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Abstract

Cities deploying autonomous vehicles face an ur-
gent policy question: would the adoption of au-
tonomous vehicles (AVs) improve the congestion
rate or worsen it? What would be the optimal adop-
tion rate to minimize the congestion rate? How
would cautious AVs (Waymo-style) and aggressive
AVs (Tesla “Mad Max”-style) interact with human
drivers and delivery robots on shared roads?

We present URBANMIX, an interactive simulation
platform that embeds cognitively diverse agents
(human drivers, cautious AVs, aggressive AVs, and
delivery robots) with distinct behavioral profiles
inside a Simulation of Urban MObility (SUMO)
framework of real urban road networks. Our LLM
planner operates as an urban policy coordinator,
setting traffic rules through a bounded action inter-
face, while a regulation shield enforces infrastruc-
ture constraints. Our experiments reveal three key
phenomena: (i) roads throughput may substantially
drop with the increase in AVs adoption; (ii) an ag-
gressive cascade, where runtime behavior switch-
ing modeling Tesla user-selectable “Mad Max”
mode triggers up to 60 times increase in emer-
gency braking events on a real Austin Downtown
network; and (iii) a delivery bottleneck, showing
24-36% throughput reduction from slow robots.
Results validated on synthetic and real data from
Austin, TX, demonstrate that real network topology
amplifies cascade effects by more than four times.

1 Introduction

In December 2025, a power outage in San Francisco exposed
a critical gap in urban planning: Waymo robotaxis froze at
intersections city-wide, blocking cars, buses, and emergency
vehicles [Ha, 2025]. Autonomous vehicles violate the rules
even in non-emergency situations: Waymo accumulated 589
parking tickets and 124 obstruction citations in San Francisco
alone in 2024 [Bonos, 2025], while General Motors had to
shut down Cruise after $10B in losses following a pedestrian-
dragging incident [General Motors, 2024]. Furthermore, on
the top of its “Chill” and “Standard” full self-driving (FSD)

mode, Tesla recently deployed “Mad Max”, an aggressive
driving profile that prioritizes speed over caution. This mode
leads in tighter headways, more frequent lane changes, and
exceeding speed limits [Hughes, 2025]. Within weeks, the
US National Highway Traffic Safety Administration opened
an investigation covering 2.9 million FSD-equipped vehicles,
citing 58 complaints; including 14 crashes and 23 injuries.

These events reveal a fundamental challenge: cities are de-
ploying autonomous vehicles with switchable behavior pro-
files, but have no.tools to predict how heterogeneous, mode-
switching AV fleets interact with existing traffic. The problem
is compounded by three factors: (1) behavioral diversity: dif-
ferent manufacturers embed fundamentally different driving
philosophies; (2) runtime switching: users can change AV be-
havior mid-trip, creating fleet-wide cascades; and (3) multi-
modal conflicts: slow delivery robots [Starship Technologies,
2024] share infrastructure with fast, assertive AVs.

The research landscape offers partial solutions summarized
in Tab. 1. Mixed-autonomy simulation [Wu et al., 2022;
Vinitsky er al., 2018] established reinforcement learning
(RL)-based analysis but treats AVs as a uniform population,
ignoring the behavioral diversity essential in practice. LLM-
assisted SUMO tools [Li er al., 2024; Jeong et al., 2025] ex-
ibit the same limitation. LLM-driven urban simulations [Liu
et al., 2025; Bougie and Watanabe, 2025; Sultimov et al.,
2026b] model agent diversity but do not integrate with cal-
ibrated traffic microsimulators and ignore real-road topol-
ogy challenges. Another challenge is the climate and nat-
ural disasters impact [Sultimov er al., 2026a; Taniushkina et
al., 2026]. Platforms like SmartTransit.Al [Pavia et al., 2024]
address transit routing but omit mixed-autonomy phenomena.

We present URBANMIX!, a platform that addresses these
gaps by embedding cognitively diverse agents inside SUMO
microsimulation, see Fig. 1 for details. Our contributions are:
* A heterogeneous agent architecture with four be-

haviorally calibrated vehicle types, including runtime

mode switching via TraCI?> directly modeling the Tesla

“Chill/Standard/Mad Max” paradigm.

* An LLM urban planner operating as a policy coordina-
tor with a regulation shield enforcing infrastructure con-

"Demonstration video: https://youtu.be/ksgdX5SiguFw. Live
demo: https://evacuation-viz.vercel.app/urban
*https://sumo.dlr.de/docs/TraCl/index.html


https://youtu.be/ksgdX5iguFw
https://evacuation-viz.vercel.app/urban
https://sumo.dlr.de/docs/TraCI/index.html
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Table 1: Comparison with existing mixed-autonomy and
LLM/SUMO platforms. Only UrbanMix supports all five capabil-
ities simultaneously.

straints [Shoham and Tennenholtz, 1992].

* Cross-network validation on a real Austin Downtown net-
work (325 nodes, 676 edges, 127 traffic lights), demonstrat-
ing that real topology amplifies aggressive cascade effects
by 4 times compared to simple synthetic grids.

An interactive web dashboard for real-time policy explo-

ration, deployable to any city SUMO network, demonstrates

the solution.

2 System and Demonstration

URBANMIX comprises four layers sharing a common
PolicyAction interface.

Heterogeneous agent population. We define four vehicle
types with calibrated SUMO car-following (Krauss model)
and lane-change parameters; see Tab. 2 for details. Human
drivers exhibit stochasticity, modeling reaction-time vari-
ability and imperfect car-following observed in field stud-
ies [Stern et al, 2018]. Cautious AVs model Waymo-
style conservative behavior: large headways (7=2.0s), co-
operative lane changes (1cSpeedGain=0.3), and a 3.0m
minimum gap reproducing the moving bottleneck phe-
nomenon documented in mixed-autonomy literature [Wu
et al., 2022]. Aggressive AVs model Tesla “Mad Max”-
style driving: tight headways (7=0.8s), assertive lane
changes (lcSpeedGain=2.0), and a ‘higher maximum
speed of 130 km/h matching reported behavior of exceed-
ing posted limits and forcing lane changes [Hughes, 2025].
Delivery robots are modeled after Starship’s fleet [Star-
ship Technologies, 2024]: slow (10 km/h maximum), small
(minGap=1.0m), and inability to change lanes.

Parameter Human  AVeuw  AVye  Robot
o (stochasticity) 0.5 0.0 0.0 0.0
7 (headway, s) 1.2 2.0 0.8 1.5
accel (m/s?) 26 2.0 35 0.8
decel (m/s?) 4.5 4.5 6.0 2.0
minGap (m) 2.5 3.0 1.5 1.0
maxSpeed (km/h) 119 119 130 10
IcSpeedGain 1.0 0.3 2.0 0.0

Table 2: Agent behavioral profiles: each column represents a distinct
driving philosophy; runtime switching between types via TraCI en-
ables dynamic mode transitions.

Runtime behavior switching via TraCl setType () en-
ables dynamic transitions between any agent type at any sim-
ulation step directly modeling the real-world scenario where
Tesla drivers toggle between “Chill” and “Mad Max” modes
mid-trip. This mechanism is critical: it allows UrbanMix to
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Figure 1: The URBANMIX architecture.  Four agent types
with distinct SUMO behavioral parameters share roads on a real
Austin Downtown network. The LLM urban planner proposes
PolicyActions; the regulation shield enforces infrastructure
constraints before applying changes to the simulation.

study not just static fleet compositions, but the dynamic cas-
cades that emerge when multiple vehicles switch behavior si-
multaneously.

SUMO backend and networks. The backend uses
SUMO [Lopez et al, 2018] via TraCl [Wegener et al.,
2008]. We validate on two networks of contrasting complex-
ity: (1) SynthTown, a synthetic grid (117 intersections, 297
segments, 2 bridge bottlenecks) providing a controlled base-
line; and (2) Austin Downtown, a real network extracted from
OpenStreetMap via netconvert (325 nodes, 676 edges, 127
signalized junctions). The Austin network preserves the full
topological complexity of a real city: Congress Avenue as the
primary north-south corridor, Cesar Chavez Boulevard along
the eastern boundary, Guadalupe Street bounding the univer-
sity district to the north, and Lady Bird Lake (Colorado River)
running east-west with constrained bridge crossings. Roads
are classified by hierarchy primary highways, arterials, col-
lectors, and residential streets with signal timing derived from
the Austin transportation network.

LLM planner & regulation shield. Every few steps, the
planner observes a structured TrafficState vector: per-type
vehicle counts, mean speeds, queue lengths, and cumulative
conflict events (emergency braking, near-misses). It proposes
a PolicyAction drawn from a bounded action space: signal
timing adjustments (green/red phase durations), AV corri-
dor designations (restricting aggressive AVs from specified
road segments), and speed zone modifications. This bounded
interface prevents the LLM from proposing physically in-
valid actions (e.g., negative green times) while preserving
its capacity for policy-level reasoning [Shoham and Tennen-
holtz, 1992]. All proposed actions pass through a regula-
tion shield that validates compliance with infrastructure con-
straints: minimum green times (> 5s), maximum phase du-
rations (< 120 s), speed limits consistent with road classifica-
tion, and capacity constraints at bridge crossings. Violations
trigger automatic repair (clamping values to valid ranges) or
rejection with explanation. The planner operates as a policy
coordinator it does not control individual vehicles, but sets
the norms under which heterogeneous agents interact.

Surrogate safety metrics. We adopt emergency braking
events (e-stops) as our primary surrogate safety measure, de-
fined as decelerations exceeding —4.5m/s?. This threshold
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Sc.1(30% AV) | Sc.?2 (cascade) Sc. 3 (robots)
Metric Synth  Austin | Synth  Austin | Synth  Austin
Throughput (cars) | 110 102 110 104 70 78
Avg spd (km/h) 52 48 52 47 33 36
Peak queue (cars) 16 78 16 79 13 95
E-stops (events) 1 66 176 760 0 24

Table 3: Scenario results on two networks (200 vehicles, 900s,
seed=42). E-stops count decelerations < —4.5 m/s>.

is calibrated to the deceleration parameter of human drivers
(Tab. 2) and aligns with established surrogate safety method-
ology [Papadoulis et al., 2019]. E-stops capture near-miss
conflicts that throughput and speed metrics miss entirely, as
our Scenario 2 results demonstrate.

3 Scenarios and Results

We demonstrate three scenarios exposing distinct mixed-
autonomy phenomena; see Tab 3 and Fig. 2. All runs use 200
vehicles over 900s (At=0.5s, 1800 simulation steps) with
deterministic seeding for reproducibility.

Scenario 1: Penetration rate sweep. Users sweep AV pen-
etration from 0% to 50% (all cautious). This scenario quan-
tifies the “valley of disruption” the counterintuitive range of
AV adoption rates at which traffic performance degrades be-
fore eventually improving. At 30% penetration on Austin,
cautious AVs create moving bottlenecks: their large head-
ways (7=2.0s) reduce effective road capacity while hu-
man drivers learn to exploit their predictable yielding behav-
ior [Stern et al., 2018; Liu, 2025]. On the Austin network,
throughput drops to 102 vehicles (from a 110-vehicle base-
line at 0% AV) a 7% reduction. More significantly, 66 emer-
gency braking events occur even under normal mixed con-
ditions, establishing a critical baseline. On the smaller Syn-
thTown network, throughput remains at 110 with only 1 e-
stop, illustrating how real network complexity creates fric-
tion absent in synthetic grids. The peak disruption zone (10—
30% penetration) is consistent with capacity reduction ob-
served in mixed-autonomy field experiments [Wu er al., 2022;
Papadoulis et al., 2019].

Scenario 2: Aggressive cascade (aka Tesla “Mad Max”).
This scenario our most dramatic result directly models what
happens when AV drivers toggle to aggressive mode, as Tesla
“Mad Max” deployment enables [Hughes, 2025]. All AVs
start cautious; at t=300s, the user switches them to aggres-
sive mode, simulating a fleet-wide mode transition. Aggres-
sive AVs (7=0.8s) immediately reduce headways by 60%
and begin assertive lane changes with 1cSpeedGain=2.0.

On Synthetic Town regular grid, this results in 176 e-stops.
On Austin Downtown, the real non-orthogonal topology nar-
row one-way streets, constrained bridge crossings over Lady
Bird Lake, and 127 signalized intersections with real timing
amplifies the cascade to 760 e-stops, 4 times amplification
over similar synthetic data; see Fig. 2. Before the switch
(t < 300), only 12 e-stops accumulate; after the switch, 748
additional e-stops occur in the remaining 600s, a 60 times
increase in the e-stop rate.

Crucially, throughput remains nearly identical (104 vs. 102
vehicles). This decoupling of safety from efficiency is the
scenario key finding: throughput-only metrics are blind to
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Figure 2: Scenario 2 on Austin TX Downtown: cumulative emer-
gency braking events over 900s. The behavioral mode switch at
t=300 (cautious to aggressive) triggers a 60 times increase in the
e-stop rate, while throughput remains at 104 vehicles demonstrating
that throughput-only metrics are blind to safety degradation.

the safety catastrophe induced by runtime behavior switch-
ing. This is precisely the scenario cities face with Tesla Mad
Max: same throughput, much more danger [Hou, 2023].

Scenario 3: Delivery robot bottleneck. Twenty delivery
robots (10km/h, no lane changes) modeled after Starship’s
fleet of 2,700+ robots [Starship Technologies, 2024] share
roads with mixed traffic. Their slow speed and inability to
change lanes create persistent queue formation, particularly
on Austin’s narrow residential streets where alternative routes
are scarce. Throughput drops to 78 vehicles on Austin (24%
reduction) and 70 on Synthetic Town (36% reduction), while
robots effective speed falls to approximately 3 km/h due to
congestion interactions [Jennings and Figliozzi, 2019]. Peak
queue length reaches 95 vehicles on Austin the highest across
all scenarios despite low e-stop counts (24), indicating that
robots cause gridlock rather than conflicts.

Key insight: topology amplifies cascades. The systematic
comparison across two networks reveals that synthetic grids
consistently underestimate cascade severity. The 4.3 x e-stop
amplification from SynthTown (176) to Austin (760) in Sce-
nario 2 arises from three topological factors: (1) Austin’s
non-orthogonal street layout creates merge conflicts at acute
angles absent in regular grids; (2) bridge crossings over Lady
Bird Lake act as capacity bottlenecks where aggressive lane
changes propagate upstream; and (3) 127 signalized intersec-
tions with real timing create stop-and-go patterns that com-
pound with tight headways. These findings underscore the
necessity of validating mixed-autonomy policies on real road
topologies before deployment.

Ethical Statement

The paper has no ethical issues. URBANMIX is a re-
search prototype intended for policy exploration and deci-
sion support. AV behavioral profiles are calibrated abstrac-
tions of driving styles, not manufacturer-specific predictions;
“cautious”/*“aggressive” labels reflect behavioral parameter
ranges, no specific commercial systems claims. The data is
synthetic; no real participants or personal data is involved.
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