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Professional Statement

My research advances data-driven algorithms for transportation systems modeling, control, and
optimization. My approach is use-inspired [1, 2]: 1 gravitate to problems with societal stakes for which
existing tools fall short, and I build methods that generalize beyond the original problem. This orienta-
tion led me to transportation, a domain vital to economic and social well-being yet far from meeting its
sustainability, safety, and access goals. Data and computing are already reshaping the field, primarily
through monitoring and retrospective analysis. Prospective counterfactual analysis instead estimates how
proposed strategies would affect outcomes before deployment. Making such analysis scalable and trust-
worthy remains difficult but would complement costly field and user studies. It could answer questions like
“What would adding bike lanes in Boston do to traffic and safety?” or “Which US cities should implement
congestion pricing after NYC?” My work develops computational tools needed for such analysis.

A key barrier to scalable, trustworthy prospective analysis is the difficulty of optimization: a trustwor-
thy model must be calibrated to data (a notoriously difficult optimization problem), and decision-relevant
analysis optimizes that model to weigh alternatives. This generates a long tail of case-specific optimiza-
tion problem variants, each shaped by local networks, constraints, objectives, and data. Vehicle routing
problems (VRPs) illustrate the pattern [3, 4]: each added feature, such as time windows, charging, or
uncertainty, yields a distinct NP-hard variant, and deployments combine many such features. The 10,000
VRP papers published in 2025 alone reflect the scale of this tail. This pattern pervades transportation,
from signal control and transit planning to automated vehicle policy and urban air mobility.

Prior methods tackle this tail through intensive, per-problem specialization: hand-tuned heuristics for
classical solvers, or the data and tuning that reinforcement learning (RL) needs (Fig. 1) [S-W8]. Because
no method excels everywhere, this specialization is unavoidable, but it need not be handcrafted for each
problem. My thesis is that specialization can instead be learned and amortized across a family of related
problems by generalizing a learned solver across many scenarios or accelerating the solvers we already
have, sharply lowering the burden on the analyst. The central question I pursue is how far data-driven
algorithms can reduce the expertise, data, and tuning needed to effectively solve families of related
optimization problems. My 2023 NSF CAREER Award recognizes and supports this agenda [WO].
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differing in whether a capable solver already
exists: when none does, Thrust 2 develops sys-
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such as increasing sample efficiency by 30x [ ]; when a solver does exist, Thrust 3 augments it with
machine learning, making it 2—7x faster at equal quality [ , ]. This work is grounded in partner-
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helping to define an emerging field at the intersection of transportation, optimization, and Al.
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Figure 1: Optimization solver taxonomy and my research, pushing
the frontier toward effective, low-effort long-tail optimization.

IReferences to my work are prefixed with a “W” and appear in blue. highlights five representative articles.
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Thrust 1: Methodologies for Quantifying Impact at Scale in Transportation Systems

There is tremendous interest in simulation-based modeling of transportation strategies because it can test
many scenarios without costly field deployment. Its accuracy, however, depends on the quality of the
data, assumptions, and algorithms. I identify methodological gaps by applying existing methods and then
develop tools to fill them. Two problems I study are eco-driving and active traffic management.

My work quantifies the policy relevance of eco-driving at -®- LosAngeles  -@- Atlanta
. . . . oL . -@®- San Francisco
signalized intersections as a means to mitigate carbon emis-

sions [ ]. Over 1,000 papers study how to drive efficiently, _®
but not whether doing so would cut emissions enough to war-  § o -
rant large-scale deployment. We formalized the Regional Eco- &% [ f
driving Problem, which seeks driving behaviors that coopera- g 10 _,::;’—;-""’:": """""" i
tively minimize expected system-level emissions across region- £ 5 @,,;f—’—" -

wide traffic-intersection scenarios while preserving throughput ol o R

and safety. A key challenge was solving one million scenarios Eco-driving adoption %

and evaluating their emissions. Traditional model-based con-  gjgure 2: Eco-driving benefits are concave in
trol techniques would be time-intensive to adapt to the wide adoption due to platooning effects, suggesting
range of scenarios, motivating the use of deep reinforcement near-term deployment potential.

learning (RL) as a workhorse for solving the scenarios [W15]. We also mitigated the risk of “reward
hacking” (shifting emissions to other parts of the network) through careful handling of upstream and
downstream queues. Furthermore, EPA’s MOVES, the industry-standard emissions simulator, is too slow
at scale, so we distilled it into NeuralMOVES, a set of neural surrogates that run 10*x faster [W16].

We found that, at full adoption, eco-driving can cut intersection-level CO;, by 11-22% across three cities,
chiefly through avoided acceleration (Fig. 2). Eco-driving has near- and long-term implications: 70%
of its benefits are concentrated in 20% of drivers and intersections, and its gains accrue in addition to
those from electric vehicle adoption. Eco-driving also yields co-benefits in air quality, throughput, and
safety through smoother traffic. These benefits drew support from the Utah DOT, and we are now working
with JR East on eco-driving for trains. The same RL-assisted approach could refine deployment guidance
for professional fleets, gamification, or vehicle automation [W17-W24]. However, applying RL to each
new problem required extensive engineering and trial and error, motivating dedicated research on more
systematic, sample-efficient methods for deep RL (Thrust 2).

Controllable congestion on highways asks an analogous question about delay: how much congestion
can active traffic management remove without resorting to more intensive interventions like tolling or lane
expansion? We formalize controllable congestion as the maximum delay reduction from speed control,
solved via nonlinear model predictive control subject to METANET macroscopic traffic dynamics [25]
under varying demand and operational constraints [W26]. A key difficulty is calibration, despite decades
of research, especially for freeways with stop-and-go congestion: we showed that two recent methods
failed to generalize to a longer stretch of the same freeway [W27]. To capture rapid shifts in traffic regimes,
we developed the first dynamic traffic calibration methods; our gradient- and RL-based methods improve
METANET reconstruction accuracy by 48% and increase robustness to perturbations [W28-W30]. With
global infrastructure firm Cintra, we used the calibrated models to estimate that on average 50% of rush-
hour delay is controllable in segments of I-24 (Nashville, TN) and I-35W (Fort Worth, TX).

To chart achievable gains measure by measure, we are now analyzing the traffic safety effects of road
design with MassDOT, using behavior-prediction models adapted from autonomous driving [W31]; the
modal shift effects of journey planning that accounts for parking-search time [W32]; and the accessibility
effects of congestion pricing paired with transit reinvestment, as in NYC.
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Thrust 2: Sample-Efficient Contextual Reinforcement Learning

Reinforcement learning (RL) is an appealing analysis tool: it directly optimizes strategies from complex
objectives and simulators that encode case-specific variants, reducing reliance on specialized optimization
expertise. But realizing this promise is hard: RL is tuning-intensive and unreliable across the scenario
families that practical analysis needs. Analyzing eco-driving, for example, could span scenarios varying in
traffic demand, adoption rates, signal plans, road geometry, and vehicle types. This thrust asks how to solve
such scenario families with far less data, tuning, and engineering. We formalize them as contextual Markov
decision processes (CMDPs): parameterized families of related MDPs (tasks) in which a context vector
indexes the scenario [33—-35]. We focus on fixed, observed contexts and continuous context spaces.

We evaluated off-the-shelf deep RL on CMDPs spanning 160 traffic-signal-control scenarios developed
with the Utah DOT, as well as on benchmark control problems [W8]. We found that RL methods are
so sensitive to scenario variation that, on average, they underperform a simple fixed-time traffic control
baseline even when evaluated on their own training scenario. Whereas RL methods readily solve the
canonical CartPole benchmark, they fail on its variations, suggesting overfitting of the algorithm (not
the model) to specific scenarios exposed in public benchmarks. Further benchmarking showed trained
models underperforming across the context space (Fig. 3, orange vs. gray) and multi-task learning failing
to resolve it (green) [ ]. Because many RL applications are inherently contextual, these findings
motivate sample-efficient contextual RL. To support research, the IntersectionZoo benchmark exposes
one million data-informed traffic scenarios from ten US cities for cooperative eco-driving [W36].

Beyond transportation, this lens helped Amazon identify training brittleness in Nova Forge, one of the few
commercial RL products, in this case for large language model (LLM) fine-tuning; we then co-developed
and deployed a curriculum-based stabilization algorithm [W37, 38].

The gray curve in Fig. 3 shows that CMDP per- GTJO-8

formance improves by selecting, for each context, c

the best transfer from independently trained RL poli- E 0.6

cies. Counterintuitively, training on a target task may %

not yield its best performance, motivating strate- g o0.

gic task selection. Model-Based Transfer Learn- % N

ing (MBTL) does this by using a Gaussian pro- £ o. [ L S O demendont o
cess to model per-context performance, representing 2 T butesk

transfer loss as a linear function of context distance, 5 052 02 e 0B

and applying Bayesian optimization to select source Scenario context (eco-driving adoption %)
contexts under a hn.nted budget; Stand?r.d RL (e.g., Figure 3: Standard and multi-task RL (orange, green) are
PPO [39]) then trains only those policies [WI11].  sample-inefficient for solving CMDPs [39, 40]. MBTL iter-
MBTL achieves up to 30x better sample efficiency  atively selects training tasks (dotted) to exploit policy trans-
(brown vs. orange, Fig. 3), inherits GP-UCB’s sub-  fer (shades of brown) [W11].

linear regret guarantees [41], and extends to many settings [W42, W43].

Residual policy learning offers a complementary solution: start from a known nominal controller and
learn a correction term [44, 45]. This approach fits transportation because controllers like the Intelligent
Driver Model or Green Light Optimal Speed Advisory (GLOSA) encode useful operating rules, obviat-
ing imitation learning [46, 47]. We adapt this approach to contextual RL through Multi-Residual Task
Learning (MRTL), which learns multi-task residual policies conditioned on the context vector atop these
nominal controllers [W48]; a mixture-of-experts version combines multiple controllers [W49].

To make RL training more systematic, we are developing model-based approaches for other aspects of
training, including fine-tuning dynamics [W50], hyperparameters, and training complexity [W51, W52].
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Thrust 3: Accelerating Discrete Optimization with Machine Learning

Many transportation optimization problems, especially discrete ones like routing, scheduling, and assign-
ment, are already served by strong solvers, from mixed-integer programming (MIP) to vehicle routing
heuristics. For these problems, end-to-end RL may be unnecessary; this thrust instead keeps the solver
and makes it faster. The key is that solvers run under a time budget: milliseconds for real-time control
or hours to route millions of packages at Amazon. Within that budget, they rarely reach optimality, so
steering the same solver toward productive decisions yields a better solution at the same computational
cost. We call this learning-guided optimization [53, 54]: training small, often supervised predictors to
steer a solver toward productive decisions, such as which parts of a solution to revisit or which routines to
call, while preserving guarantees at modest cost (one GPU-day, 1,000 problem instances). Across a dozen
studies, learning-guided solvers achieve 2-7 x speedups at equal quality, creating a repeatable workflow
to specialize solvers to long-tail use cases.

One way to accelerate solvers is to learn to reuse solutions B Etl bl
across iterations. Each solver pass uses substantial computa- N A

tion to adjust only a small portion of the incumbent (Fig. 4),

so we learn which decisions will not change in hindsight and Lvr )
hand the solver a smaller residual problem. Motivated by -/,
rail-terminal dispatch in Boston, our learning-guided rolling- \\'F/
horizon optimization (L-RHO) for long-horizon flexible job- s

shop scheduling fixes machine assignments that stay consis-

LY

tent across planning windows, cutting solve time 2x [ ]. o'y
We also provide a probabilistic analysis of when L-RHO 2 '|"" —
outperforms heuristic rolling-horizon optimization. In VRP e
solvers, we apply this idea spatially, contracting incumbent nodes (stable)
route segments predicted to remain stable into hypernodes for

7% speedups | ]. This prediction problem motivated the o —— e e
first joint non-autoregressive/autoregressive decoder in neural O ettive dearcie 2 M
combinatorial optimization: a global pass flags unstable re-

gions, and a local pass refines them; the global pass alone is
too coarse, while the local pass alone is too myopic.

Re-optimized

nodes (unstable) *  Depot

Figure 4: Solver redundancy in the capacitated

VRP solver LKH-3 [55]: more than 98% of the

solution is unchanged (red) across iterations.

A second way is to replace hard-coded rules with data-driven ones. My early work achieved 2—4 x
speedups in VRP, MIP, and multi-agent algorithms [W56—-W58]. We then applied these ideas to congestion
in automated warehouses. These facilities are transportation networks in miniature, where dozens to
thousands of mobile robots form a dense traffic-assignment problem with subsecond replanning. Robots
are packed densely to maximize throughput, but under a continuous task stream (lifelong multi-agent path
finding, MAPF), congestion easily leads to deadlock. Rather than learning end to end, we hybridized RL
with prioritized planning (PP) [59]: PP plans one robot at a time in a random order; we use RL to learn
that order, leaving the planner untouched. With Symbotic, this improved package throughput by 20% in
simulated industrial warehouses [ ].

We are now creating a tutorial on learning-guided optimization and studying how agentic Al can discover
acceleration techniques at scale. Other emerging interests include designing more sample-efficient neural
architectures by encoding optimization inductive biases [W60] and extending these ideas to detailed sim-
ulators such as MATSim [61], where calibration difficulty and slow convergence inhibit adoption.

Together, these results lay a foundation for systematic, prospective analysis that addresses transportation’s
longstanding challenges and supports better outcomes in people’s everyday lives.
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Education. Three principles underlie how I prepare students to engineer increasingly complex systems:
systems thinking, so students can match tools to problems; experiential learning, because understand-
ing deepens when students put classroom concepts into practice and discover their limits; and technical
communication, so they can explain ideas precisely and compellingly.?

6.7920 (Reinforcement Learning: Foundations and Methods), which I created, is MIT’s first gradu-
ate course dedicated to RL and a modern successor to MIT’s classic course on Dynamic Programming [62].
The central design question is what researchers must understand not only to know ~ow RL works but also
to judge when to use it and when not to. The course is proof-based and foundational, equipping students
to exercise that judgment as RL enters high-stakes settings from LLM fine-tuning to robotic control.

1.041/1.200 (Transportation: Foundations and Methods) serves undergraduate and graduate stu-
dents and is my platform for applying all three principles in a changing field in which new data sources,
emerging technologies, and Al reshape what practitioners need to know. Hands-on labs make abstract
topics tangible through exercises such as “Build your own traffic jam,” “Build a queueing model for Seat-
tle transit,” and “Build an Al agent to help you find parking.” They ask students to reason about when
simulation-based, optimization-based, data-driven, or queueing-theoretic approaches are appropriate and
how model assumptions affect outcomes. Technical communication culminates in student-produced edu-
cational videos, several of which have been published on the MIT CEE YouTube channel [63].

Outside the classroom, I have mentored 11 PhD, 16 master’s, and 30 undergraduate students at MIT.
My three PhD graduates are now at Anthropic, Toyota Research Institute, and Microsoft Research.

Service. My service aims to strengthen scientific integrity so that research translates reliably into knowl-
edge and practice. I focus on improving the structures that help researchers verify, interpret, and build on
one another’s work.

I chair and co-founded the REproducible Research In Transportation Engineering (RERITE) Work-
ing Group to advance reproducibility [W64]. We launched this grassroots effort in 2024, motivated by
concerns about limited artifact sharing. A subsequent LL.M-assisted audit of 10,000 recent transportation
studies quantified the scale of the problem: only 3% shared data and code (cf. 80% code sharing in
ML), revealing substantial room to make the field’s knowledge easier to verify and build upon [W65, 66].
RERITE supports and celebrates reproducible research by raising awareness, offering tutorials and awards,
publishing special issues, curating resources, holding workshops, supporting research, and advising pub-
lishers on publication policies [W65, W67-W73]. In 2024, I led a tutorial at ITSC on reproducibility
challenges and best practices, and Prof. Montasir Abbas (VT) called it “the most useful talk I have seen
in all my years at ITSC” [W67]. We created a web app for discovering open artifacts [W72] and are
launching a special issue to publish high-quality transportation benchmarks [W71].

Careful claim scoping presents a related opportunity: claims that extend beyond the available evi-
dence can make it harder to assess what research can reliably deliver. As a program co-chair of the 2025
Reinforcement Learning Conference (RLC), I co-introduced a cover page requiring authors to state and
scope their contributions explicitly; reviewers use these statements as a shared rubric for assessing claim—
evidence alignment, helping authors communicate their contributions clearly and precisely [W74].

In editorial service, I hold associate-editor or equivalent roles at flagship venues spanning transporta-
tion, ML, and operations research: TR-C, ICML, NeurIPS, OPRE, and ICRA.3 T also organize workshops
and competitions to cross-pollinate these communities.

At MIT, I lead CEE Graduate Admissions (Systems & Transportation), serve on education committees
for CEE and the College of Computing, and have organized LIDS seminars and CEE Research Days.

2Course materials are available at web.mit.edu/1.041/www and web.mit.edu/6.7920/www.
3Full names: Transportation Research Part C: Emerging Technologies, International Conference on Machine Learning, Con-
ference on Neural Information Processing Systems, Operations Research, International Conference on Robotics & Automation.
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