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Why MATSim-mappo (Multi-Agent Proximal Policy Optimization)

What if deep reinforcement learning is applied to activity chains?

Trajectory completion Public transit optimization from UAM scenarios fully utilize
in surveillance blind spots both demand and supply side facilities and dynamic avoidance
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Framework of MATSim-mappo

optional
*|ink counts vs

sim adjustment

training data
mappo.input
collection

initial demand execution scoring analyses

transit schedule
generate plans o timetable update

MAPPO module config: with mappo

- mappQ, hyper parameters
- Inference, retraining or customize Default replace strategy

- person as homogenous agent replanning with MAPPO

- link volume counts file as calibration
Imitation learning

Before takeover: default strategies provide action labels. After takeover: MAPPO generates the candidate plan and receives scored trajectories.

|
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Mappo procedure

Can be visualized at ~ /matsimMappo/matsimMappo/visualization/index.html

il MATSim MAPPO

GUIDED WALK-THROUGH

Run a MATSim +
MAPPO iteration

Choose a phase. The central canvas
follows actual controller lifecycle and

data ownership.

Load MAPPO module
Iteration 0 loop
Pre-takeover loop
Imitation learning
MAPPO takeover
Action decision
Inference
State&Reward

Evaluation

u 01 / 09
Load MAPPO module

® [nteractive architecture view

PHASE 01

Module injection before controller start

neuT o
Initial deméndv ‘@ @ @ Exef:ution ,

POLICY ACTION
Generate MAPPO
plan

BEFORE RUN
MAPPO module config

unMode - weights - PPO parameters

REPLANNING
Default replanning

OPTIONAL
Link volume
calibration

4\\/\

A

COLLECTION
Training-data
collection

el Hcten

SCORING

Scoring

OPTIONAL
PT timetable
update

TAKEOVER

NEURAL NETWORKS

MAPPO

actor log

Replace strategy with
MAPPO

learning

/\\

OUTPUT
Evaluation &
analysis

Evaluation

LIVE CONTEXT

Load MAPPO
modaule

PRE-RUN

The configuration is parsed before
the controller exists. prepareConfig
registers an implicit
MappoPlanStrategy; Guice
materializes listeners, the state
encoder, and routing services only

at controler.run().

CURRENT FOCUS
Read the configuration

Bind scoring wrapper, collector,
rerouter, and policy

Keep XML strategy weights until
takeover

RUNTIME PARAMETERS
runMode retraining
onPolicy true
takeover 0.60

actor hidden

critic hidden




Mappo procedure —running default iterations iter 0-n

|l MATSim MAPPO

GUIDED WALK-THROUGH

Run a MATSim +
MAPPO iteration

Choose a phase. The central canvas
follows actual controller lifecycle and

data ownership.

Load MAPPO module
Iteration 0 loop
Pre-takeover loop
Imitation learning
MAPPO takeover
Action decision
Inference
State&Reward

Evaluation

u 02 / 09
Iteration 0 loop

=0

® |nteractive architecture view

PHASE 02

Initial plan routing, QSim, and scoring baseline

NPUT ostn
Initial demand Execution

POLICY ACTION
Generate MAPPO
plan

BEFORE RUN
MAPPO module config

REPLANNING

Default replanning
B mode

OPTIONAL
Link volume
calibration

ob

SCORING

A

NEURAL NETWORKS

MAPPO

WARM-UP
Imitation
learning

COLLECTION
Training-data
collection

MAPPO state / action

OPTIONAL
PT timetable
update

TAKEOVER
Replace strategy with
MAPPO

zoom 2.20

ouTPUT
Evaluation &
analysis

Evaluation

LIVE CONTEXT

Iteration 0 loop

Iteration O starts with default
replanning: it completes executable
trips and routes for the initial
selected plans before Mobsim. This
iteration does not write trainable
transitions.

CURRENT FOCUS

Default replanning: construct
executable trip and route structure
for initial plans

After Before Mobsim, QSim emits
LinkEnter, PersonDeparture / Arrival,
and related events

After Mobsim: adjust car-routing
disutility from prior simulated
volumes and observed counts

Count-aware adjustment precedes
scoring; Iteration 0 emits neither
SARS nor training updates

RUNTIME PARAMETERS
iteration ]

SARS not eligible




Mappo procedure —iterations before mappo strategy takes over iter n-1

lﬂl MATSIm MAPPQO @ Interactive architecture view Evaluation
]
a
GUIDED WALK-THROUGH PHASE ©3 - ITERATION I > 1 rag to pan - scr 0 Z00 zoom 2.20

Run a MATSim + Default replanning data collection
MAPPO iteration

Choose a phase. The central canvas

LIVE CONTEXT

Pre-takeover

follows actual controller lifecycle and Link volume Training-data l
data ownership. calibration collection oop

state / JSKRS
Default strategies still mutate plans.

Load MAPPO module The collector compares selected
plans before and after replanning to

Iteration 0 loop TaroT ) a bR " ouTPUT encode mode, reroute, and
: : N\ Evaluation &

: analysis

utilt

Initial demand y W i Scoring
Pre-takeover loop e e = co & score - modal split - T scoring complete state and reward.

departure-shift labels; QSim and

Imitation learning
CURRENT FOCUS
OPTIONAL . " )
MAPPO takeover PT timetable Replanning: snapshot diff — action
update label
Sy

POLICY ACTION
Action decision Gle"erate MAPPO A EEe Execution: departure / arrival / stuck
plan

/ link-enter — outcome

Inference SEFORE RUN Scoring: activity + leg score
MAPPO module config

components — immediate reward
State&Reward Decision trips become time-ordered
REPLANNING i, TAKEOVER person trajectories
NEURAL NETWORKS

. Replace strategy with
Evaluation i MAPPO e MApppo =2

RUNTIME PARAMETERS

strategy mix from config XML

03 / @9 WARM-UP
u 3 Endtation action source default replanning
Pre-takeover loop learning

[t ]

trajectory key iteration/person/leg

actor state 46 dims




l| MATSim MAPPO

GUIDED WALK-THROUGH

Run a MATSim +
MAPPO iteration

Choose a phase. The central canvas
follows actual controller lifecycle and

data ownership.

Load MAPPO module
Iteration 0 loop
Pre-takeover loop
Imitation learning
MAPPO takeover
Action decision
Inference
State&Reward

Evaluation

u 04 / 09
Imitation learning

=

Mappo procedure —training

® |nteractive architecture view

PHASE 04

Streaming imitation training

INPUT
Initial demand

BEFORE RUN

MAPPO modaule config

OPTIONAL
Link volume
calibration

QsSIM
Execution

POLICY ACTION
Generate MAPPO
plan

max — argmax —

REPLANNING

Default replanning

COLLECTION
Training-data
collection

state ’$KRS

SCORING
Scoring
utility - activ

OPTIONAL
PT timetable
update

Replace strategy with
MAPPO

Imitation
learning

zoom 2.20

ouTPUT
Evaluation &
analysis

Evaluation

LIVE CONTEXT

Imitation
learning

WARM-UP

The actor behavior-clones one-hot
actions produced by default
replanning. The critic is not behavior
cloning: it performs value regression
from reward, V(s), GAE, and return

targets on the same SARS trajectory.

CURRENT FOCUS

o Actor: masked multi-head cross
entropy against default labels

Critic: MSE(V(s), returnTarget), with
target from GAE
Default strategies have no actor old

log probability, so no PPO clipped
loss

Each warm-up iteration streams one
update; no large replay buffer is
retained

RUNTIME PARAMETERS
actor target default action
critic target GAE + V(s)

old log prob unavailable




Mappo procedure - mappo takes over and perform decisions

|E| MATS|m MAPPO ® |nteractive architecture view $ Evaluation

GUIDED WALK-THROUGH PHASE 07 zoom 2.20

Run a MATSIm + Frozen-policy inference
MAPPO iteration ,

Choose a phase. The central canvas
— Inference

follows actual controller lifecycle and Link volume Training-data
calibration

INFERENCE

data ownership. Inference requires actor and critic

checkpoints. With onPolicy=false
Load MAPPO module both networks stay static; normal
MATSim events, plans, linkstats, and
Iteration 0 loop o \ e o N oureur counts outputs keep following the
Initial demand 8 4 Execution Scoring 8\ Evaluation & scenario configuration.
e ) S wtilty analysis

Pre-takeover loop schedule - counts 4 ’ > com

o . CURRENT FOCUS

Imitation learning
Load actor ComputationGraph and

e critic MultiLayerNetwork

MAPPO takeover PT timetable

normal strategies are cleared;

MAPPO is the sole strategy

POLICY ACTION
Action decision Glenerate MAPPO A l« ©-
i QSim, scoring, and candidate-vs-

BEFORE RUN baseline comparison still run

MAPPO moduleconﬁg . evaluated rollout output is optional;
weights do not change

Inference

State&Reward

NEURAL NETWORKS R place st teg 'th
= ra y Wi
Aliine MAPPO

actor logits - critic V(s

Evaluation RUNTIME PARAMETERS
runMode inference

actor weight required

07 / 09 WARM-UP : :
Imitation critic weight required

Inference learning

=]

onPolicy false

outputs normal MATSim + JSONL




Mappo framework- typical actor-critic networks structure

Local Observations o1

ENVIRONMENT-Qsim

Global State s

Reward r

Policy outputs

CENTRALIZED TRAINING

Centralized Critic
V(s)

Advantage Estimation
GAE

PPO Loss
Actor Loss + Critic Loss

DECENTRALIZED

EXECUTION
Actor 1 cuTio

m1(al|o1)
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Action a1

Actor 2 Actor N

m2(a2|02) TTN(aN|oN)

Action a2 Action aN




MAPPO definition: actor and critic state dimension and rewards

All features are normalized or one-hot encoded. Interaction activities and legs are excluded when deriving decision-trip state.

ACTOR NETWORK STATE | 46 dimensions
Decision-local information available to each person agent

TIME AND TRIP POSITION | MODE HISTORY | 2X 15 ONE-
4 SCALAR HOT +1

currentModeOneHot [15]
currentTimeNorm previousModeOneHot [15]
plannedDepartureTimeNorm hasPreviousMode
currentLegOrdinalNorm isSubtour - hasLicense -
remainingLegCountNorm carAvailable

(3 scalar constraint features)

CURRENT ROUTE | 8 SCALAR

currentLegBeelineDistanceNorm - currentRouteDistanceNorm
currentRouteTravelTimeNorm - currentRouteFreeFlowRatio
currentRouteDetourNorm - currentRouteLinkCountNorm
currentRouteMeanVcNorm - currentRouteP95VcNorm

=)

adds
collective
context

CRITIC NETWORK STATE | 79 dimensions
Actor state (46) + critic-only global state (33)

SIMULATION, NETWORK AND POPULATION STATE | 2
EXECUTION | 10 SCALAR SCALAR + 15 SHARES
currentTimeSlotNorm
iterationNorm populationMeanScoreNorm
networkMeanVcNorm populationMeanTravelTimeNor
networkP50VcNorm m
networkP95VcNorm globalModeShare_<mode> [15]
congestedLinkShare (15 continuous mode shares;
activeVehicleCountNorm not one-hot)

linkEnterVolumeNorm
runningTravelTimeNorm
runningStuckRate

COUNT CALIBRATION | 6 SCALAR (ZERO WHEN LINK COUNTS ARE

UNAVAILABLE)
observedCountVolumeNorm - simulatedCountVolumeNorm

simulatedAboveCountLinkShare - simulatedBelowCountLinkShare
routeSimulatedAboveCountLinkShare -

routeSimulatedBelowCountLinkShare




MAPPO definition: reward functions

r(i,t) = 0.5 AS_O(i,t) + AS_L(i,t) + 0.5 AS_D(i,t)
—p(i) = 150 - z(i,t) - p_G

MATSim score AS_x(i,t) = S_x(i,t) - S° x(i,t), x € {O, L, D}
improvement
O = origin activity; L = decision trip; D = destination activity.

Each score is compared with the same person and trip ordinal in the baseline.

Local travel-time change p(i,t) = [T(,t) = T°(%i,t)] / T°(i,t)

T is realized decision-trip travel time, measured in seconds.
Set p(i,t) = 0 when baseline travel time T°(i,t) < 0.

Global travel-time change p_G=(TT-TT°)/TT°

TT is the sum of valid decision-trip travel times in the current iteration.
Set p_G =0 when TT?is invalid or non-positive.
z(i,t) = 1 only at each person’s final decision; otherwise, z(i,t) = 0.

i = person; t = decision index. Superscript 0 denotes the fixed baseline captured at MAPPO takeover.

Higher scores or shorter travel times increase reward. The final reward is not normalized or clipped.



Person action trigger point & action space

SELECTED DECISION TRIP

First home-to-work action

] ° home depart 08:00 - pt - arrive 08:43
mobsim - q Sim

ACTION 01

Mode choice

; ==
ActivityEndEvent E— ActivityStartEvent
| ACTION 02
- / Reroute
z PersonArrivalEvent car reroute: route 1/
e . _PersonDepartureEvent @ 4 i SR
Do— y
A A
: e A
] . ' ACTION 03
v PersonEntersVehicleEvent PersonLeavesVehicleEvent , Departure shift
1
*/ 6 06:40 | [ 07:15
A VehicleEntersTrafficEvent : VehicleLeavesTrafficEvent N ¢ st Lot
v A
= =3 A

Zoom + | ( Zoom - | [ Reset

(old: Wait2LinkEvent)

aAnkLeaveEvent LinkEnterEvent LinkLeaveEvent LinkEnterEvent a
1 X ”

WL I/

home activity selected - home depart @8:00 - pt - arrive 08:43




MATSim-MAPPO Run Evaluation

The run completed successfully, while the learned policy shifted toward car and lost acceptance over time.

MATSim average executed score

MAPPO candidate acceptance

136.0 MAPPO takeover 100% 97% 96%
135.0
/ 75%
134.0
50%
133.0 33%
132.0 25%
9% 5%
1310 0% EE e—
35 40 45 50
130.0 30 _
0 2 4 6 8 10 12 14 16 18 20 22 24 26 28|30 32 34 36 38 40 42 44 46 48 50 lteration
Iteration

MATSim outcome

134.00 to 135.50 -17.1% to +9.6% 87.9% to 98.6%

Car mode share
iter. 29 to iter. 50

Average score Global travel time
+1.12% vs iter. 29 iter. 30 to iter. 50

Model evaluation

+10.91 to -7.83 0.00 to -19.21 21.7 to 2,421.9
Mean immediate
reward

iter. 30 to iter. 50

5th percentile reward  Critic loss at epoch 20
iter. 30 to iter. 50 iter. 30 to iter. 50

Assessment: integration and checkpointing passed. Performance remains unvalidated due to mode collapse, rising travel time, negative

rewards and falling plan acceptance.



MAPPO Plan Selection: Safeguard vs Full Retention

Post-takeover selection rule Iteration 50 outcomes
N
Score safeguard Full MAPPO
SELECTION SAFEGUARD
o o ) 137.89 134.69
Evaluate MAPPO and existing alternatives in QSim, then retain
the highest-score plan. Average executed score Average executed score
27.1% Selection preserves a tested fallback
when a MAPPO candidate underperforms. 1 ,371 S 1 ,321 S
4,872 MAPPO plans selected
out of 18,000 candidates ) Average decision-trip Average decision-trip
travel time travel time
~

FULL MAPPO RETENTION
Selected-plan modal split

After takeover, select the MAPPO candidate directly for every

person and every iteration. e _
47.8% 36.1% 16.1%
100%

This isolates the effect of removing
the score-based selection safeguard.

MAPPO plan retention Full MAPPO
from iteration 31 to 50 53.7% 20.8% 25.4%
J

. Car . PT Walk

In this controlled test, direct MAPPO retention lowers average decision-trip travel time by 3.7% relative to the safeguard, but reduces average executed score by 3.20 utility and shifts
15.3 percentage points away from PT. The score-based safeguard remains useful while the policy is still learning.



Scenario: GZ PT network - MAPPO retraining + on-policy

Server snapshot: 2026-09-03

Scenario scale

Population Road network Public transport
986,424 persons 80,982 nodes 1,879 lines
hpPop100w.xml.gz 150,928 links 3,321 transit routes
roughly one million daily agents gzInpoly_Simp_remod_pt_240129.xml 145,174 transit vehicles

MAPPO and QSim configuration

Training regime and rollout data Simulation envelope
runMode = retraining it.88 training transitions: 8.15 GB QSim end time: 24:30
onPolicy = true it.84-it.88 transition files: 38 GB flowCapacityFactor = 0.8217

Full mappo-rollouts archive: 354 GB

collectTrainingData = true storageCapacityFactor = 0.8217

Run envelope

100 iterations

lastlteration = 100
MAPPO takeover starts after it.60

networkModes = car
Counts input: linkCounts240407.xml

Observed runtime after MAPPO takeover (completed It84—|t88) Mean controller-stage wall-clock time; the bars are not isolated neural-network kernel timings.

Replanning / MAPPO plan generation
QSim execution
Scoring + SARS + PPO training

End-to-end iteration

8.28 h state + actor + routing

0.33 h about 20 min

7.06 h reward + batches

15.67 h includes all stages

Interpretation: the measured “prediction” stage is the full replanning/MAPPO plan-decoding stage, while the measured “training” stage includes scoring, SARS construction, and PPO/BC updates. Training data are materialized as

JSONL SARS transitions; dedicated intra-network timers have not yet been instrumented.

Compute: 2 x AMD EPYC 7542 - 128 logical CPUs - JVM -Xmx160G - observed JVM RAM ~77-81 GB - output ~8.5 GB

server6 scenario profile



Guangzhou Scenario: Link Count Fit, GEH Record-Level Scatter, and PT

Departure Deviations

Red dashed line marks it.61, the

Representative iteration

Link count fit: a takeover disturbance followed by recovery to lower error YD (el
snapshots
NRE / mean GEH / GEH<5
Mean normalized relative error GEH by count record (each dot = one link-hour)
iteration NRE GEH GEH<5
1 1%8 it.0 0.741 28.86 6.1%
L o9 TIRY
X os O it.60 0.794 31.14 3%
Z o7 Y oo 2000 000 4000 5000 it.61 0.978 4124 0.0%
e it.70 0.693 26.45 5.9%
0 10 20 30 40 50 60 61 70 76 observed count ' ‘ ' '
- . it.76 0.697 26.78 6.3%
|terat|0n DR Y Q- —— -
The it.61 cloud shifts upward across most observed-count ranges; by it.76
it shifts downward.
Observed PT departures versus timetable: marked pre-takeover Correct interpretation: observed schedule stability, not
convergence schedule-feedback evidence
) 200 Departure events * config-mappo-100iter-server6.xml does not set useExperiencedTransitSchedule; the default is
false.
Q@ 150 3.22m — 3.29m
g 100 it0 = it.50 * Therefore, delay measures QSim departure deviation from the fixed timetable. The
= 50 Departures delayed > 60 s improvement from it.0 to it.50 reflects network and default-replanning convergence.
S 0 I— | - 32.9% — 23.9%
ig{a h—‘;ﬁ% P95 Decrease by 9.0 pp * MAPPO takes over at it.61. The retained count results through it.76 recover after the initial
Median disturbance, but complete post-takeover event files are unavailable for an equivalent PT-
t0 mits0 departure comparison.
0s—0s _ _ _ .
Next step: enable useExperiencedTransitSchedule and write events at shorter intervals to
Many departures on time distinguish observed delays from a timetable-feedback effect.

Data source: server6 /windows/e/lvm/MATSimMappo-GZ-240407/output-retry1; count indicators use link-hours with observed count > 0.

Server6 count and PT departure evolution



Summa I'Y - aspects to be improved/done...

% .”3\/_-1 Milu
| /ﬁ/,

- dimensionless states with PT time table & volume count calibration convel@163.com

- Raise dimension like nerf sym might get more latent @ 8 e i E

- apply multi-agent/ heterogenous agents to the extension :ff'- o8 1
- activity-trip-chain GT for auto parameters calibration, CMA-ES framework F-’EE:;.:,‘:
- can it integrate with world models?

https://github.com/convelming/MATSimMappo



