
AlphaTransit: Learning to Design City-scale
Transit Routes

Bibek Poudel1 Sai Swaminathan1 Weizi Li2
1Department of EECS, University of Tennessee, Knoxville, TN, USA

2Department of CSE, University of California, Riverside, CA, USA
Correspondence: bpoudel3@vols.utk.edu

0K 250K 500K 750K 1.0M
Environment Steps

-30

-20

-10

0

R
e
w

a
rd

End-to-End RL Reward Shaping

Terminal
Raw + ES

∆ + ES
∆ + No ES

0K 250K 500K 750K 1.0M
Environment Steps

-13

-9

-5

-1

3
R

e
w

a
rd

AlphaTransit vs End-to-End RL

AlphaTransit
End-to-End RL

S
e
co

n
d

s
/

D
e
ci

si
o
n

500

2K

8K
Search Time

100 200 300 400 500
MCTS Simulations

0

4

8

AlphaTransit
Pure MCTS

Figure 1: Learning dynamics and search cost under mixed demand (α = 0.3). LEFT: Curves
show averages over two training seeds per reward mode. Reward shaping is critical for End-to-End
RL. Early Stopping (ES) penalizes routes that terminate before Lmax, while Delta-coverage (∆)
rewards only newly covered demand. The ∆ variants are strongest; ∆ + No ES is best. MIDDLE:
MCTS search improves sample efficiency under the same environment-step budget. At search depth
Niter = 500, AlphaTransit surpasses End-to-End RL around 3× 105 steps and finishes with a final
smoothed reward 1.31 versus −4.02. RIGHT: Learned policy and value estimates make MCTS
search practical across search depths Niter ∈ [100, 500], when benchmarked on the Bloomington
network with a single CPU worker. AlphaTransit stays within seconds per decision, whereas Pure
MCTS requires hundreds to thousands of seconds per decision.

Abstract

Designing a transit network requires many sequential route extension decisions,
but their quality is often visible only after the full network is assembled. This
delayed-feedback challenge lies at the heart of the Transit Route Network Design
Problem (TRNDP), where route interactions can be deceptive: an extension that
appears useful locally can create transfer bottlenecks, produce redundant overlap,
or reduce overall throughput. To guide route construction under delayed simulator
feedback, we introduce AlphaTransit, a search-based planning framework for city-
scale bus network design. AlphaTransit couples Monte Carlo Tree Search (MCTS)
with a neural policy-value network: the policy proposes route extensions, the value
estimates downstream design quality, and search uses these predictions to refine
each decision. This provides decision-time lookahead during route construction
without running simulator rollouts inside the search tree. We evaluate AlphaTransit
on a new Bloomington TRNDP benchmark with realistic road topology and census-
derived demand, under mixed and full transit demand settings. In the Bloomington
network, AlphaTransit attains the highest service rate in both demand settings,
reaching 54.6% and 82.1%, respectively. Relative to reinforcement learning with-
out search, these correspond to 9.9% and 11.4% service rate gains; relative to
MCTS without learned guidance, they correspond to 2.5% and 11.2% gains. These
results suggest that coupling learned guidance with MCTS is more effective than
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Figure 2: AlphaTransit overview. At each route-construction state st, MCTS uses the policy-value
network fθ = (Pθ, Vθ) to perform selection, expansion, evaluation, and backpropagation. The visit
count statistics define a MCTS policy πt, from which the next action is sampled to advance the state.
After the full route set is completed, UXsim evaluates the design and returns a terminal reward z.
Tuples (st, πt, z) are stored in buffer D and sampled to train fθ with policy and value losses.

using either approach alone for transit network design. Our code and data are
publicly available in https://github.com/poudel-bibek/AlphaTransit.

1 Introduction

Learning to act under sparse rewards is a central challenge in sequential decision making [54]. In
such settings, combining policy priors and value estimates with Monte Carlo Tree Search (MCTS) has
notably achieved superhuman performance in games such as Go, chess, and shogi [51, 53, 52]. This
approach has also succeeded with unknown dynamics by planning with a learned model [47], and has
yielded breakthroughs in algorithmic discovery for matrix multiplication [19] and low-level sorting
routines [35]. Together, these results suggest that learned priors combined with explicit lookahead
extract a stronger training signal from sparse reward environments than policy learning alone.

We study this principle in Transit Route Network Design Problem (TRNDP), a combinatorial opti-
mization problem in which a planner designs a set of possibly overlapping routes on a shared street
network to serve many-to-many passenger flows under operational constraints such as fleet size and
cost [46, 17]. Unlike classical routing problems such as the travelling salesman problem [31] or the
vehicle routing problem [55], TRNDP jointly designs a route network whose components interact
through transfers, congestion, and shared infrastructure [11]. As a result, changing one route can
reassign passengers across the network and alter the value of distant route segments. The reward
signal is therefore delayed and nonlocal, since the effect of each route extension is observed only after
the full network is assembled and simulated. TRNDP is NP-hard [28, 43]; the Bloomington setting
studied in this work admits ≈ 1082 candidate route sets (Appendix A). The optimization landscape
is also deceptive: a locally attractive route extension can create transfer bottlenecks, redundant
overlap, and lower global throughput. In addition, the objective is inherently multi criteria, balancing
passenger facing metrics such as coverage, waiting time, and journey time against operator side
constraints such as fleet size, route overlap, and vehicle utilization.

Prior TRNDP methods handle this difficulty by simplifying the evaluation model, iteratively modi-
fying candidate route sets, or learning route construction policies. Exact and decomposition-based
methods follow the first path, making optimization tractable by using analytical passenger routing and
travel time objectives rather than simulation [5, 62]. Metaheuristics follow the second path, generating
and modifying candidate route sets with problem specific heuristic or evolutionary operators [38, 41].
More recently, learning based methods reduce manual design by learning policies that construct
routes directly or heuristics that guide search [70, 24]. Across these approaches, local design choices
remain hard to assess because their value depends on the completed route set.

This limitation motivates a route construction procedure that improves local decisions through
lookahead over partial networks, while avoiding expensive simulation at every node. To address this,
we introduce AlphaTransit, a search-guided framework that couples MCTS with a neural policy-value
network, shown in Fig. 2. For each partial route, the policy provides priors over feasible extensions,
and the value estimates downstream design quality. MCTS combines these predictions into a visit-
count policy, from which the next extension is sampled to advance the design. During search, leaf
states are evaluated by the value head rather than simulator rollouts. The simulator returns a terminal
reward only after a complete route set is constructed; the resulting samples are used to update the
network to match search-improved policies and predict final rewards. Our contributions are:
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• We introduce AlphaTransit and show that learned lookahead is effective for simulator-defined bus
TRNDP, achieving the highest service rate among evaluated methods in both demand regimes.

• We present a Bloomington TRNDP benchmark with a topologically accurate road network, census-
derived origin-destination demand, and an existing human-designed bus transit reference.

• We isolate the role of learned lookahead by comparing AlphaTransit against End-to-End Rein-
forcement Learning (RL) without decision-time search and Pure MCTS without learned priors or
value estimates, alongside heuristic, metaheuristic, neural-evolutionary, and real-world baselines.

We evaluate AlphaTransit on the Bloomington benchmark under mixed and full transit demand
regimes. AlphaTransit reaches mean service rates of 54.64% and 82.08%, respectively, yielding
relative service-rate gains of 9.9% and 11.4% over End-to-End RL, and 2.5% and 11.2% over Pure
MCTS. Under mixed-demand, AlphaTransit also attains the highest bus utilization and second-highest
route efficiency. Under full transit demand, it obtains the lowest wait time, highest route efficiency,
and highest bus utilization. Together, these comparisons indicate that coupling learned priors with
lookahead search makes sparse terminal feedback more useful for route design.

2 Related Work

TRNDP has been studied for over four decades, spanning exact, heuristic, and learning-based meth-
ods [28, 16, 43]. Exact and decomposition-based formulations provide optimization structure for
analytical variants of the problem [5, 62]. Their tractability, however, depends on simplified de-
mand, assignment, and operating models, which makes simulator-defined objectives with congestion
and vehicle capacity difficult to optimize directly. Classical metaheuristics, including genetic algo-
rithms [38], simulated annealing [71], and bee colony optimization [41, 16], handle larger design
spaces and avoid some of these abstractions, but depend on tailored move operators, penalty terms,
and instance-specific tuning. More recently, learning-based approaches reduce manual design by
constructing routes with reinforcement learning [70, 15, 32] or by learning heuristics to guide evo-
lutionary search [22, 23, 24]. These approaches move toward reusable policies, but most embed
learning inside a larger metaheuristic loop rather than producing a standalone construction policy. For
methods that construct routes directly, credit assignment remains difficult because the effect of a local
route extension on network-wide passenger flow is only observed once routes have been assembled.

Most studies test on small or synthetic benchmark networks [34, 21] that do not reflect the scale or
coupling of realistic urban networks, or rely on analytical objectives and assignment approximations.
A smaller line of work uses simulation-based evaluation for bus-oriented transit network redesign
and optimization [36, 42]. Both matter because congestion, vehicle capacity, transfer delays, and
passenger reassignment are the mechanisms that make TRNDP rewards stochastic, delayed, and
nonlocal. Such rewards favor methods with explicit lookahead, where search statistics both guide
action selection and serve as training targets for a learned policy [52, 47]. Consistent with this
motivation, MCTS has been applied in adjacent settings [27], including Pareto-optimal transit route
planning [66], spatial network augmentation [14], surrogate-assisted combinatorial optimization [2],
and metro network expansion combining deep RL with MCTS. The closest neural-search method is
MetroZero [1], but it selects metro expansion stations under budget constraints, whereas AlphaTransit
constructs complete bus route sets on existing shared roads and evaluates them through passenger and
traffic simulation. However, to the best of our knowledge, no prior work on bus TRNDP brings these
three strands together. Learned policy and value priors guide search, MCTS-based lookahead refines
action selection, and simulation-based evaluation supplies the terminal reward signal. AlphaTransit
integrates all three by training policy and value networks against targets produced by MCTS, with
rewards drawn from mesoscopic traffic simulation on a city-scale road network [50].

3 AlphaTransit

3.1 Problem Formulation

We model the road network as an undirected graph G = (V,E), where V = {v1, . . . , vn} denotes
nodes such as intersections and E denotes bidirectional road segments, each with length ℓe > 0 and
free-flow speed ce > 0. Travel demand is exogenous and is represented by an origin–destination
matrix D ∈ Rn×n

≥0 , where Dij gives the number of trips per hour from origin node i to destination
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node j. The modal-split parameter α ∈ [0, 1] assigns a fraction of total OD demand to bus transit, so
that Dtr

ij = αDij .

A transit route rk = (vk,1, . . . , vk,Lk
) is an ordered simple path on G: consecutive nodes must

share an edge, i.e. {vk,q, vk,q+1} ∈ E, and no node repeats within a route. Routes are operated
bidirectionally, so buses traverse both vk,1 → · · · → vk,Lk

and its reverse. For each completed
route set, bus passenger requests are evaluated on the induced transit graph. Passenger itineraries
follow shortest-distance paths on this graph and may use one route or transfer across multiple
routes to complete their journey. A complete transit design specifies an indexed K-tuple of routes,
Π = (r1, . . . , rK), together with stop spacing and service frequencies:

(Π,g,F) =
(
(r1, . . . , rK), (g1, . . . , gK), (F1, . . . ,FK)

)
, (1)

where gk ≥ 1 defines the stop spacing for route k, and Fk ∈ N>0 is the service frequency in buses
per hour. The tuple notation provides the index-wise correspondence between route rk, spacing gk,
and frequency Fk; the simulator reward is invariant to permutations of route order. Given G, D, and
design constraints such as the route count K and route length bounds, the Transit Route Network
Design Problem seeks to maximize expected system-level performance:

(Π⋆,g⋆,F⋆) ∈ argmax
(Π,g,F)∈X

Eξ

[
R
(
Π,g,F ; ξ

)]
, (2)

where X is the feasible design set, ξ denotes simulator stochasticity, andR(·; ξ) is a traffic-simulation
performance measure. We fix the stop spacing to gk = 1 for all routes and assign frequencies using a
max-load rule (Appendix B); thus, the learned decision variables reduce to the route tuple Π.

We cast the route construction as a finite-horizon Markov decision process (S,A, P,RT , s0), where
S is the state space, A = {1, . . . , n} is the action space with infeasible actions masked at each
step, P is the transition function, and s0 is the initial state. Since stop spacing and frequencies are
deterministic once Π is chosen, the terminal reward is given by

RT (Π; ξ) = R
(
Π, 1, F(Π); ξ

)
, (3)

Here F(Π) = Fml(Π) is the max-load frequency projection defined in Appendix B. For a completed
route set, this projection is the componentwise minimal positive frequency vector satisfying fixed-load
capacity constraints. Appendix B proves this projection property and defines the corresponding gap
between the projected route-only objective and joint route-frequency optimization. Let µθ be the
executed construction policy. For End-to-End RL, µθ(a | s) = πθ(a | s); for AlphaTransit, µθ is the
MCTS policy induced by the policy-value network fθ. The learning objective is

J(θ) = EΠ∼µθ, ξ

[
RT (Π; ξ)

]
, (4)

where Π is the complete route set constructed under µθ. In each episode, the agent sequentially
constructs K routes, each satisfying |rk| ≤ Lmax, by extending one route at a time. In our setting,
K = 16 and Lmax = 14. Routes start at a transit-center hub and grow one node at a time from
the frontier, the most recently appended node, with feasible actions restricted to one-hop neighbors
not yet visited in the current route. The policy has no separate stop action; a route is finalized
automatically when it reaches Lmax or when no valid extension exists. Thus, the learned decision
horizon is bounded by Tmax = K(Lmax − 1) and may be shorter when routes terminate early.

State. At each step t, the state encodes the road graph and the transit network constructed so far,
including completed routes, the current partial route, and the frontier node. The policy network
receives this as st = (Xt, I, Z), where I is a directed edge list, Z stores edge features such as length
and free-flow speed, and Xt ∈ Rn×dx contains per-node features capturing spatial attributes, OD
demand aggregates, route membership, and frontier status. The full specification is in Appendix C.
Action. At each step the agent selects at ∈ A = {1, . . . , n}, with at = i appending vi to the current
route. Let vft be the frontier node of partial route rk,t. The admissible candidate set is

Ct =
{
i ∈ {1, . . . , n} : {vft , vi} ∈ E and vi /∈ rk,t

}
, (5)

so every valid action extends the route by one hop while preserving the simple-path constraint,
and Ct = ∅ triggers early termination. Because Ct is restricted to unvisited one-hop neighbors
of the frontier and road graphs are sparse, typically |Ct| ≪ n. We therefore apply invalid-action
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Figure 3: AlphaTransit policy-value network. Node features are projected to embeddings, then passed
through a GATv2 backbone using edge connectivity and edge attributes. Successive attention blocks
produce multi-hop representations, which Jumping Knowledge aggregation concatenates and projects
to node embeddings. A node-wise actor MLP produces logits, from which infeasible actions are
masked. A graph-level critic uses global mean and max pooling and predicts Vθ(s). AlphaTransit
uses Pθ(· | s) as MCTS action priors and Vθ(s) as the leaf-value estimate.

masking [26]: a binary mask mt ∈ {0, 1}n with mt[i] = 1{i ∈ Ct} restricts the policy to feasible
extensions. Given logits ℓθ(st) ∈ Rn, the masked policy, for Ct ̸= ∅, is

πθ(at=i | st) =


exp(ℓi)∑

j:mt[j]=1 exp(ℓj)
if mt[i] = 1,

0 if mt[i] = 0.

(6)

Node feasibility is also exposed in Xt via a valid-next flag, allowing the policy to observe which
actions are admissible while the mask enforces zero probability on invalid actions.

Reward. For a complete route design Π = (r1, . . . , rK), we assign frequencies F(Π) via the
max-load rule and evaluate the design through simulation. The terminal reward for training is

RT (Π; ξ) = b0 Ψ+ b1 ρ− b2 t̂wait − b3 t̂move − b4 ω − b5
Nbus

K + b6 u, (7)

with b0=60, b1=45, b2=20, b3=10, b4=10, b5=2, b6=12, chosen to balance passenger and
operator objectives; planners with different goals can set different weights. The coverage potential Ψ
is the fraction of total OD demand assigned to transit and reachable under Π. Let GΠ = (VΠ, EΠ) be
the graph induced by Π, with VΠ as served nodes and EΠ as edges. Then

Ψ =

∑
(i,j)∈Preach

Dtr
ij∑

i,j∈V Dij
, Preach = {(i, j) : i, j ∈ VΠ and j is reachable from i in GΠ}. (8)

The service term is ρ = Nboarded/NOD, where Nboarded counts passengers who complete trips or
are onboard at the simulation horizon and NOD is citywide OD demand over that horizon. This fixed-
denominator reward term differs from the reported service rate σ = Nboarded/Nwant in Appendix G.
Let t̄wait and t̄move denote raw average waiting and in-vehicle times in minutes over served passengers.
The reward uses capped normalized time penalties,

t̂wait = min{t̄wait/30, 1}, t̂move = min{t̄move/40, 1}.
The remaining terms are route overlap ratio ω, fleet size Nbus, and bus utilization u. The scalar
terminal reward is separately normalized online when forming the value target [25, 12].

3.2 Search-Guided Reinforcement Learning

Sequential transit design provides a sparse training signal because node extensions are evaluated
only after route designs are completed, frequencies are assigned, and passenger flows are simulated.
Local construction policies, including heuristics and end-to-end RL, select each node without looking
ahead to downstream network effects at decision time; these effects are observed only after design
evaluation. AlphaTransit runs Monte Carlo Tree Search (MCTS) at each construction state, guided
by the policy-value network fθ. The visit counts define an MCTS policy used both to sample the next
node and to train the actor. This makes AlphaTransit a search-guided reinforcement learning method.

Fig. 3 shows fθ mapping graph state s = (X, I, Z) to fθ(s) = (Pθ(· | s), Vθ(s)), where Pθ gives
node-action probabilities and Vθ estimates the value of completing a design from s. The network
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Figure 4: AlphaTransit scaling behavior under mixed demand (α = 0.3). Search depth, data diversity,
and policy size show different quality–compute trade-offs. LEFT: Performance peaks at Niter = 400
with top-5 reward 1.67, rather than increasing monotonically, while Niter = 500 lowers reward to
1.29 with higher runtime. MIDDLE: Increasing episodes per iteration gives the highest reward,
2.20 at 32 episodes, but costs the most compute. RIGHT: Policy-size labels (2×-16×) denote the
GAT-block repetition count; the 2× policy reaches 2.05, while the 16× policy falls below 0.

projects node features and processes them with a shared GATv2 [7] backbone using I and Z. The
actor and critic share this backbone. For fixed hidden widths, attention heads, and block count B, the
parameter count is independent of n, while a forward pass costs O(B(n+ |I|)), linear in n for sparse
road graphs. Jumping Knowledge aggregation [68] gives both heads access to multiple receptive-field
scales. Let h(b)

v denote the representation of node v after block b. The block outputs are concatenated
and projected to a node embedding:

zv = WJK

[
h(1)
v ∥ · · · ∥h(B)

v

]
+ bJK, (9)

where WJK ∈ Rd×
∑B

b=1 db maps the concatenation to dimension d. The actor applies the same
MLP to each zv, producing one logit per node, then masks infeasible logits via Eq. 6. The critic
concatenates global mean and max pooled node embeddings and maps the pooled representation to
Vθ(s). Appendix D provides architecture details.

At each construction state st, AlphaTransit runs an MCTS rooted at st over admissible route-
extension actions. For any tree state s, let C(s) be the candidate set from Eq. 5; at the root, C(st) = Ct.
Each edge (s, a), with a ∈ C(s), stores N(s, a), W (s, a), Q(s, a), and prior Pθ(a | s), where
Q(s, a) = W (s, a)/N(s, a) if N(s, a) > 0 and Q(s, a) = 0 otherwise. Leaf states are evaluated by
Vθ, avoiding simulator calls inside the tree. Each simulation then proceeds through:

• Selection: Starting at the root, each simulation selects actions using the PUCT rule [45], which
combines the current value estimate with an exploration bonus:

a⋆ = argmax
a∈C(s)

Q(s, a) + c Pθ(a | s)

√
1 +

∑
b∈C(s) N(s, b)

1 +N(s, a)

 . (10)

Here, c balances exploitation of high-value actions with exploration of less-visited ones.
• Expansion and evaluation: When selection reaches an unexpanded leaf sleaf , a single forward

pass of fθ produces priors Pθ(a | sleaf) for each a ∈ C(sleaf) and a scalar value Vθ(sleaf) used
as the backed-up leaf value. No simulator rollout is performed inside the tree; the simulator is
invoked only after the executed trajectory completes a full route set.

• Backpropagation: After evaluation, statistics are updated along the path from leaf to root:
N(s, a)← N(s, a) + 1, W (s, a)←W (s, a) + Vθ(sleaf), and Q(s, a)←W (s, a)/N(s, a).

After Niter simulations, the action distribution at the root is derived from visit counts:

πt(a | st) =
N(st, a)

1/τ∑
b∈C(st) N(st, b)1/τ

, a ∈ C(st), (11)
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Figure 5: Mixed-demand results on the Bloomington benchmark (α = 0.3). Points show means; error
bars denote±1 standard deviation. In each panel, green overlay and Optimal label mark improvement
direction: upper-left for service rate versus fleet size, lower-left for journey time versus transfer rate,
and upper-right for bus utilization versus route efficiency. LEFT: AlphaTransit achieves highest
service rate, 54.64%, with fleet size 80. MIDDLE: AlphaTransit obtains 35.81 minutes of journey
time and an 82.66% transfer rate. RIGHT: AlphaTransit achieves highest bus utilization, 22.10%,
and the second-highest route efficiency, 21.99. Together, the panels show that AlphaTransit pairs the
highest service rate and bus utilization with a competitive passenger-burden trade-off.

where τ is the temperature parameter. During training, the next action is sampled from πt, and the
pair (st, πt) is stored for the episode. Once the full route set Π is constructed, the simulator returns
the terminal reward z = RT (Π; ξ), which is normalized online to form the value target z̃ and paired
with each stored state. The network is trained from samples (s, π, z̃) by minimizing

L(θ) = E(s,π,z̃)

− ∑
a∈C(s)

π(a | s) logPθ(a | s) +
(
Vθ(s)− z̃

)2 . (12)

The first term distills MCTS visit counts into the actor, and the second term trains the critic to predict
the normalized terminal outcome. The full training algorithm is provided in Appendix E.6.

4 Experiment

City Networks and Demand Data. We introduce a new real-world transit design benchmark dataset
that includes: (i) a topologically correct road graph with 143 nodes and 243 bidirectional edges,
extracted from the Bloomington street network (∼152.3 km2); (ii) a block-level OD demand matrix
derived from U.S. Census data; and (iii) the 16 existing real-world transit routes [6]. Unlike synthetic
benchmarks, our dataset provides realistic road topology and spatially heterogeneous travel demand.
We train and evaluate AlphaTransit on this network. Processing details are in Appendix F.1. To
evaluate cross-city generalization, we test policies trained on the Bloomington network on a larger
Laval network from Holliday et al. [24] (∼256 km2 with 632 nodes and 1,971 edges), using the same
design parameters, K=16 and Lmax=14. Additional details are in Appendix F.2.

Setup. We run simulations in UXsim [50], a mesoscopic traffic simulator based on Newell’s car-
following model [40]. Its mesoscopic resolution captures congestion propagation while remaining
tractable for iterative optimization: by aggregating vehicles into platoons of size ∆n = 5, UXsim
runs 30–60× faster than microscopic simulators such as SUMO [33]. Dynamics advance at ∆t = 1 s
for Tsim = 10,000 steps (≈ 2.7 hours), covering a representative morning peak [10]. We extend
UXsim with a training environment that handles bus dispatch, boarding, alighting, and modal split.
Buses operate with 40-passenger capacity and 60 s dwell time per stop, while α allocates OD
demand between bus and car modes. We train AlphaTransit on Bloomington for approximately 1M
environment steps using parallel episode workers and Niter = 500 MCTS simulations per decision in
the final comparisons. Unless stated otherwise, all AlphaTransit and Pure MCTS final comparisons
use this search budget. Each episode constructs 16 routes, grown node by node until reaching
Lmax = 14 stops or no valid one-hop extension remains. All routes begin at the transit center hub,
matching real-world Bloomington Transit. We consider two modal splits: α = 1.0, which assigns all
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Figure 6: Selected route designs under mixed demand (α = 0.3) on the Bloomington network,
with the red pin marking the transit center. Each panel overlays a method’s routes on the same
street basemap. AlphaTransit covers 117 nodes (81.8%), has 24.4% shared-edge overlap, and spans
120.8 km. Real-World covers 114 nodes (79.7%), has 34.8% overlap, and spans 115.6 km, while
End-to-End RL covers 138 nodes (96.5%), has 19.0% overlap, and spans 142.3 km. AlphaTransit is
therefore more targeted than End-to-End RL.

served demand to bus transit, and α = 0.3, which reflects a typical urban public-transport share [9].
We train one AlphaTransit policy per scenario. All completed route sets are evaluated through the
same UXsim reporting pipeline, with frequencies assigned by the same max-load rule and metrics
derived from Eq. 7. Training, hyperparameters, and baseline details are in Appendix E. We compare
against the following baselines:

• Real-World: The 16 bus routes operated by Bloomington Transit [6]. The agency’s design reflects
broader objectives such as equity, coverage, and budget that extend beyond our simulator-defined
criteria; we include it as a real-world reference.

• Random Walk: Samples next node uniformly from the admissible candidate set Ct.
• Demand Coverage: Samples next node i ∈ Ct proportional to its demand interaction with the

partial route, s(i) =
∑

j∈rk(Dij +Dji).
• Shortest Path: Samples next node i ∈ Ct inversely proportional to edge length, s(i) = 1/ℓu,i,

where u is the frontier and ℓu,i is the length of edge {u, i}.
• Genetic Algorithm: A widely used metaheuristic for transit network design [18, 39]. Each

individual represents a complete route tuple Π = (r1, . . . , rK) that evolves over generations
through tournament selection, route-exchange crossover, and path-regeneration mutation.

• Bee Colony Optimization: A swarm-intelligence metaheuristic [41] that evolves a population of
route sets through two mutations: (i) demand-weighted shortest-path route replacement and (ii)
node addition/deletion at route endpoints. We adapt the implementation from [24], preserve the
analytical objective during route generation, and evaluate the completed routes through UXsim.

• Neural Evolutionary Algorithm: Augments Bee Colony Optimization with mutations proposed by
a graph neural policy trained via RL [23, 24]. We train the policy under our setup, preserving the
original analytical objective during search, and evaluate the completed routes through UXsim.

• Pure Monte Carlo Tree Search [13, 8]: Combines uniform action priors P (s, a) = 1/|Ct| and full
UXsim rollouts. The PUCT formula (Eq. 10) and search budget match AlphaTransit.

• End-to-End RL: A direct policy-learning baseline trained with PPO [49] and GAE [48]. It selects
actions from the masked policy πθ(a | st) without decision-time search. It uses the same state,
action mask, terminal reward, and policy architecture as AlphaTransit, plus lightweight shaping
rewards with γ = 0.999 to make long horizon policy gradient training feasible.

We evaluate network designs across three axes from transit evaluation criteria [64, 65]. The first
weighs passenger benefit against operator cost: service rate (% of potential demand boarded) vs.
fleet size. Here, potential demand refers to the reachable fixed-transit-demand denominator Nwant
defined in Appendix G. The second groups two passenger-experience metrics: total journey time
(minutes), elapsed passenger time including waiting and in-vehicle movement, and transfer rate (%
of trips requiring a transfer). The third groups two operator-side efficiency metrics: route efficiency
(passengers served per km of route) and bus utilization (% of bus occupied). Full definitions are
provided in Appendix G.
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Passenger Metrics Operator Metrics

Method Service
Rate (%) ↑

Wait
Time (min) ↓

Transfer
Rate (%) ↓

Journey
Time (min) ↓

Route
Efficiency ↑

Fleet
Size ↓

Bus
Util. (%) ↑

α
=

0.
3 Demand Cover 73.80±5.40 15.93±2.89 49.73±4.64 41.03±3.71 103.30±18.39 96.10±16.23 38.03±3.93

Shortest Path 90.72±7.53 9.91±3.12 57.48±4.03 29.62±2.80 129.85±37.78 72.20±21.67 23.77±3.63

End-to-End RL 88.96±2.01 7.38±0.71 58.91±1.12 39.99±1.21 225.69±9.93 277.00±0.00 47.34±3.14

AlphaTransit 89.25±0.84 7.07±0.54 57.70±0.70 38.19±1.00 200.87±4.77 241.00±0.00 42.14±1.18

α
=

1.
0 Demand Cover 62.00±7.96 12.41±4.65 41.28±5.80 45.37±6.01 256.48±45.16 270.90±32.43 45.87±4.34

Shortest Path 79.69±16.75 7.21±3.17 49.38±10.86 33.08±6.32 324.53±101.56 190.60±55.88 30.55±5.37

End-to-End RL 55.03±1.79 15.80±0.74 46.76±0.97 50.68±1.25 313.00±7.73 633.00±0.00 54.79±1.07

AlphaTransit 90.72±0.71 6.03±0.58 63.33±0.48 35.50±0.61 396.30±6.27 330.00±0.00 44.34±0.32

Table 1: Cross-city transfer on Laval. Values report mean ± standard deviation over 10 seeds;
Laval-optimized learning/search methods are omitted to isolate fixed-policy transfer. Under full
transit demand (α = 1.0), AlphaTransit reaches 90.72% service rate, versus 55.03% for End-to-End
RL, and also obtains the lowest wait time and highest route efficiency among transfer-compatible
methods, giving the clearest advantage. Under mixed demand (α = 0.3), AlphaTransit remains close
to Shortest Path in service rate while giving the lowest wait time.

Results. Fig. 1 summarizes the learning dynamics and decision-time search cost under mixed
demand. End-to-End RL relies on dense shaping to learn over the long route-construction horizon:
the Delta-coverage variants outperform terminal-only and Raw + Early Stopping feedback, with Delta
+ No Early Stopping used in later comparisons. AlphaTransit improves sample efficiency under the
same environment-step budget because MCTS provides search-improved action targets, while learned
policy-value estimates keep decision-time search in seconds rather than the hundreds to thousands of
seconds required by Pure MCTS. Fig. 4 focuses on AlphaTransit scaling: more compute helps only
when allocated carefully. Performance improves with search depth up to Niter = 400 and drops at
500; episodes per iteration raise top-5 reward from 0.19 to 2.20; larger GAT policies provide no gain.

Fig. 5 gives the mixed-demand (α = 0.3) comparison on the Bloomington benchmark, and Ap-
pendix G reports the complete metric table and complementary analyses. Under mixed demand,
AlphaTransit achieves the highest service rate, 54.64%, with 80 buses and the highest bus utiliza-
tion, 22.10%. The same service-rate ranking holds under full transit demand (α = 1.0), where
AlphaTransit reaches 82.08% service rate and also obtains the best wait time, route efficiency, and
bus utilization. Since these metrics capture different passenger and operator objectives, no method
dominates every axis: AlphaTransit is strongest on service rate and utilization, while other methods
can obtain lower transfer rates, shorter journey times, or smaller fleets in some settings.

To test whether the gain comes from combining learning with search, we compare against End-to-End
RL, which removes decision-time search, and Pure MCTS, which uses the same search budget
without learned prior-value estimates. Relative to End-to-End RL, AlphaTransit improves service
rate by 9.9% at α = 0.3 and 11.4% at α = 1.0; relative to Pure MCTS, it improves service rate by
2.5% and 11.2%, respectively. At α = 0.3, Pure MCTS reaches 53.30% with 86 buses, whereas
AlphaTransit reaches 54.64% with 80 buses, suggesting search works best with learned estimates.
Fig. 6 shows that the gain is not simply broader coverage: AlphaTransit covers fewer nodes and less
route distance than End-to-End RL (117 vs. 138 nodes; 120.8 km vs. 142.3 km), yet serves more
demand with a smaller fleet. Compared with Real-World routes, it has similar node coverage but
reduces shared edge overlap (24.4% vs. 34.8%) and improves service rate from 42.77% to 54.64%.

Finally, Table 1 evaluates cross-city transfer on the larger Laval network using policies trained only
on Bloomington. Under full transit demand (α = 1.0), AlphaTransit reaches 90.72% service rate,
compared with 55.03% for End-to-End RL, and also obtains the lowest wait time and highest route
efficiency among the listed transfer-compatible methods. Under mixed demand (α = 0.3), Shortest
Path has the highest service rate, while AlphaTransit remains close at 89.25% and gives the lowest
wait time. The Laval results are mixed across metrics, but they show that the search-guided policy
transfers to a larger network, with the clearest advantage in the higher-demand setting.

5 Conclusion and Discussion

Transit route network design is a sequential combinatorial problem in which each route-extension
decision is judged only after the full network is assembled and simulated. This delayed and nonlocal
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feedback makes TRNDP deceptive, since extensions that look useful locally can later create redundant
overlap, transfer burden, or capacity bottlenecks. AlphaTransit addresses this challenge by coupling
Monte Carlo Tree Search with a graph attention policy-value network. The policy proposes feasible
route extensions, the value estimates downstream design quality, and search refines each decision
without simulator rollouts inside the tree.

We also introduce a new Bloomington benchmark with realistic road topology, census-derived origin-
destination demand, and existing transit routes. The results show that AlphaTransit achieves the
highest service rate in both mixed and full transit demand, reaching 54.64% at α = 0.3 and 82.08%
at α = 1.0. Relative to End-to-End Reinforcement Learning, AlphaTransit improves service rate by
9.9% and 11.4%; relative to Pure Monte Carlo Tree Search, it improves service rate by 2.5% and
11.2%. The scaling results further show that calibrated search depth and episode diversity matter
more than simply enlarging the policy network. Together, these results establish learned lookahead as
an effective mechanism for coordinating route construction under delayed, network-level evaluation.

Several limitations of the current work exist. First, the geographic scope is limited: most experiments
and model development rely on the Bloomington benchmark, so the results may not fully capture
the diversity of transit networks across cities. The Laval experiment provides an initial cross-city
check, but broader validation on additional metropolitan systems is needed. A second limitation is
the route-start assumption. Every route begins at the transit-center hub, which matches Bloomington
Transit and reduces the construction space, but may not fit multi-hub, crosstown, or grid-like networks.
Finally, the simulator and decision model abstract several deployment factors: demand is represented
by a static peak-hour OD matrix, and the reward does not explicitly encode equity, accessibility,
reliability, budget, or robustness constraints.

Future work should extend training and evaluation with endogenous mode choice and to more cities
and larger metropolitan networks, relax the transit-center start constraint, or learn route origins
jointly with route extensions. Other promising extensions include time-varying demand, stochastic
disruptions, a second-stage frequency policy, and constrained objectives that more clearly expose
service-quality trade-offs across neighborhoods.
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A Size of the search space

The scope of the design problem is to choose K = 16 routes, each visiting 14 distinct nodes,
on the Bloomington network graph G = (V,E). Computing the exact size of the search space
is computationally intensive, so we estimate it by approximating the number of simple paths (no
repeated nodes) consisting of L = 13 edges. The graph G has |V | = 143 and |E| = 243, which
gives an average degree

d =
2|E|
|V | =

486

143
≈ 3.40.

Random initialization. For simple paths in sparse graphs, we approximate the number of candidate
routes by accounting for the constraint that nodes cannot repeat. If each route may start from any of
|V | nodes, the first step has approximately d choices, and each subsequent step has approximately
d− 1 choices (i.e., excluding the node just visited):

Prandom ≈ |V | · d · (d− 1)L−1, Srandom = PK
random.

Numerically,

(d− 1)12 = (2.40)12 ≈ 3.65× 104, Prandom ≈ 1.78× 107, Srandom ≈ 9.5× 10115 ≈ 10116.

Transit-center initialization. In the experiments reported in this paper, all routes start from the
transit-center hub. This removes the |V | factor from each route count:

Phub ≈ d · (d− 1)L−1, Shub = PK
hub.

Numerically,
Phub ≈ 1.24× 105, Shub ≈ 3.1× 1081 ≈ 1082.

Both counts are astronomically large; the transit-center-constrained space is the relevant one for
our reported experiments, while the random initialization count describes the larger unconstrained
initialization setting. The magnitude of these spaces makes exhaustive or near-exhaustive search
infeasible, motivating alternative approaches that exploit the problem’s structure. Note that this
approximation does not adjust for overlapping edges between routes.

B Frequency of Service assignment

Frequency of Service (FOS) setting is integral to the Transit Route Network Design Problem because
it affects both passenger-facing performance, through waiting and in-vehicle movement times, and
operator-side cost, through fleet requirements. In a sequential route-construction MDP, however,
frequency decisions made for partial routes can provide unstable training targets. A two-node partial
route may appear to benefit from high frequency because it serves a small local demand pair, while
the same frequency may be inefficient once the route is extended and interacts with the rest of the
network. We therefore assign frequencies after route construction using a deterministic max-load
projection, following standard capacity-based frequency-setting principles [11, 20].

For each route k, let Qnorm
k,e (Π) denote the overlap-normalized segment passenger load rate, in

passengers per hour, assigned to segment e of route k, and define

Qnorm
k,max(Π) = max

e∈rk
Qnorm

k,e (Π).

For this pre-simulation projection, we build an undirected, unweighted route graph from the completed
route segments. Each served OD pair contributes αDij trips per hour to a deterministic minimum-hop
path on this graph; direct trips are paths contained on one route, while transfer trips switch routes at
shared stops. Segment passenger load rates are accumulated along the selected path and then divided
by the number of overlapping routes serving that segment, preventing overestimation of frequency
requirements when multiple routes share the same road segment. UXsim then simulates passenger
assignment, waiting, boarding, transfers, and traffic dynamics with the resulting frequencies fixed;
the projection is not recomputed from realized simulated loads.

The max-load frequency projection is

Fml
k (Π) = max

{
1,

⌈
Qnorm

k,max(Π)

δmaxCk

⌉}
, (13)
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where Ck is bus capacity and δmax is the maximum desired load factor. The paper’s deterministic
frequency vector is therefore F(Π) = Fml(Π). Although the agent does not choose frequencies
directly, it influences them through route construction: routes serving high-demand corridors receive
higher frequencies, while overlapping routes split normalized segment load and may therefore receive
lower frequencies.

Minimality of the max-load projection. For a fixed route set Π, define the capacity-feasible
frequency set under fixed normalized segment loads as

Fcap(Π) =
{
F ∈ NK

>0 : Qnorm
k,e (Π) ≤ δmaxCkFk ∀k, e ∈ rk

}
.

Proposition B.1 (Minimal fixed-load frequency projection). Fix a route set Π and normalized
segment loads Qnorm

k,e (Π) that do not change with the frequency vector F . Assume Ck > 0 for every
route k and δmax > 0. Then the max-load rule Fml(Π) is the componentwise minimal element of
Fcap(Π). Consequently, among all frequencies in Fcap(Π), it minimizes any operator-frequency cost
Cop(F ) that is componentwise nondecreasing in F .

Proof. For route k, feasibility requires

Fk ≥
Qnorm

k,e (Π)

δmaxCk
∀e ∈ rk.

Therefore,

Fk ≥
Qnorm

k,max(Π)

δmaxCk
.

Since Fk must be a positive integer, the smallest feasible value is

max

{
1,

⌈
Qnorm

k,max(Π)

δmaxCk

⌉}
= Fml

k (Π).

The constraints separate by route, so the same argument holds for every k ∈ {1, . . . ,K}. Hence any
feasible F ∈ Fcap(Π) satisfies F ≥ Fml(Π) componentwise. Any operator-frequency cost that is
componentwise nondecreasing in F is therefore minimized by Fml(Π).

For fixed route geometry and dispatch assumptions, the fleet requirement used in Eq. 7 is component-
wise nondecreasing in route frequency, so this minimality property applies to the operator-frequency
component of the simulator reward.

Proposition B.1 gives the max-load rule a precise role: for the segment loads induced by a completed
route set, it is the smallest frequency vector that satisfies the fixed-load capacity condition. The full
simulator reward can still depend on frequency through transfer waiting time, passenger assignment,
and induced load patterns. We therefore define the value of joint frequency choices relative to this
projection.

Because the route count, route length, and admissible operating choices are bounded in our experi-
mental setting, the feasible route and frequency sets are finite. In unbounded variants, the maxima
below can be replaced by suprema without changing the interpretation of the projection gap.

Frequency-projection gap. Let P be the feasible set of route sets. For each Π ∈ P , let ΩF (Π)
denote a finite admissible set of positive integer frequency vectors for Π that contains Fml(Π). Let

J(Π, F ) = Eξ [R(Π,1, F ; ξ)]

denote the expected simulator reward for route set Π, fixed stop spacing 1, and frequency vector F .
Define the joint route-frequency optimum

J⋆
joint = max

Π∈P
max

F∈ΩF (Π)
J(Π, F ),

and the projected route-only optimum optimized in this work:

J⋆
proj = max

Π∈P
J(Π, Fml(Π)).

The frequency-projection gap is

∆F = max
Π∈P

[
max

F∈ΩF (Π)
J(Π, F )− J(Π, Fml(Π))

]
.
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Proposition B.2 (Frequency-projection bound). The value difference between joint route-frequency
optimization and the projected route-only problem satisfies

0 ≤ J⋆
joint − J⋆

proj ≤ ∆F .

Proof. Because Fml(Π) ∈ ΩF (Π), the joint optimizer can always choose the projected frequency
vector. Therefore,

J⋆
joint = max

Π∈P
max

F∈ΩF (Π)
J(Π, F ) ≥ max

Π∈P
J(Π, Fml(Π)) = J⋆

proj.

This proves the lower bound.

For the upper bound, let Π⋆ be a route set attaining J⋆
joint. By definition of ∆F ,

max
F∈ΩF (Π⋆)

J(Π⋆, F ) ≤ J(Π⋆, Fml(Π⋆)) + ∆F .

Also,
J(Π⋆, Fml(Π⋆)) ≤ max

Π∈P
J(Π, Fml(Π)) = J⋆

proj.

Combining the two inequalities gives

J⋆
joint ≤ J⋆

proj +∆F ,

which proves the result.

The gap ∆F identifies the value available from frequency choices after route geometry has been fixed.
For a unit vector ek, deliberately increasing service on route k improves a completed route set Π
when there exists an integer increment q > 0 such that

Fml(Π) + qek ∈ ΩF (Π) and J
(
Π, Fml(Π) + qek

)
> J

(
Π, Fml(Π)

)
.

This includes cases where a connector route has low direct demand but higher frequency improves
transfer paths or changes passenger assignment. In the present study, such effects are summarized by
∆F ; extending AlphaTransit with a second-stage frequency policy would directly target this gap.

C State Representation

The state (st) encodes the static network and evolving design context on G with st =
(
Xt, I, Z

)
.

Node features (Xt ∈ Rn×16). Let Vcur be the nodes already placed on the route under construction
at time t, Vcmp the union of nodes across completed routes, and Vcore = Vcur ∪ Vcmp. Let Ct be the
set of admissible candidates at time t, i.e., the one-hop neighbors of the current frontier that are not
already in the route Vcur. The node features for node i can then be classified into six groups:

• Geometry and connectivity: normalized (xi, yi) coordinates and node degree.
• OD marginals:

dout(i) =

n∑
j=1

Dij , din(i) =

n∑
j=1

Dji. (14)

• Candidate demand between i and the current route (nonzero only if i ∈ Ct):
acand
i→cur = 1{i ∈ Ct}

∑
j∈Vcur

Dij , (15)

acand
i←cur = 1{i ∈ Ct}

∑
j∈Vcur

Dji. (16)

• Designed network demand at i with respect to nodes already in any designed route (nonzero only
if i ∈ Vcore):

acore
i→core = 1{i ∈ Vcore}

∑
j∈Vcore

Dij , (17)

acore
i←core = 1{i ∈ Vcore}

∑
j∈Vcore

Dji. (18)
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• Route conditioned demand for all nodes:

aall
i→cur =

∑
j∈Vcur

Dij , aall
i←cur =

∑
j∈Vcur

Dji, (19)

aall
i→cmp =

∑
j∈Vcmp

Dij , aall
i←cmp =

∑
j∈Vcmp

Dji. (20)

• Flags: one indicator each for current route membership 1{i ∈ Vcur}, the fraction of completed
routes that contain i in [0, 1], and valid next node 1{i ∈ Ct}.

This representation exposes the policy to demand patterns at multiple scales, from immediate next
candidate nodes to the global network, enabling it to reason about ridership potential, transfers, and
coverage, without requiring direct access to the OD matrix. Equations (14) summarize the baseline
incoming and outgoing demands at node i, independent of the current design. Equations (15) and
(16) quantify the immediate marginal gain of selecting a candidate by measuring flows between a
candidate and the current route. Equations (17) and (18) summarize how well a node is integrated
with the already designed network. The route conditioned terms (19) and (20) provide additional
context, i.e., a global view of demand relative to the current and completed routes.

Edge connectivity (I). The directed edge list encodes graph topology for message passing. Since
streets are bidirectional, we include both (u, v) and (v, u), i.e., I = {(u, v) ∈ V ×V | {u, v} ∈ E}.
Edge features (Z ∈ R|I|×2). For each directed edge, Z stores length and free flow speed.

All continuous features are min-max scaled to [0, 1] using network level bounds. Demand aggregates
are computed from D and scaled by the global reference max

(
maxi

∑
j Dij , maxj

∑
i Dji

)
. Terms

that depend on Ct or Vcore are set to zero outside those sets. Binary indicators take values in {0, 1}.

D Policy Network

This section provides additional architecture details for the policy-value network. The actor is
permutation equivariant because it applies the same scoring function to every node, while the critic
is permutation invariant because it pools node embeddings before predicting a graph-level value.
For fixed hidden widths, attention heads, and block count B, the number of trainable parameters is
independent of the number of nodes n.

Shared GATv2 backbone. At state s = (X, I, Z), the node features X ∈ Rn×dx contain per-
node spatial attributes, OD-demand aggregates, route-membership indicators, and valid-next-node
indicators. The directed edge list I gives graph connectivity, and Z ∈ R|I|×2 contains edge attributes,
namely link length and free-flow speed.

Node features are linearly projected to 64 channels. A stack of B GATv2 [7] blocks produces
intermediate node representations h(b) ∈ Rn×db for b ∈ {1, . . . , B}. Compared with GAT [61],
GATv2 uses dynamic attention that depends jointly on both endpoints. Each block conditions message
passing on edge attributes, so link length and free-flow speed can affect node updates.

Each block applies pre-layer normalization, a GATv2 attention layer, a nonlinear activation, feature
dropout, and a residual path. The residual path is the identity when input and output widths match,
and a learned linear projection otherwise. Attention dropout is applied inside the GATv2 layer. In the
trained configuration, dropout modules are present but disabled.

Jumping Knowledge aggregation [68] preserves information from all message-passing depths. For
each node v, the outputs of all B blocks are concatenated and projected to the final node embedding:

zv = WJK

[
h(1)
v ∥h(2)

v ∥ · · · ∥h(B)
v

]
+ bJK, H = [z1; . . . ; zn] ∈ Rn×d,

where WJK ∈ Rd×
∑B

b=1 db is the Jumping Knowledge projection. For the default B = 4 configura-
tion, the block widths are [128, 128, 64, 64], so JK aggregation concatenates 128+128+64+64 = 384
channels and projects them to d = 64. This adds 384 · 64 + 64 = 24,640 parameters.

The default attention-head counts are [8, 8, 4, 4]. Head outputs are averaged rather than concatenated,
so each block output width remains db. Block 1 maps 64 channels to 128 and uses a projected residual
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Simulation Policy Network AlphaTransit End-to-End RL
α=0.3 α=1.0

Horizon 10,000 Node features 16 Env steps Smax ≈ 106 Env steps 106

Time step 1 s Edge features 2 MCTS sims Niter 500 Discount γ 0.999

Bus capacity 40 GATv2 blocks 4 PUCT c 1.0, 1.5 GAE λ 0.95

Stop duration 60 s Activation tanh Dirichlet αdir 0.3 Value coef 0.5

Routes K 16 Channels 128, 128, 64, 64 Dirichlet ε 0.25 Learning rate η 5×10−5 10−5

Max length Lmax 14 Attn heads 8, 8, 4, 4 Buffer size 50k Clip ϵ 0.2 0.1

Modal split α 0.3, 1.0 Actor MLP 256, 128, 64 Workers W 8 / 16 Epochs Ke 8 4

Access radius 0.5 km Critic MLP 256, 128, 64 Batch size 256 Batch size 256 128

Stop spacing 1 Attn dropout 0, 0, 0, 0 Learning rate η 10−4 Entropy coef 0.01 0.02

Platoon ∆n 5 Hidden dim 64 Train steps/iter 200 LR anneal No Yes

Table 2: Hyperparameters for simulation, search, and training. Simulation settings are shared; policy
settings apply to AlphaTransit and End-to-End RL. Pure MCTS lacks policy training and shares
search budget and PUCT rule. AlphaTransit and Pure MCTS use Niter = 500 simulations per
decision in final comparisons. Workers are 8 or 16. Sweeps selected training hyperparameters; grid
sweeps varied search depth, data diversity, and model size. τ follows 1.0→ 0.7→ 0.5.

path; Block 2 keeps width 128 and uses an identity residual; Block 3 maps 128 channels to 64 and
uses a projected residual path; Block 4 keeps width 64 and uses an identity residual.

Actor head. The actor uses a pointer-style scoring mechanism [63, 69]. A shared MLP scores every
node embedding zv and produces one logit per node. The MLP is applied to all nodes, so the actor is
permutation equivariant. A feasibility mask removes inadmissible actions, and the remaining logits
are normalized to obtain Pθ(· | s). The actor selects one node per construction step, matching the
sequential route-extension process. The default actor MLP has hidden widths 256, 128, and 64.

Critic head. The critic applies global mean pooling and global max pooling to the node embedding
matrix H , concatenates the two pooled vectors, and passes the result through an MLP to predict
Vθ(s). Pooling makes the critic permutation invariant and produces one scalar value per graph. The
default critic MLP has hidden widths 256, 128, and 64.

Complexity and implementation. The backbone is computed once per state to obtain H . The
actor scores all nodes with a shared MLP, and the critic applies parameter-free global pooling before
predicting Vθ(s). For fixed hidden widths, attention heads, and block count B, the trainable parameter
count does not depend on n. The forward-pass cost grows with the graph as O(B(n+ |I|)), which is
linear in n for sparse road graphs where |I| = O(n).

The input contains 16 node features and 2 edge features. The default configuration uses B = 4 GATv2
blocks, final node embedding dimension d = 64, block widths [128, 128, 64, 64], and attention-head
counts [8, 8, 4, 4]. More generally, for B blocks we use the channel schedule [128]⌊B/2⌋ + [64]⌈B/2⌉

and the head schedule [8]⌊B/2⌋ + [4]⌈B/2⌉. All linear layers use orthogonal initialization, and
LayerNorm parameters are initialized to unit scale and zero bias.

E Training Procedures and Hyperparameters

Experiments were conducted on an AMD Ryzen Threadripper 7960X CPU with 377GB RAM and
an NVIDIA RTX PRO 6000 GPU. For the 1M-step runs, End-to-End RL with PPO takes roughly 3–5
hours depending on α, AlphaTransit with Niter = 500 takes roughly 24–27 hours, and Pure MCTS
takes roughly 120–168 hours. Table 2 summarizes the simulation, search, and training settings.

E.1 Genetic Algorithm

We implement a genetic algorithm for transit network design where each individual represents a
complete transit network Π = (r1, . . . , rK) of K routes, each satisfying Lmin ≤ |rk| ≤ Lmax with
Lmin = 2 and Lmax = 14.
• Initialization: To prevent premature convergence to local optima, the initial population combines

three seeding strategies: (i) demand-guided construction that greedily extends routes toward
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high OD-interaction nodes, (ii) random feasible routes via constrained random walks, and (iii) a
warm-start individual sampled from the existing real-world routes.

• Operators: Selection uses tournament selection with size 3. Crossover performs route exchange
where each route index inherits from one parent with equal probability, preserving complete routes
to maintain feasibility. Mutation applies path regeneration by cutting a route at a random interior
node and regrowing via random walk, preserving promising prefixes while exploring new suffixes.
A repair step ensures all routes contain at least Lmin = 2 nodes after each operation, preventing
degenerate one-node routes.

• Fitness: Each individual is evaluated by assigning frequencies via the max-load rule (Appendix B)
and running simulation. Fitness uses the same terminal-only rewardR (Eq. 7) as AlphaTransit.

We use population size 50 with crossover rate 80%, mutation rate 40%, and elitism count 5, yielding
approximately 5,000 simulator evaluations (approximately 1M environment steps) and a total wall-
clock runtime of 8 hours. We run 100 generations per demand setting, with the best design found at
generation 94 for α = 0.3 and generation 81 for α = 1.0.

E.2 Bee Colony Optimization

We adapt the implementation from Holliday et al. [24], which itself extends the original Bee Colony
algorithm of Nikolić and Teodorović [41]. Two mutation operators act on the route-set population:
first, replacement mutation substitutes a dropped route with a shortest-path route between randomly
selected terminals; second, endpoint mutation extends or shortens an existing route by adding or
removing a node at either endpoint. We use population size B = 15 with E = 10 mutations
per iteration over 400 iterations. To match our setup, the implementation is modified so that (i)
initialization places every initial route at the transit center, (ii) replacement mutations are forced
to originate there, and (iii) endpoint mutations are reverted if they would remove the transit center
from a route’s start. Because Bee Colony Optimization optimizes the analytical cost function
C = Cp + Co, which has no notion of modal split, a single route set is generated and then evaluated
through the UXsim simulator at both α = 0.3 and α = 1.0. The demand matrix is symmetrized as
D′ij = (Dij +Dji)/2 to satisfy the symmetric demand assumption of the underlying network design
problem formulation.

E.3 Neural Evolutionary Algorithm

The neural evolutionary algorithm augments Bee Colony Optimization by replacing half of the
replacement mutations with route construction proposed by a graph neural network policy [23, 24].
The construction policy is trained from scratch on 32,768 synthetic 20-node cities following the PPO
protocol from Holliday et al. [24], with the transit-center start constraint enforced at the model level:
a mask tensor identifies the designated start node in each city, and the policy assigns −∞ logits
to all other start positions so that only routes originating at that node can be produced. We retrain
rather than reuse the published pre-trained weights because those weights were learned without this
constraint, causing every neural mutation in our setup to be rejected and the algorithm to degrade
to plain Bee Colony Optimization. The algorithm is initialized from the best of 100 samples drawn
from the trained construction policy, then run for 400 iterations using the same population as Bee
Colony Optimization. As with Bee Colony Optimization, a single route set is generated under the
analytical objective and then evaluated through UXsim at both demand levels.

E.4 Pure Monte Carlo Tree Search

Monte Carlo Tree Search with uniform action priors P (s, a) = 1/|Ct| over admissible actions and a
random rollout till terminal state followed by full route simulation for leaf evaluation. The PUCT
selection rule from the main-text Eq. 10, Niter = 500, and matched c values per α are the same as in
AlphaTransit, and a single tree is carried across route boundaries via re-rooting. Each rollout costs
∼ 8 s on Bloomington compared to ∼ 1ms for the GNN value head; rollouts are parallelized across 8
workers, each running an independent simulator instance.

E.5 End-to-End Reinforcement Learning

A key challenge in applying standard policy gradient methods to the Transit Route Network Design
Problem (TRNDP) is the long episode horizon: with K = 16 routes of up to Lmax = 14 nodes each,
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Algorithm 1 End-to-End Reinforcement Learning
1: Input: Graph G = (V,E), OD matrix D, edge index I, edge features Z, routes K, max route length Lmax,

episodes per update M
2: Output: Policy πθ yielding routes Π = (r1, . . . , rK)
3: Initialize policy-value network (πθ, Vθ) and PPO buffer B ← ∅
4: while environment steps < Smax do
5: // Parallel full-episode collection
6: for workers w = 1, . . . , N in parallel until M episodes are collected do
7: Reset environment; Π← ∅; initialize current route r1 from the transit center
8: while episode not terminated do
9: st ← FORMSTATE(current route, completed routes, I, Z)

10: Ct ← valid one-hop frontier neighbors not already in current route
11: mt ← MASK(Ct)
12: if Ct = ∅ then
13: at ← NOVALIDACTION; log πθ(at | st,mt)← 0
14: else
15: at ∼ πθ(· | st,mt) and record log πθ(at | st,mt)
16: end if
17: Execute at in the route-construction environment
18: if at ends a non-final route then
19: Add completed route to Π; initialize next route from the transit center
20: end if
21: if at ends the final route then
22: Add final route to Π; run UXsim once on Π; set rt ←R (Eq. 7)
23: else
24: Set rt ←Rpartial (Eq. 21), or 0 in terminal-only mode
25: end if
26: Store (st, at, rt, log πθ(at | st,mt), Vθ(st),mt, done) locally
27: end while
28: Compute GAE advantages Ât and returns over the full episode; append trajectory to B
29: end for
30: // PPO optimization
31: for epoch = 1 to Kepochs do
32: for minibatch b ∼ B do
33: θ ← θ − η∇θLPPO(θ) using Eq. 22
34: end for
35: end for
36: Clear B and broadcast updated weights to workers
37: end while
38: return πθ

episodes can span over 200 decisions before any terminal reward is available. This creates a severe
credit assignment problem [54], as the policy must learn which early decisions contributed to the final
outcome. To address this, the end-to-end approach augments the reward from Eq. (7) with lightweight
shaping rewards during route construction. These provide more frequent feedback to guide learning,
while the simulation-based reward remains the primary signal. All reported End-to-End RL results
use the same delta-based shaping rule without early-stop penalty at both demand levels. The full
training procedure is summarized in Algorithm 1, where Vcur denotes nodes in the current route and
Vcmp denotes nodes across all completed routes.

Helpers in Algorithm 1 refer to route-construction environment operations. FORMSTATE builds the
graph observation from the current and completed routes, MASK converts Ct into the binary feasibility
mask used by the policy, and NOVALIDACTION denotes the forced route-finalization transition when
no valid extension remains; it is not a learned stop action.

During the construction of a route rk, the agent receives feedback based on the evolving network
topology. We use the incremental change in demand coverage ∆Ψt = max(0,Ψt −Ψt−1) to reward
actions that expand the reachable O-D pairs. This delta-based formulation directly measures the
value of each action rather than accumulated state, providing clearer credit assignment. The reported
End-to-End RL baseline penalizes route overlap but does not include an early-stop term:

Rpartial = b7 ·∆Ψt − b8 · ω, (21)
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where ω is the current route overlap ratio. We use b7 = 20 and b8 = 8. The coverage term is marginal,
while the overlap term is a step-wise exposure penalty: during PPO rollout, repeatedly overlapping
partial networks accumulate overlap cost across construction steps. This shaping term is used only
for the End-to-End RL baseline. AlphaTransit trains from terminal full-network evaluations, so its
overlap penalty is applied through Eq. (7) once per completed route set. These shaping terms remain
small relative to the simulation-based reward so that the primary learning signal still comes from
passenger flow outcomes. Alternative shaping variants, including early-stop penalties, are analyzed
in Fig. 1. Partial rewards are also normalized online during training. Forced route termination is
treated as an environment transition, and full UXsim evaluation is performed exactly once after all K
routes have been finalized.

The PPO update minimizes the negative clipped surrogate with a value loss and entropy bonus,

LPPO(θ) = −Et

[
min

(
ρt(θ)Ât, clip(ρt(θ), 1− ϵ, 1 + ϵ) Ât

)]
+ cvLV − ceH,

ρt(θ) =
πθ(at | st,mt)

πθold(at | st,mt)
.

(22)

E.6 AlphaTransit

Training alternates between parallel data generation and network optimization. During data generation,
W workers independently construct complete transit networks using Monte Carlo Tree Search guided
decisions. At each step, Dirichlet noise is added to the root priors to encourage exploration:

P (s, a)← (1− ε) · P (s, a) + ε · ηa, η ∼ Dir(αdir), (23)

where αdir controls noise concentration and ε controls the noise weight. After ordinary route-
extension actions, the search tree is re-rooted at the selected child so the corresponding subtree
statistics are reused. When a route has no valid extension and is finalized automatically, we root a
new tree at the forced successor state. Algorithm 2 summarizes the full AlphaTransit training loop.
Training runs for Smax environment steps across W parallel workers using learning rate η.

Helpers in Algorithm 2 refer to environment operations. INITIALIZEROUTE starts a route at the
configured transit hub, FORMSTATE builds the graph observation from the environment state, and
VALIDACTIONS(st) returns the admissible one-hop extensions Ct. APPEND stores each search target
tuple for replay, and ROUTES returns the completed route tuple before terminal simulation.

• Value Normalization: Terminal rewards can vary significantly in scale across episodes. To stabilize
learning, we normalize rewards online:

z̃ = clip

(
z − µ

σ + ϵ
,−3, 3

)
,

where running statistics (µ, σ) are updated with all raw rewards before normalizing.
• Temperature Schedule: The temperature τ in Eq. (11) uses a schedule based on training progress:

τ(progress) =


1.0 if progress < 0.3,

0.7 if 0.3 ≤ progress < 0.6,

0.5 otherwise.

During evaluation, AlphaTransit uses near-greedy selection (τ = 0.1) over the MCTS visit-count
distribution and disables Dirichlet noise. For End-to-End RL, we use low-temperature sampling
(τ = 0.1) rather than argmax selection. This follows standard practice in neural combinatorial
optimization [29, 30, 4], where sampling is preferred over greedy selection for three reasons: (i) the
policy is trained to optimize expected return under its stochastic distribution, not the argmax; (ii) de-
terministic selection produces identical route sets across evaluation runs, precluding any measure of
variance; and (iii) AlphaTransit’s near-greedy evaluation operates over search-refined visit counts,
not raw logits, so aligning PPO’s evaluation temperature provides a fairer comparison.

8



Algorithm 2 AlphaTransit
1: Input: Graph G, OD matrix D, edges I, features Z, routes K, max length Lmax, MCTS

simulations Niter, workers W .
2: Output: Policy-value network fθ yielding route tuples Π = (r1, . . . , rK).
3: Initialize: Network fθ, replay buffer D ← ∅, reward statistics Z .
4: while tenv < Smax do
5: Broadcast current parameters θ to workers; set temperature τ .
6: // Parallel MCTS-guided episode collection
7: for each worker w ∈ {1, . . . ,W} in parallel do
8: Reset environment; r1 ← [INITIALIZEROUTE()]; initialize MCTS tree T .
9: Ew ← [ ]; Hw ← 0.

10: while route set is incomplete do
11: st ← FORMSTATE(I, Z); Ct ← VALIDACTIONS(st).
12: if Ct = ∅ then
13: Finalize current route; initialize the next route if one remains; reset T .
14: Hw ← Hw + 1; continue.
15: end if
16: Run Niter MCTS simulations from st using fθ and PUCT.
17: Derive πt(a | st) ∝ N(st, a)

1/τ over a ∈ Ct.
18: Ew.APPEND(st, πt, Ct).
19: Sample at ∼ πt; apply at; re-root T at the selected child.
20: Hw ← Hw + 1.
21: end while
22: Πw ← ROUTES(); zw ← RT (Πw; ξ).
23: end for
24: // Aggregate episodes
25: for w = 1 to W do
26: Update reward statistics Z with raw reward zw.
27: Add (si, πi, Ci, zw) to D for all (si, πi, Ci) ∈ Ew.
28: end for
29: tenv ← tenv +

∑
w Hw.

30: // Policy-value network optimization
31: for step = 1 to Nsteps do
32: Sample minibatch B = {(sj , πj , Cj , zj)}mj=1 ⊆ D.
33: Normalize each zj with Z to obtain z̃j .
34: Evaluate fθ(sj) and mask Pθ over Cj for each tuple.
35: Define ℓj(θ) = −

∑
a∈Cj πj(a | sj) logPθ(a | sj) + (Vθ(sj)− z̃j)

2.
36: θ ← θ − η∇θ

1
m

∑m
j=1 ℓj(θ).

37: end for
38: end while
39: return fθ.

F Real-world Networks and Data

F.1 Bloomington, Indiana

We introduce a novel city-scale transit network dataset for Bloomington, Indiana. Unlike existing
benchmark networks from literature, our dataset uniquely captures real-world aspects in three
dimensions: (i) the underlying transportation network, (ii) travel demand derived from census data,
and (iii) transit routes currently operating in the city.

Network Structure. The network consists of 143 nodes and 243 bidirectional edges, covering an
area of approximately 152.3 km2. The network topology was derived from road infrastructure with
several practical assumptions made to balance modeling fidelity with simulation efficiency.

• Planar Representation: Three-dimensional infrastructure elements such as tunnels, overpasses,
and underpasses are modeled as planar connections.
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Figure 7: The Bloomington, Indiana transportation network (∼152.3 km2). The demand map shows
the spatial distribution of trip origins (blue) and destinations (red), with peak origin demand of 344
trips per hour at node 1 (△) and peak destination demand of 1,681 trips per hour at node 129 (⋆). The
Laval, Quebec transportation network (∼ 256 km2) is used as the out-of-distribution generalization
benchmark. The Laval network, with 632 nodes and 1,971 links, is obtained from Holliday et al. [24];
the blue transit-center marker indicates node 542.

• Edge Geometry: All edges are represented as bidirectional. When two parallel one-way streets
exist next to each other, they are consolidated into a single bidirectional edge positioned at their
centerline. Further, edges follow shortest-distance connections between nodes rather than exact
street curvatures; the length differences are negligible for the scale of analysis.

• Speed Assignment: All edges are assigned a uniform free-flow speed of 16.67 m/s (60 km/h or 37
miles/hr), reflecting typical urban traffic speed limit.

• Highway Exclusion: Interstate 69 highway segments within the city limits were excluded from the
transit network, as city transit primarily serves local destinations and highways lack appropriate
passenger access points. The bus routes currently operating in the city also avoid the highway.

• Shared Routes: Although existing bus routes may have slightly different outbound and inbound
paths, to reduce complexity, we model them as identical paths, manually selecting the most appro-
priate nodes (based on access, length, and community served) to maintain essential connectivity.

Coordinate Transformation. The raw geospatial data uses geographic coordinates (latitude and
longitude) in angular units. However, operations in our processing pipeline such as calculating census
block centroids and edge distances require a flat, Cartesian plane for accurate results. Therefore,
the coordinates were transformed to a Cartesian coordinate system using the Universal Transverse
Mercator (UTM) Zone 16N projection, which covers Indiana including Bloomington. The UTM
projection preserves local angles and shapes while providing true metric distances and areas with
minimal distortion, making it ideal for our case.

Demand Generation. The primary demand component was obtained from commuting trips captured
in the 2022 LEHD Origin-Destination Employment Statistics (LODES) from the U.S. Census
Bureau [60], which provides flows between census blocks with home locations as origins and work
locations as destinations. We utilize block-level census data [59] and processed a total of 2,399
census blocks within Monroe County, Indiana (FIPS code 105, GEOID 18105), which was further
reduced to 1,475 blocks to confine the area of interest to the vicinity of Bloomington. For each census
block, its centroid was calculated and the demand origins and destinations in that block were assigned
to the node nearest to the centroid.

Because the LODES data excludes trips for non-commuting purposes such as school and shopping
(typically classified as home-based other or non-home-based in transportation research), to account
for this mixed composition of traffic, we scale the commuting flows by 150%, consistent with typical
values ranging from 100%− 200% depending on time of day [37]. Further, to express demand on
an hourly basis, we adopt a peak-hour share of 11% of daily traffic, which lies within the typical
6%− 12% range [44]. The resulting origin–destination (OD) demand matrix contains 5,737 pairs,
with a maximum origin demand of 344 trips per hour and a maximum destination demand of 1,681
trips per hour. This OD matrix is treated as an exogenous peak-hour trip table. In each experiment, α
is fixed before evaluation and scales the table into a transit-demand scenario.
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Figure 8: Learning dynamics and search cost under full demand (α = 1.0). LEFT: Curves average
two training seeds per reward mode. Reward shaping remains important for End-to-End RL, although
the higher service-weight objective is more forgiving than under mixed demand (α = 0.3). Early
Stopping (ES) penalizes routes that terminate before Lmax, while Delta-coverage (∆) rewards only
newly covered demand. The ∆ variants give the strongest final performance, with ∆ + ES ending
slightly highest. MIDDLE: MCTS-provided search targets improve sample efficiency under the
same environment-step budget. At search depth Niter = 500, AlphaTransit leads from earliest plotted
evaluations and finishes with reward 39.93, compared with 27.92 for End-to-End RL. RIGHT:
Learned policy and value estimates make MCTS search practical across search depths Niter ∈
[100, 500] on the Bloomington network using one CPU worker. At Niter = 500, AlphaTransit
requires 6.56 seconds per decision, while Pure MCTS requires 695.48 seconds per decision.

Existing Bus Routes. The Bloomington Transit system [6, 57] operates 16 bus routes which map to
an average of 14.2 nodes per route in our network (ranging from 8 to 24 nodes).

F.2 Laval, Quebec

To evaluate cross-city generalization, we use the Laval, Québec network from Holliday et al. [24].
The Laval graph contains 632 nodes and 1,971 bidirectional edges over approximately 256 km2,
making it roughly 4.4× larger than Bloomington in node count. We use node 542 as the transit
center because it has the highest degree of 21, highest closeness centrality, and highest betweenness
centrality in the network. Despite the larger node count, Laval has the same graph diameter of 17
hops and a comparable mean shortest-path length of 7.1 hops because of its higher connectivity, with
average degree 6.24 compared with 3.40 for Bloomington. This structural similarity supports using
the same route-design parameters as in Bloomington, namely K=16 routes and maximum route
length Lmax=14. In Laval, 99.7% of node pairs are reachable within 14 hops, so this length bound
remains appropriate despite the larger graph. For simulation, Laval’s unscaled demand rate is about
548K trips per hour, roughly 60× Bloomington’s, and is uniformly scaled by 0.14× to match per-link
traffic density, yielding about 77K trips per hour. The Bloomington-trained agent is evaluated directly
on Laval without additional training or fine-tuning. Because the shared Laval dataset does not include
real-world bus routes, the Real-World baseline is excluded from this evaluation.

G Extended Results

We evaluate every transit design through the same simulation pipeline. At simulation end, Ncomp,
Nongoing, and Nwaiting denote passengers who completed trips, are onboard buses, and are waiting
at stops, respectively. We set Nboarded = Nserved = Ncomp + Nongoing for passengers counted as
served, and Nwant denotes potential riders. We use τwait

p and τmove
p for passenger-level accumulated

waiting and in-vehicle movement times, respectively, and variables with an overbar denote averages
in minutes. The seven evaluation metrics are:

• Service rate (%): Fraction of potential demand counted as served, σ = Nboarded/Nwant. This differs
from the fixed-denominator service term ρ = Nboarded/NOD used by the training reward.

• Wait time (min): Average waiting time over served riders, t̄wait.
• Transfer rate (%): Fraction of completed trips requiring at least one transfer, Ntransfer/Ncomp× 100.
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Passenger Metrics Operator Metrics

Method Service
Rate (%) ↑

Wait
Time (min) ↓

Transfer
Rate (%) ↓

Journey
Time (min) ↓

Route
Efficiency ↑

Fleet
Size ↓

Bus
Util. (%) ↑

α
=

0.
3

Real-World 42.77±1.05 14.02±0.56 86.05±0.44 46.83±1.09 13.15±0.42 89.00 17.69±0.18

Random Walk 36.41±3.68 21.79±2.75 82.26±3.39 49.66±3.52 5.06±1.27 35.40±4.54 11.10±2.10

Demand Cover 40.11±3.43 19.15±3.52 77.45±3.29 45.46±4.61 6.18±1.76 40.10±10.95 12.42±2.74

Shortest Path 37.89±4.17 23.35±2.73 84.43±2.56 45.06±4.06 4.75±0.80 21.60±2.58 6.53±1.07

Genetic Alg. 50.42±0.50 9.07±0.50 82.61±0.27 39.14±0.59 17.12±0.21 79.00 19.76±0.21

Bee Colony 39.83±0.66 10.50±0.49 87.97±0.20 34.09±0.44 18.58±0.25 94.00 12.07±0.09

Neural Evol. 47.85±0.57 5.65±0.20 92.16±0.11 29.94±0.29 23.71±0.22 101.00 13.11±0.16

Pure MCTS 53.30±0.97 7.42±0.54 84.97±2.58 37.57±1.34 19.87±1.01 86.00±4.15 21.93±1.26

End-to-End RL 49.72±1.77 8.46±1.28 84.49±1.08 41.14±1.77 18.09±1.43 111.90±6.04 19.89±1.02

AlphaTransit 54.64±0.54 7.13±0.16 82.66±0.29 35.81±0.40 21.99±0.33 80.00 22.10±0.18

α
=

1
.0

Real-World 58.44±0.95 15.95±0.39 81.90±0.31 52.85±0.72 61.83±0.92 281.00 31.89±0.25

Random Walk 62.79±5.55 15.72±2.86 79.87±2.66 47.45±3.22 36.85±9.30 109.40±31.86 28.61±3.77

Demand Cover 58.03±7.49 16.28±2.61 75.08±4.23 47.49±3.26 35.52±7.52 124.60±32.86 26.83±2.83

Shortest Path 56.50±12.49 20.37±4.73 69.60±8.07 42.84±2.88 23.47±8.92 48.00±12.20 18.15±3.34

Genetic Alg. 81.17±0.99 8.94±0.45 87.28±0.23 44.32±0.57 100.19±1.87 254.00 43.16±0.29

Bee Colony 64.74±1.49 11.96±0.60 84.45±0.20 48.58±0.67 89.36±0.98 301.00 28.78±0.48

Neural Evol. 70.51±1.85 11.91±0.91 87.34±0.23 49.20±0.51 99.64±1.42 320.00 30.39±0.49

Pure MCTS 73.79±4.96 8.68±1.91 80.07±2.66 43.92±3.22 77.39±5.41 200.80±24.75 36.29±1.81

End-to-End RL 73.70±1.68 10.04±0.82 85.29±0.53 50.52±1.30 83.78±4.40 346.50±14.54 43.31±1.57

AlphaTransit 82.08±0.55 8.48±0.39 82.55±0.19 43.10±0.49 110.58±0.90 267.00 45.02±0.24

Table 3: Performance comparison across ten methods under mixed demand (α = 0.3) and full transit
demand (α = 1.0) on the Bloomington benchmark. AlphaTransit achieves the highest service rate
in both demand settings, with 54.64% under mixed demand and 82.08% under full transit demand;
under full transit demand, it also achieves the best wait time, route efficiency, and bus utilization.
Arrows indicate the direction of improvement (↑ higher is better, ↓ lower is better), and values report
mean ± standard deviation over 10 evaluation seeds for each trained policy or generated route set.
AlphaTransit uses Niter = 500, while End-to-End RL is the PPO baseline without MCTS. Fleet-size
deviations appear only when the route-design procedure yields different route sets across seeds, since
frequencies and fleet size are deterministic once a route set is fixed.

• Journey time (min): Average elapsed passenger journey time for passengers counted as served,

t̄journey =
1

Nserved

∑
p∈Sserved

(
τwait
p + τmove

p

)
, (24)

where Sserved contains passengers who completed trips or are onboard at the simulation end. This
metric includes both waiting and in-vehicle movement.

• Route efficiency (pax/km): Passengers served per unit infrastructure, Ncomp/Ltotal, where Ltotal is
the total route length in kilometers.

• Fleet size: Total number of buses deployed across all routes, Nbus.
• Bus utilization (%): Average load across all buses, u, computed as occupancy divided by capacity.

The demand coverage potential Ψ is defined in Section 3. The route overlap ratio ω is computed over
unique undirected road segments. Let EΠ be the set of segments used by at least one route, let ce be
the number of nonempty routes containing segment e, and let Keff be the number of routes with at
least one segment. Each route contributes a segment at most once, so duplicate traversals within one
route are not double-counted. We define

ω(Π) =


1

|EΠ|
∑

e∈EΠ
ce − 1

Keff − 1
, Keff > 1,

0, Keff ≤ 1.

(25)

Thus ω = 0 when no road segment is shared across routes and ω = 1 when every used segment
appears in every nonempty route. This is an edge-count-based measure, not a length-weighted or
node-overlap measure.

Table 3 gives the full metric-level comparison behind the main-text results. AlphaTransit achieves
the strongest service-rate outcome at both modal splits, reaching 54.64% at α = 0.3 and 82.08% at
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Figure 9: Full transit demand results on the Bloomington benchmark (α = 1.0). Points show means;
error bars denote ±1 standard deviation. In each panel, green overlay and Optimal label mark the
direction of improvement: upper-left for service rate versus fleet size, lower-left for journey time
versus transfer rate, and upper-right for bus utilization versus route efficiency. LEFT: AlphaTransit
achieves highest service rate, 82.08%, with fleet size 267. MIDDLE: AlphaTransit obtains 43.10
minutes of journey time and an 82.55% transfer rate. RIGHT: AlphaTransit achieves highest bus
utilization, 45.02%, and highest route efficiency, 110.58. Together, the panels show that AlphaTransit
pairs the highest service rate and operator efficiency with a competitive passenger-burden trade-off.
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Figure 10: Selected route designs under full transit demand (α = 1.0) on the Bloomington street
network. Each panel overlays selected routes on the same street basemap and marks the transit
center. Pure MCTS denotes search without a learned policy/value network, while AlphaTransit
uses neural network-guided MCTS. Structural-analysis values show AlphaTransit serves 128 nodes,
corresponding to 89.5% node coverage, with 20.5% shared-edge overlap and route distance 129.0 km.
In comparison, Real-World routes serve 114 nodes with 79.7% node coverage and 34.8% shared-edge
overlap, while End-to-End RL serves 135 nodes with 94.4% node coverage and 19.3% shared-edge
overlap i.e., AlphaTransit is not simply maximizing node coverage relative to End-to-End RL.

α = 1.0. The α = 0.3 setting highlights the trade-off structure: AlphaTransit has the highest service
rate and bus utilization, while Neural Evolutionary has lower wait times and journey times at lower
served demand and Shortest Path uses the smallest fleet. At α = 1.0, AlphaTransit is stronger across
most passenger and operator metrics, with the best service rate, wait time, route efficiency, and bus
utilization. Relative to End-to-End RL, its service rate is 9.9% and 11.4% higher across the two
regimes; relative to Pure MCTS, it is 2.5% and 11.2% higher.

Fig. 8 shows that the same qualitative trends hold under the α = 1.0 objective. End-to-End RL
benefits from dense reward shaping, with the ∆-coverage variants giving the strongest PPO learning
curves, but AlphaTransit still achieves higher reward under the same environment-step budget. The
search-time panel further shows that the learned policy/value network reduces MCTS decision
cost by roughly two orders of magnitude relative to Pure MCTS at the same search depth, making
search-guided route construction practical.
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H Broader Impacts

Urban population is projected to reach 60% of the global population by 2030 [58], placing pressure on
transit infrastructure supporting 7.7 billion annual trips in the United States alone [3]. In many large
cities, less than 20% of jobs can be reached within an hour using affordable transit, disproportionately
affecting low-income workers [67]. AlphaTransit is intended as decision support for transit agencies
that must improve service quality under fleet, budget, and planning constraints, including frequency
and wait time metrics central to ridership [56]. By evaluating candidate route networks with realistic
topology, census-derived demand, and simulation-based outcomes, the framework can help agencies
compare coverage, wait time, completed trips, and fleet use within a single evaluation loop. Potential
harms could arise if optimized plans replace community input or if aggregate demand objectives
underserve riders whose needs are not well captured in the data. Automated planning should therefore
complement stakeholder engagement, and future work should incorporate fairness and accessibility
constraints so algorithmic transit design supports inclusive mobility goals.
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