

Baselines. In this section, we adapt classical semantic routing methods to our benchmark and
evaluate them on their success rate on waypoint routing task. Here, we de ne a route as being
successful if it visits points-of-interest that together ful Il every request in the user's query; we will
ignore further considerations like travel time for simplicity. As noted in Section 1, we expect the



inherent limitations of classical methods to result in poor performance and will therefore generously
adapt these methods to afford them unfair advantages.

First, we consider the method obst modi ers(Delling et al., 2009) where—depending on the user
query—we rescale travel times along each edge according to the edge's metadata, and then apply a
classical shortest-paths algorithm to nd a route. To upper bound the performance of systems that
use cost modi ers on our benchmark, for every semantic routing problem, we perform a brute-force
search over the routes returned by each possible cost modi er scheme (i.e., edge rescaling rule) and
check if any of the routes is successful; if so, we mark down the overall method as being successful.
Second, we consider a guess-and-check method thatelestscal ows (Sinop et al., 2021) to
generate a large and diverse set of candidate routes and check if any of the routes is successful; once
again, we mark down the method as being successful if such a route is found.

The performance of these methods, as shown in Table 1, is unsurprisingly poor. Whereas waypoint
routing problems are provably unsolvable with cost modi er methods, the electrical ows method
is similarly doomed due to the intractably large search space of possible routes from source to
destination. For a baseline level of performance on our benchmark, we refer readers to Section 3.

2.2 Technical Details

Road network data. We curated and sourced road network data and points-of-interest data from the
OpenStreetMap project for the American cities of New York City, Santa Barbara, Miami, Cambridge
(MA), Providence, San Francisco, Orlando, Boulder, Albuguerque, Portland, Madison, New Orleans,
Chicago, Palo Alto, Philadelphia, Austin, San Jose, Memphis, Denver, Washington DC, Seattle,
Sacramento, Santa Cruz, and Berkeley. Our curated road networks embed rich metadata in every
road segment, including each segment's road type (e.qg., interstate, service road), number of lanes,
speed limit, length, estimated average transit time, geometry (start and end coordinates), and a list of
points-of-interest that can found along the road segment. Every point-of-interest in our road networks
exists in the real world and is annotated with its real-world name and assigned to one of over two
hundred point-of-interest categories, such as “gas station” or “mailbox”.

Our benchmark produces semantic routing problems by randomly selecting pairs of source and
destination edges within the road network of Berkeley, California; for tasks involving trip planning,
the destination is the same as the source. We perform rejection sampling to omit source-destination
pairs if the optimal route between the two requires traversing more than 600 road segments. Due
to its diverse composition, we chose the city of Berkeley as our benchmark's default hold-out city,
meaning that the training datasets that accompany our benchmark do not contain any examples of
semantic routing in Berkeley. This means that our benchmark evaluates semantic routing systems on
a road network they have never encountered and with points-of-interest and roads they have never
seen in training. To simulate live traf ¢ conditions on our road networks, we randomly rescale each
road's default transit time in every new semantic routing problem instance.

Query dataset. We collected one million natural language user queries through a combination of
human labeling and language model augmentation. The rst step in our process produced 1,000+
distinct types of semantic routing queries by manually taxonomizing common road situations (e.g.
ran out of gas, passenger spilled drink in backseat), and writing representative queries for each
situation in the taxonomy. An industry language model (OpenAl, 2023) was then applied to augment
these queries into 10,000+ natural language variations. Multi-objective queries were then formed by
randomly merging together combinations of up to 5 queries, where we again applied a language model
to re ne the writing of combined queries. The resulting queries were spot-checked for correctness
and are depicted in Figure 2 and Appendix D. Tour planning queries were not merged with other

query types.

To de ne an evaluation rule for our benchmark, i.e. the route scoring fun€tiove label every

query in our dataset with a structured interpretation of its content. For example, queries that specify
an aversion to driving on highways have a special ag in their label indicating such. For every
waypoint routing task communicated in a query, the query's label contains a list of point-of-interest
categories that would satisfy the task; for example, a “get waterbottle” task might be labeled with
the list (“grocery store”, “gas station”, etc.). Similarly, for every trip planning task communicated

in a query, the query's label contains a list of point-of-interest categories that the driver might want
to visit on the requested trip. Queries are human labeled, though when two queries are rewordings



Figure 4: Architecture of proof-of-concept semantic routing model: a transformer network trained on
an autoregressive objective. Arrows illustrate the ow of data from input to next-edge prediction.

of one another, we may only label one query and propagate its label to the other. Figure 2 depicts
random examples of queries and their labels.

Automated route evaluation. Although it is possible to use human raters to evaluate routing
systems on our benchmark's collection of semantic routing problems, we also provide an automated
system for evaluating candidate routes against problems in our benchmark. Our system—which
simulates a generic user's preferences with standard heuristics—returns various metrics about the
quality of the route, including an overall numerical score and task speci ¢ performance metrics like
the waypoint routing success metric of Table 1. Our evaluation system's overall score metric should
be understood as providing a ground-truth ordering over routes in terms of goodness; similarly, the
ground-truth optimal route is the route maximizing this score. We de ne the overall score as follows.
First, we refer to the problem’s query label and identify all waypoint requests and points-of-interest
that would satisfy the requests. If the route does not visit points-of-interest that satisfy all waypoint
requests, an in nitely large penalty is subtracted from the score. The total seconds of travel time
is also deducted from the overall score; although if the user speci es an aversion/preference for
driving on a particular road type, travel time on such roads is increased/decreased by a factor 5/0.5.
In trip planning tasks, a reward of 1,000 is added to the score for every relevant and unique type
of point-of-interest visited. When a time budget is communicated in the query, an in nitely large
penalty is subtracted from the score if the time budget is exceeded by more than a fourth.

Although this evaluation scheme can be succinctly stated, its optimization is non-trivial and gener-
alizes various combinations of traveling salesman, shortest path, set cover, and knapsack problems.
Moreover, this reward scheme leads to empirically high-quality results as demonstrated in Figure 1.

Training dataset. We are also releasing a training dataset consisting of 3 million pairs of semantic
routing problems generated from our benchmark and their ground-truth optimal routes. We brute-
force solved for these routes by peeking at the query labels and applying an ensemble of combinatorial
algorithms, mimicking a very inef cient classical semantic routing system. Beyond query labeling,
this requires 0.3 CPU hours per route.

Grid-world test bed. To provide a more exible test bed for semantic routing algorithms, we are
also releasing a purely synthetic semantic routing benchmark. This benchmark simulates a large
grid graph with highway roads and populates it with arti cial points of interest, as illustrated in
Figure 3. Each grid world generated is of size 30x30 and consists of 3560 road segments; these
graphs can be understood as randomly sampled subgraphs of an in nitely large grid world, taken
around a navigation task's source vertex. The query dataset for this grid world consists of simple
template-generated natural language queries and represents only waypoint routing tasks. Some
experiments in Section 3 are performed on this grid-world benchmark.

3 A Proof-of-Concept Autoregressive Model

One challenge that has limited the adoption of graph learning methods in routing applications is that
routing is a naturally large-scale decision-making process. Road networks form highly connected



Success Rate (Waypoint Routing, Errands) 92.0%7%

Success Rate (Waypoint Routing, Locations) 38.0%.6%
Success Rate (Waypoint Routing, Mixed) 34.096.9%
Success Rate (Trip Planning) 68%4%

Median Excess Penalty (Waypoint Routing, Mixed) 0.8 seconds
Median Total Travel Time (Waypoint Routing, Mixed) 509 second

Table 2: The task-level performance metrics of the proof-of-concept autoregressive transformer
model on our benchmark. The evaluated problems represent various semantic routing tasks with
queries drawn from a holdout test set and conducted on a road network from a previously unseen city
(Berkeley, CA). “Waypoint Routing Success Rate” is the fraction of waypoint routing problems that
are successfully completed (see Table 1). “Errands” are waypointing needs that can be ful lled by
multiple point-of-interest categories (e.g., buy water bottle), “locations” are those that correspond to a
speci ¢ point-of-interest category (e.g., gas station), and “mixed” refers to waypoint routing problems
consisting of both errand and location subtasks. “Trip Planning Success Rate” is the fraction of trip
planning tasks that are completed under the time budget and where the predicted route provides at
least half the experiences of an optimal itinerary. “Excess Penalty” is the median gap between the
achieved overall route score and best possible score, conditioned on successfully completed waypoint
routing problems; this penalty can be understood as total travel time (in seconds) rescaled by 5x when
transiting along an unfavorable road type. Standard error is denoted by

graphs, and even a 10 kilometer stretch of road involves, on average, 600 different road segments
(OpensStreetMap contributors, 2017). Meanwhile, popular deep learning methods for graph-structured
data such as GNNs are often dif cult to scale, leading to an impression that graph learning methods
are an impractical solution to semantic routing.

In this section we demonstrate a simple graph learning method that serves as a strong baseline for
semantic routing tasks. Our key observation is that we can train autoregressive networks on a natural
next-vertex prediction objective tmroll routes. We show that, by decomposing semantic routing

into next-vertex subproblems, it is possible to construct high-quality routes while only needing to
engage a small neighborhood of the road network at each point in time. This approach allows standard
transformer networks to achieve strong results on our semantic routing benchmark.

3.1 Autoregressive Modeling

Autoregressive learning is an approach to learning generative models where one trains a network on
the task of predicting the next element of a string (Brown et al., 2020), which can be a sentence in
language generation or, in semantic routing, an edge. These networks can be used to generate strings
by unrolling a solution path through repeated nebdmentpredictions or, in the case of semantic
routing, through repeated neatigepredictions. From a probabilistic standpoint, this approach
circumvents the need to estimate the distribution of the entire solution path by decomposing it into a
sequence of conditional distributions via the chain rule.

Despite their greedy nature, autoregressive predictors have demonstrated remarkable success in
language generation and showcased their ability to effectively navigate complex decision spaces
(Huang et al., 2022; Bubeck et al., 2023). Moreover, they are proven theoretically to be universal
learners if trained on adequate data (Malach, 2023). These results suggest autoregressive models to
be a viable graph learning solution to semantic routing: one can avoid needing to scale graph learning
algorithms to large road networks if they can decompose routing into next-edge prediction problems
where only a small neighborhood of the graph is relevant at any single time.

3.2 A Proof of Concept

We trained a standard transformer network on our benchmark’s training dataset. By truncating the
example routes in the dataset at random positions, we optimized our model on an autoregressive
objective of predicting subsequent edges. As inputting entire road networks into our model was
impractical due to it©(jVj?) memory footprint, we instead input a small neighborhood of the road
network around the head of each truncated route. The resulting model ts on a single GPU.
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