A Case Study of the Development of
an Agent-based Simulation in the
Traffic Signal Control Domain using
an MDD Approach

Fernando Santos'?, Ingrid Nunes3,Ana L.C. Bazzan?
!|nstituto de Informatica, UFRGS, Brazil
2 Depto. de Engenharia de Sofware, UDESC, Brazil
3TU Dortmund, Germany

{fsantos, ingridnunes, bazzan}@inf.ufrgs.br
ay 8, 2017

Proseft "“l

UFRGS

$
UFRGS

UNIVERSIDADE FEDERAL
DO RIO GRANDE DO SUL




ABMS

e Agent Based Modeling and Simulation (ABMS)

— Paradigm that uses agent-based simulations to [re]produce,
analyze, or predict a phenomenon under study

-

— Particularly suitable for complex systems and emergent
phenomena
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Agent-based Simulation Development =

e Agent-based Simulation (ABS) Platforms

PLATFORM

SeSAm

Shell for Simulated Multi-Agent Systems

v1.3 Jan2017

 Demand for technical expertise
* No building blocks for recurrent concepts and behaviors

EMAS 2017 fsantos@inf.ufrgs.br 3



Model-driven Development (MDD)

 Models as first-class citizens

* Trades generality for expressiveness
— Domain concepts are available for modeling
— Reduces the abstraction gap and increases productivity

e MDD in ABMS: Limitations

— Limited to particular MDD aspects

* Metamodels: AMASON, MAIA, metamodel of Ribino et al. (2014)

* Methods for identifying certain domain concepts: easyAMBS, IODA
— Much is left to be developed manually

e Often, only code skeletons are produced automatically

— Lack of evidence of the real benefits that an MDD approach can
promote for developing agent-based simulations.
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Research Question

é )
What is the benefit an MDD approach can provide

for developing agent-based simulations?
. V.

* We explore this question through a case study
— Provision of an MDD approach for ABMS

— Empirical assessment of its gains
* Development effort
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MDD for ABMS: preliminaries

S

A
 The more specific the 0 oD
. . . w
application domain, the 5 Trade off
higher the chance of success %
— J. Hutchinson, M. Rouncefield, and J. Whittle. E—
Model-driven engineering practices in w >
industry. In International Conference on Domain Generality Domain
Software Engineering, 633-642, 2011. Specific Neutral

e Selected domain
— Agent-based simulations of Adaptive Traffic Signal Control (ATSC)
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Adaptive Traffic Signal Control

ATSC

e Traffic Signal Control (TSC)
agents in charge of
managing traffic light
indicators so as to:

— Maximize traffic flow

—Minimize travel time
—Other metrics

e Distributed and
autonomous agents

* Availability of decision-
making techniques
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ATSC elementary concepts

* TSC agents

* Incoming/outgoing lanes
* Traffic light indicators

* Stages

* Phases

* Plans

* Cycle

TSC elements

Stage A

EMAS 2017

El A
(o o
-4 \ -4 - - -+
TSC
: > > > —
(o o A
traffic light
 J indicator  J
(a) Basic Elements. (b) Stages.
s
G Y R G Y R
_ (right of way) (change) [clear. (right of way) |(change) [clear.
Plan 1<
. Phase 1 o Phase 2 ,
g 0 .. seconds... 25 28 30 30 45 48 50
p
G Y R G Y R
(right of way) (change) [ clear. (right of way) (change) [clear.
Plan 2<
. Phase 1 L Phase 2
\ 0 ...seconds... 20 23 25 25 45 48 50
Cycle
(c) Phase, Plan and Cycle.
fsantos@inf.ufrgs.br 8



MDD for ABMS: elements

1. Metamodel

— Domain concepts = meta-entities and their relationship

— Built through a domain analysis activity

2. Domain-specific language (DSL)
— Building blocks for recurrent concepts = expressiveness
— Allow modeling in an expressive way (abstraction gap)

3. Transformations & Code Generation

— Rules for producing code automatically = productivity
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Domain Analysis Method

* Bottom-up, based on existing simulations

1. Build a preliminary list of agent-related concepts

o

following the steps of existing methodologies for ABMS

2. Refine the identified concepts using the ODD protocol
 Adaptation, learning, collectives, ...

3. Find the essence behind each identified concept
 Recurrent characteristics and behaviors

4. Build the domain model
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Domain Analysis
SteE 3

e How domain concepts were abstracted:

;chllow:lr MMActuatorState MMDecisionOption —| MMDecisionCapability
T~ & 5

-1 MMFlowControlCapability —«@—— MMActivation

/ ? \\| m

MMAgent ‘ MMActuator MMActuatorGroup
A ) AN A
] -’ : i i | Reasoning of TSC Agents:
Stage A Learn which stage to activate
L Uses Reinforcement Learning.
> i | Technique: Q-Learning
+ * i | States: active stage X queue lenght
: ;| Actions: existing stages
O H Reward: queue length of incoming lanes
Stage B '
Q-Learning algorithm overview:
L - | - At each timestep
Update Q-table
- > Select an action according to
a selection policy

EMAS 2017 fsantos@inf.ufrgs.br 11



Metamodel
Steg 4

-] MMEntity

1 name : String

= description : String
= pluralName : String

i

r,

[0..*] attributes

] MMAttribute

[0.7] capabilitie{zg MMAgentCapabetq

[ | MMAgent
L

[0..1] decisionCapability
/

z

E@ MMDecisionCapability

(

J

-~

“{

~

)

-~

~N B

\
A

..1] activation

=] MMFlowControlCapabilit

[

= timerSelectedOption : Double = 0.(

|

[1.*¥] re

= name : String

)
a

= description : String
= value : AnySimpleTyp#

= cardinality : Int

v

[0..1] complexType

[

-] MMActuatorState

= name : String

= isDefault : Boolean = false)

[1..*] activ

lators

% MMActuatable

(

<

s
L

Vs

-

[0_1] select i
@ decide() : MMDecisionOptior {01} selectedOption
,ﬂ D\ b\ : [0..*] options
’ \ A I
- ' \\ e EE} MMDecisionOption
[ =| MMStateMachine] oo
] *. L & id : String
\

LY A

|

-] MMLearning ]

J [ ] MMActuator

[1..1] Ltate'

-] MMActivation

(

—l

<_l]..1.]_aLl:ual:able

L[1__*] actuators[ E MMActuatorGroup]

l

= id: Int

)

——

-] MMAdaptation ]
( )

) .

l 3 name : String

N—

* Also, acts as the DSL abstract syntax
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Metamodel
Steg 4

Entities & Agents
B MMEntity | P
= name : String ] MMAttribute
- drscrllrztlon :Ssttrl_ng [0..*] attributes 1 name : String
= pluralName : String iotion * Stri 0..1] complexType
L | 1] activation | = description : String [0..1] complexTyp :
Zﬁ N = value : AnySimpleTyp¢| I
[0.3] capabilitics MMAgentCapability = cardinality : Int :
[ ] MMAgent H . J
" ) MMActuatorState l
[0..1] decisionCapability { name : String

isDefault : Boolean = FalseJ [1..1] }state

.'\-‘l.’\-ﬂActivationW
[01}selectedOption  4_+] regulators | )

[0..*]|options J/ S MMActuatable c |j..]|aLtuatable

VIMDecisionOption

MMDecisionCapability

timerSelectedOption : Double = 0.
& decide() : MMDecisionOptior

M I\ﬂ_State.'\ﬂachinew

id : Skring 3
‘ MMActuator J1--*] actuators |\'1_.'\-‘|Actuator6roup}

)

MMAdaptation W ( MMLearning | { id : Int name : String J
J L |

1 3




Metamodel
Step 4

ie{ﬁ MMAgentCapab:’lft,q
i J

SR =] MMActuatorState ]
- i
A

= name : String
3 isDefault : Boolean = false| [1..1] Ftatﬂ
1

[ [/ MMFlowControlCapabilit

C
[1.+] activ | MMACctivation ]

dOption  14_#] regulators ( )
[0..*] options ﬁ MMActuatable e [1.1] aLl:ual:able

1

I

|

I

i MMDecisionO, tfon] ( !
D[:E P /q AN N |
l = id ; String J < h :
= [ 5| MMActuator ]J1"*] acl:ual:ors[ =| MMActuatorGroup] |

| = I

| = id:Int =3 name : String |

| J l J
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Metamodel
Steg 4

S MMType
MMEntity
name : String - MMALEtribute T
dlescrtptlon : Strllng [0..*] attributes name : String
pluralName : Strng (11] activation description : String [0..1] complexType
B value : AnySimpleTyp¢|
[O*] Capab|l|t|91ﬁ Mmyentcapablfft,q Cardiﬂa[]ty - Int
{ MMAgent ]
( J ,"V b-. { MMActuatorState |
/ \ |
[0..1] decisionCapability | ¢
'} Pid
. . ) MMHOWCOI’]UO[CGDELNW L IsDerault : Boolean = raise) Lisal] rl.dl.lr.'
[ zﬁ MMDecisionCapability L‘\mﬁ[
= timerSelectedOption : Double = 0.1 [0_11selectedOpti [1..*] activati ViMActvation }
@ decide() : MMDecisionOptior J e PHON  [1..4] regulators L )
T N ‘ -
,ﬂ D: R | [0..*] options ] MMActuatable |_ [1.1] aLtuatable
/ \ » | :
L "\ Yy bt - - - - & MMDecisionOption
{ = MMStateMachine] AN - .
\ ] N id : String \ r
| v { MMActuator  ]1..#] actuators MMActuatorGrou%
[ [ MMAdaptation ] £ MMLearning ] { id: Int name : String J

| JA J
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DSL4ABMS: Modeling Language
Concrete Syntax

* UML-inspired building blocks for ABMS element
inspired building blocks for elements
Traffic Signal Controller Learning
plan learning
o | Flow Control
< State Def. (Expr) queue stage 1
© (Expr) queue stage 2
Z | Strategy ‘ Designer defined v (Expr) timerSelectedOption
o
= | Quantity 9 Reward (Expr) avg queue length
ﬁ - avg queue length {-1}
r | Location TrafficNode
(5] Learning Parameters
Name Init. Update v
Technigque ‘ Q-Learning
i 2 E
m stoams ] { fpgs State Machine . State Machine
Iniin Learning rate 0.08
|5 ) b plan north-south plan west-east
activation Decision C ili .
E {Jlan Ieamin;pa ) Option Condition Discount factor 0.8 Option Condition
= . . .
k£ | queue stagel | v in Vehicles : location=streams [0] | phase 1 42 sec Selection palicy ‘ Epsilon greedy v phase 3 18 sec
queue stage? | v in Vehicles : location=streams [1] | phase 2 18 sec Epsilon 0.9 phase 4 42 sec
avg queue length avg (queue stagel, queue stage2) /J\ fk\ /J\
ac s ?@Aﬁ? f%—g_&?
Actuator States | | Actuator Groups | | Actuator(s) State Machine State Machine State Machine State Machine
phase 1 phase 2 phase 3 phase 4
Name Default? Name Act. ID [0..3] - — - — - — - —
Option Condition || Option Condition | |Option Condition || Option Condition
green stage1 [0] robins
stage 1, green SEC e 2, green SEec stage 1, green Sec e 2, green Sec
arope (stage 1, green) 37 (stage 2, green) 13 (stage 1, green) 13 (stage 2, green) 37
yellow stage 2 [1]
g (stage 1, yellow) 3 sec (stage 2, yellow) 3 sec (stage 1, yellow) 3 sec (stage 2, yellow) 3 sec
re
® (stage 1, red) 2 sec (stage 2, red) 2 sec (stage 1, red) 2sec (stage 2, red) 2 sec
| | | |
| ] ] ]
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Model-to-code Transformations

* Production rules to generate NetLogo code. E.g.:

Production Rule Transformations to NetLogo Code

Agent type For each MMAgent - breed
RL capability For each MMReinforcementLearning =
e Qlearning init.
* Qlearning reward def.
* Qlearning update Qtable
* Qlearning decision
Qlearning update executes Qlearning reward def. reporter to compute reward
QTable set statement for updating the Qtable
Q(s,;a) = Q(s,a)
+ a[r + ymax Q(s!, r::.f) — Q(s, a)]

* Specified and implemented using XPand })(pand
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Evaluation: Questions

e Q1. MDD Effectiveness

Is our MDD approach able to produce ready-to-run
code from DSL4ABMS models?

e Q2. MDD Benefits

Does our MDD approach decrease the effort to
develop agent-based simulations?
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Evaluation: Selected Simulations

* One simulation was selected for each decision capability

* Fixed plans = State machines

— U. Wilensky. NetLogo Traffic Grid model. 2003
http://ccl.northwestern.edu/netlogo/models/TrafficGrid.

» Self-organizing Traffic Lights = Adaptation
— C. Gershenson. Self-organizing traffic lights. Complex Systems. 2005.

» Signal Plan Learning = Reinforcement Learning

— D. de. Oliveira and A. L. C. Bazzan. Multiagent learning on traffic lights
control: effects of using shared information. In Multi-Agent Systems
for Traffic and Transportation,. 2009
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Q1. Generated Simulations

» Oliveira2009TSCCLearning - NetLogo {D\Dropboxidoutorado'sourceforge' projects\MDD4ABM..,  — ]
File Edit Tools Zoom Tabs Help
| Interface 1nfo. Code
view updates
". 8 + _m Button = I I | . I Settings...
Edit Delete Add slower continuous
Traffic Signal Controller Agent = ~
T plan learning —
5 Fiom Control — St G0 g Edp ¥ ticks: 1032
7 | s [~y v
2 | cuamy s
8 | Location S— L
© [hame Init.  Update | |
Learring Pasameters
- Techmique Qusaming v
T Learning rate o1 |
Discountfacter 0.9
Selection poliey | Ep=ion areety v
Epsilon 07 |
e 3
Actuator States Actuator(s)
‘Nanbe Defoult? | 10...1] N
» P e
red . . § i
w State Machine State Machine State Machine
plan equal plan north-south plan west-east
opion  condition | | Option  condition | | option condition
I | [gwom  425ac [0, greem) 18202
(Lgresn) 19 5ac (L awen)  423c
v
[« Center | [ Clear
* -related ready- | 2
observers|| >

to_run COde Was to rl-plan_learning-update-qtable [s a s' r] "
Tet g_s_a 0
. Tet gq_s'_max_a_value 0
u y automatlca y if table:length s_values_map > 0 and table:has-key? s_values_m:
set q_s_a table:get s_values_map a
]
generated if table:length s'_values_map > 0 [
set q_s'_max_a_value table:get s'_values_map max-action-value
]
Tet new_g_s_a ( g_s_a + ri_plan_learning_alpha *
Cr + ri_plan_learning_gamma *
g_s ' _max_a_value - g_s_a J )
I
table:put s_values_map a new_qg_s_a
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Q2. Development Effort

e Size metrics, from cost estimation methods in SE

* Lines of Code (LoCs) is a key size measurement
— Used in methods such as Function Points and COCOMO
— Can be manually produced (MLoCs) or generated (GLoCs)

 Atomic Model Element (AMEs)
— Used to measure graphical models
— 1 AME is a visual element that is equivalent to 1 LoC
— Counting rules are detailed in the paper
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Q2. Results

Simulation AMEs MLoCs Effort* GLoCs
Fixed Plan / State Machine
NetLogo 1 34 35 1 60.0%
Our MDE approach 14 0 14 116 ‘
Self-organizing Traffic Lights / Adaptation
NetLogo 1 82 83 1 ‘ 81.9%
Our MDE approach 15 0 15 103
Signal Plan Learning / Reinforcement Learning

ITSUMO 0| 257 257 0 ‘ 85.6%
Our MDE approach 37 0 37 297

*Effort = AMEs + MLoCs

Our MDE approach reduces the effort
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Q2. Results

 Why does our MDD
approach produce
simulations with

Simulation AMEs MLoCs Effort* GLoCs

Fixed Plan / State Machine

NetLogo 1 34 35 11 more LoCs than
Our MDE approach 14 0 14 116 NetLogo/ITSUMO?
Self-organizing Traffic Lights / Adaptation
NetlLogo 1 82 83 1| « It produces code for
Our MDE approach 15 0 15| 103| reusable domain-
Signal Plan Learning / Reinforcement Learning mbdepen.dent
TSUMO 0 557 5c7 0 a strz;.\ctlons (e.g., state
machines)

Our MDE approach 37 0 37 297 ,
* But no human effort is

*Effort = AMEs + MLoCs required to produce it
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Conclusion

Yoy
e
£
93 0us.

* Our MDD approach reduces the effort to develop agent-based
simulations in the ATSC domain

 The domain analysis method is effective DSL4ABMS
| yofsout
Levels of maturity of solutions

middleware,
component
models

tactics,

patterns, etc
frameworks,

libs, etc

ad-hoc
implementations

Time
Vs >
most efforts are gt lower specific solutions  reusable documented  consolidated integrated
to specific solutionsto  knowledge to solutions to solutions
/evels Of Solutlon maturlty” problems recurring recurring recurring
problems problems problems

Weyns, D., & Michel, F. (2015). Agent environments for multi-agent systems—a research
roadmap. In Agent Environments for Multi-Agent Systems IV (pp. 3-21). LNCS/Springer.
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Future Work

* Experiment with humans to evaluate subjective
aspects of our MDD approach

— E.g., usability, comprehensibility

* Incorporate additional simulation concepts

* Long-term goal: to use MDD to ease the
development of agent-based simulations
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1. Introduction

 Thursday, May 11

= Agent-based Simulations (ABS)
* Simulated environment, entities, and agents
* Recurrent elements

* Environment topology, model parameters, satup routines
Leveh of matur ity o sshutior

3. Code Generation

= Generates ready-to-use code to the Netlogo platform
= Spatial abstraction and creation and initialization of entities
= Visual components for manual inputs

— 10:20h - 11:20h
— 16:10h - 17:10h

“most efforts ore ot

13 -
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Michel, 2015) B ===
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= DSL4ABMS: a Domain-specific Language {Délh
* Expressively models the simulated environment in ABSs
* Towards a Model-driven Development approach for ABS
* Modularity: elements grouped by concern

[

2. The ABSTRACTME Tool
= Supports ABS development

* Provides an implementation to the
DSLAABMS language

Abstract Syntax Overview
Agenk-hased 201

Concern Diagrams

maniarg|
, | tnciure | 1A bule]

= Grid, Cartesian Space, Graph
= File-based creation: GIS, SHP

4. Evaluation
= Modeling section

* Usefulness, Satisfaction, and Ease
of Use auestionnaire

- fusefulness) =

|satisfaction} = . -

leasy ot use} ™ B -

- ot ewnng 410 N -
.
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