Towards Routing Foundation Models for Commercial Vehicles

Bo Tang’
Massachusetts Institute of Technology
Cambridge, Massachusetts, USA
botang@mit.edu

Abstract

Commercial fleet trajectories record recurring operational decisions
across vehicles, regions, and time, offering a resource for pretraining
routing foundation models. Classical optimization methods solve
specified routing instances, while learning-based routing methods
train largely on synthetic instances. Longitudinal commercial tra-
jectories offer a complementary source of operational experience
for learning local movement patterns and recurring service se-
quences. We propose a research roadmap connecting this resource
to routing through controlled studies of scaling, transfer, and pri-
vacy. We will compare spatiotemporal representations and separate
the effects of data volume and coverage from model capacity and
compute. Downstream studies will test whether pretraining im-
proves routing quality, feasibility, and adaptation efficiency when
task-specific stops and constraints are supplied. Finally, we will
evaluate whether synthetic trajectories transfer these benefits to
independent models while assessing disclosure risks. The proposed
studies ask whether additional fleet experience yields predictable
gains that persist across regions and routing tasks and can be shared
beyond a single model architecture.
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1 Introduction

Vehicle routing is a core operational problem in parcel delivery,
field service, freight transportation, waste collection, and many
other fleet systems. Classical routing methods provide mature tools
for well-specified routing instances [8]. Real-world deployment,
however, presents challenges at two levels: computational, because
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large or frequently updated instances may exceed the available
solution time, and modeling, because the mathematical model may
omit relevant operating conditions. Travel times change, access
and parking conditions are only partly observed, and drivers often
rely on local knowledge that is difficult to encode. Dynamic and
stochastic formulations capture some of this variability only when
the relevant states or distributions are specified. The Amazon Last
Mile Routing Challenge, which scored routes by their similarity
to driver-executed sequences, illustrates the value of operational
history: its winning method extracted zone-order constraints from
historical executed routes and enforced them within a local-search
solver [3]. Historical operations can therefore provide useful routing
structure that is not fully expressed by a standard routing objective.

These limitations motivate learning-based routing. Neural combi-
natorial optimization learns construction or improvement heuristics
for mathematically specified routing instances, often on synthetic
Euclidean instances, but generalization across sizes and distribu-
tions remains difficult [10]. RouteFinder transfers across combina-
tions of vehicle routing problem (VRP) attributes, while RRNCO
introduces road-network-derived asymmetric distance and dura-
tion matrices from 100 cities [1, 7]. These methods broaden instance
coverage and realism but do not study pretraining on longitudinal
commercial fleet records or scaling with observed fleet experience.

Trajectory foundation models provide a complementary path
based on observed mobility. UniTraj pretrains on worldwide traces
and studies transfer across trajectory tasks, while MoveGPT ex-
plores scaling across data, model capacity, and geographic cover-
age [5, 11]. These results suggest that large trajectory corpora can
support transferable spatiotemporal representations, although their
value for downstream routing remains largely untested. Record
count alone does not guarantee effective scale; results at up to
10'! samples show that representation and sample quality affect
scaling [6].

Geotab offers a distinctive setting in which to test this premise.
The company reports approximately six million connected vehicles
and assets and 100 billion data points processed daily [4]. Commer-
cial fleet trajectories are collected continuously, linked to vehicles
over time, span multiple regions, and reflect recurring and diverse
commercial routing behavior. This structure makes it possible to
measure data growth across unique vehicles, vehicle-days, regions,
and temporal coverage rather than raw GPS points alone. We pro-
pose to compare multi-resolution spatiotemporal tokenizations and
estimate scaling relationships while varying data quantity, quality,
diversity, model capacity, and compute. We will test whether ad-
ditional operational experience yields predictable gains with scale
that persist across regions and routing tasks and transfer through
synthetic data to independent architectures.
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2 Scaling and Transfer

A large training corpus alone does not establish a routing founda-
tion model. Additional fleet data must yield measurable gains that
improve routing when task-specific stops, constraints, and objec-
tives are supplied. We will first characterize coverage and sampling
continuity, then compare multi-resolution spatiotemporal tokeniza-
tions using next-location, leg travel-time, and idling-duration pre-
diction signals. Full trajectories retain movement between stops
but require longer sequences; stop-based representations shorten
the context while discarding some movement detail. We will com-
pare the routing information retained at each resolution against
vocabulary size and sequence length. Controlled scaling studies
will guide routing adaptation, followed by synthetic transfer and
privacy evaluation.

Scaling laws. Lin et al. [6] attributed the lack of expected scaling
in conventional place-visitation modeling at up to 10! samples to
sample-quality problems; their spatial-interaction behavior formu-
lation recovered power-law scaling. We will measure data growth
across unique vehicles, vehicle-days, regions, and temporal cover-
age. For each tokenization, data comparisons will hold model ar-
chitecture, capacity, and training compute fixed while varying data
quantity, quality, and diversity. Separate studies will vary model
capacity and compute independently. We will fit scaling relation-
ships on smaller runs and test extrapolations on larger runs, using
disjoint vehicle, region, and time splits to evaluate generalization.

Transfer learning. Better trajectory prediction does not neces-
sarily lead to better routing. UniTraj transfers across trajectory
tasks and RouteFinder across vehicle routing problem (VRP) vari-
ants [1, 11]. Historical zone order and precedence information also
guided the winning Amazon solver [3]. Fleet trajectories do not
by themselves specify the required stops, objective, or constraints
of a routing instance. We will adapt pretrained models using task-
specific datasets that supply this information. The model will rank
candidate orders or propose initial routes using only the required
stops. A conventional solver will check feasibility and refine these
solutions. Learned route preferences will guide the search, while
the routing instance determines customer coverage, capacity limits,
and time windows. Under a fixed solve budget, we will compare
against the same architecture trained from scratch and strong rout-
ing baselines. We will report route cost, feasibility, and runtime,
and measure adaptation efficiency by the routing data and compute
needed to reach matched performance. Alignment with observed
operational patterns will be assessed separately from route quality.
We will test whether routing gains increase with pretraining scale
and persist across tasks and regions.

Synthetic data and privacy. Synthetic trajectories could comple-
ment model weights by transferring learned fleet structure across
architectures without releasing raw records. PrivIrace shows that
differentially private trajectory synthesis can retain selected aggre-
gate mobility statistics [9]. It remains unknown whether synthetic
data from larger pretrained models provide greater benefits to inde-
pendent models on real routing tasks. Establishing this relationship
would allow researchers to study the value of commercial fleet
experience using architectures suited to their own tasks. We will
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generate equal data volumes at each pretraining scale to train in-
dependent receiver models with architectures distinct from the
generator architecture. Each receiver architecture, its training com-
pute, and the adaptation protocol will remain fixed across generator
scales, with transfer evaluated on held-out real routing data. Privacy
evaluation will include membership inference, trajectory-user link-
age, reconstruction attacks, and sensitive-location disclosure [2].
These empirical tests will characterize privacy risks without estab-
lishing a privacy guarantee.

3  Outlook

We aim to contribute the pretrained model and privacy-evaluated
synthetic trajectories as common starting points for routing re-
search. Public trajectory datasets have supported progress in mo-
bility learning, but their scale, continuity, and geographic cover-
age can constrain foundation-model research. The model could
support adaptation to new regions and tasks, comparisons across
architectures, and continued research on scaling and transfer. Syn-
thetic trajectories could make learned structure available without
releasing raw fleet records. The broader goal is shared scientific
infrastructure for developing more adaptive, efficient, and reliable
routing systems.
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