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Presentation OutlinePresentation Outline
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AMES = AAMES = Agentgent--basedbased MModeling ofodeling of EElectricitylectricity SSystemsystems
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Many industrialized economies are in the process of 
restructuring the way power is produced & distributed

These restructured power systems are immensely 
complicated, encompassing 

Physical constraints
Institutional arrangements
Behavioral dispositions of human participants

To be useful and informative, power system studies  
need to take proper account of all three elements.

The Complexity of Power SystemsThe Complexity of Power Systems
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Why AgentWhy Agent--Based Modeling (ABM) ToolsBased Modeling (ABM) Tools
for Power Systems?for Power Systems?

ABM tools are designed to handle complex systems. 

ABM tools permits researchers to construct test beds 
in the form of computational virtual worlds

Starting from user-specified initial conditions, world 
events are driven entirely by agent interactions.

Agents can range from entities with no cognitive 
function (e.g., transmission grids) to sophisticated 
decision makers capable of communication and learning 
(e.g., electricity traders).
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ABM and the Design of ABM and the Design of 
Restructured Wholesale Power MarketsRestructured Wholesale Power Markets

Key Issue:Key Issue: Does a proposed or actual market design 
ensure efficient, orderly, & fair outcomes over time?

ABM Approach:ABM Approach:
Construct an agent-based test bed that models a 
wholesale power market operating under the design

Let profit-seeking traders have learning capabilities, 
and let the wholesale power market evolve over time.  

Observe and evaluate the resulting outcomes.
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 Project Director: Leigh Tesfatsion (Professor of Econ & Math, ISU)

 Research Associate: Junjie Sun (Fin. Econ, OCC, U.S. Treasury, Wash, D.C.)     

 Research Assistant: Hongyan Li (PhD. Cand, Electrical & Comp Eng., ISU)

funded in part by the
 

 National Science Foundation and the ISU

 Electric Power Research Center (a power industry consortium)

AMES Market Package Homepage (Code/Manuals/Pubs):AMES Market Package Homepage (Code/Manuals/Pubs):
www.econ.iastate.edu/tesfatsi/AMESMarketHome.htm

 

Concrete Example:
The AMES Market Test BedThe AMES Market Test Bed
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Project ContextProject Context

� In an April 2003 White Paper, the U.S. Federal Energy 
Regulatory Commission (FERC) proposed a market design 
for U.S. wholesale power markets.

� About 50% of U.S. electric power generating capacity  
now operates under a variant of the FERC market design.

Our Basic Project Goal: Systematically 
explore dynamic performance under the FERC 
market design, using Midwest (MISO) and New 
England (ISO-NE) as main case studies.



8

Core Features of FERCCore Features of FERC’’s Market Designs Market Design

• Market operated by an Independent  System Operator 
(ISO) or Regional Transmission Organization (RTO)

• Day-ahead & real-time markets for power

• Congestion managed via Locational Marginal Pricing  
(LMP), the determination of a separate price at each 
grid location where power is injected or withdrawn

• ISO/RTO oversight & market power mitigation
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Regions Adopting Versions of FERC’s Design to Date
http://www.ferc.gov/industries/electric/indus-act/rto/rto-map.asp
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Why Resistance to FERC’s Market Design?

� Regions Already Operating Under the Design
 Key cited problems:
 Lack of sufficient performance testing;
 Price volatility (across the transmission grid & over time).

� Stakeholders in Southeast and Northwest
 Key cited problems: 
 Lack of sufficient performance testing;

 Questions about suitability given special local
 conditions (TVA, hydroelectric power...).
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Actual Electricity Prices in Midwest ISO (MISO)Actual Electricity Prices in Midwest ISO (MISO)
September 5, 2006, 14:30

Note this price, $226.25 
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Five Minutes Later…

79% drop in price in 5 minutes!
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A Computational Modeling ApproachA Computational Modeling Approach

� Problem:Problem: FERC’s market design is a complicated 
mix of features

Î Difficult to model and study using standard 
analytical and statistical tools 

� Our Approach:Our Approach: Develop an agent-based test bed  
permitting systematic experimental testing of

the FERC market design 
new/modified market design features
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The AMES Market Test BedThe AMES Market Test Bed
Target Features and Release HistoryTarget Features and Release History

�� Research/teaching/training grade testResearch/teaching/training grade test--bedbed
(2(2--500 pricing nodes)500 pricing nodes)

�� Operational validity Operational validity ( “simple but not too simple” )

� Permits dynamicdynamic testing with learning traderslearning traders

� Permits intensive experimentationintensive experimentation with alternative scenarios

�� Free openFree open--source Java implementationsource Java implementation (full access to code)

�� Flexible & modular Flexible & modular (easy to modify test bed features)(easy to modify test bed features)

�� V1.31 releasedV1.31 released (IEEE Power Eng. Soc. Gen. Meeting, 2007)

�� V2.0V2.0 in final testing stagesin final testing stages
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AMES Market Test BedAMES Market Test Bed
Flexible and Modular ArchitectureFlexible and Modular Architecture

� Market protocols & AC transmission grid structure
― Graphical user interface and modularized class structure

permit easy experimentation with alternative parameter 
settings and alternative institutional/grid constraints

� Learning representations for traders
― Java Reinforcement Learning Module (JReLM) 
― “Tool box” permitting experimentation with a wide variety

of learning methods (Roth-Erev, Temp Diff/Q-learning,…)

� Optimal power flow formulation
― Java DC Optimal Power Flow Module (DCOPFJ)
― Permits experimentation with various DC OPF formulations 

� Output displays and dynamic test cases
― Customizable chart/table displays & 5-node/30-node test cases
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AMES Market Test Bed Graphical User Interface (GUI) 
Tool Bar and Menus for Data Input and Output DisplaysTool Bar and Menus for Data Input and Output Displays
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AMES Architecture: Current Implementation AMES Architecture: Current Implementation 
(based on business practices manuals for MISO/ISO(based on business practices manuals for MISO/ISO--NE)NE)

¾ Two-settlement process
� Day-ahead market (double auction, financial contracts)    
� Real-time market (settlement of differences)  

¾ AC transmission grid
� Generators & Load-Serving Entities (LSEs) located at various 

transmission nodes
� Congestion managed via Locational Marginal Pricing (LMP) 

determined by ISO via DC optimal power flow (OPF)

¾ Independent System Operator (ISO)
� System reliability assessments
� Day-ahead bid/offer-based unit 

commitment
� Real-time dispatch 

¾ Traders
� Generators (sellers)
� Load-Serving Entities (buyers)
� Learning abilities
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Activities of AMES ISO During Each Operating Day D:Activities of AMES ISO During Each Operating Day D:
Timing Adopted from Midwest ISO (MISO)Timing Adopted from Midwest ISO (MISO)
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17:00

18:00

23:00

Real-
Time
(Spot)

Market 
for

day D

Day-Ahead Market
for day D+1

(ISO collect bids/offers 
from LSEs & Generators)

Re-Bid Period for day D+1
(not yet implemented)

ISO evaluates demand 
bids and supply offers

ISO solves D+1 DC OPF   
and posts D+1 commitment 

and price schedule
Day-Ahead Settlement

Real-Time 
Settlement
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AMES Dynamics for No-Shock Case 
(day-ahead contracts fulfilled as planned)
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AMES Java Reinforcement Learning Module AMES Java Reinforcement Learning Module -- JReLMJReLM
(Charles J. Gieseler, Comp Sci M.S. Thesis, 2005)

Market Simulation

Learning Agent
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AMES Generator (Learning Agent)AMES Generator (Learning Agent)

Public Access:
//  Public Methods 

getMarketProtocols(supply offer reporting, settlement,…);
getMarketProtocols(ISO market power mitigation);
Methods for receiving data;
Methods for retrieving Generator data.

Private Access:
// Private Methods

Methods for gathering, storing, and sending data;
Methods for calculating expected & actual profit outcomes;
Method for updating my supply offers (LEARNING via JReLM).

//  Private Data
My capacity, grid location, cost function, current wealth… ;
Data recorded about external world (LMPs, cleared offers,…);
Address book (communication links).
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What do AMES Generators Learn?What do AMES Generators Learn?
Hourly Supply Offers for the DayHourly Supply Offers for the Day--Ahead MarketAhead Market

� Supply offer for each generator i = reported linear 
marginal cost function over a reported operating capacity 
interval for real power pGi (in MWs):

MCR
i(pGi)  =  aR

i +   2bR
i pGi

Capi
L ≤ pGi ≤ Capi

RU

Generators can strategically report higher-than-true  
marginal costs and/or withhold capacity.
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Generator i’s Action Domain
(Collection of possible reported marginal cost functions 
MCi

R over possible reported operating capacity intervals)

True MC Curve

Reported MC Curve

Reported 
Cap

True Cap

RU
iC ap ( )GiPower p

il

1R
il

R
iu

iu

$/MWh
2R R R

i i i GiMC a b p= + ⋅ ⋅

2i i i GiMC a b p= + ⋅ ⋅

2R
il

1MR
il

U
iCapL

iCap0



24

How Might AMES Generators Learn?How Might AMES Generators Learn?

One possibility:
Reactive Reinforcement Learning (RL)

Asks….
Given past events, what action
should I take now ?

Examples: Three-parameter RL based on human-subject experiments 
(Roth-Erev, 1995,1998),  Variant Roth-Erev RL for electricity 
double auctions (Nicolaisen, Petrov, Tesfatsion, IEEE TEC, 2001)
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How Might AMES Generators LearnHow Might AMES Generators Learn……

Another possibility: 

Anticipatory Learning
Asks….

If I take this action now, what will 
happen in the future ?

Examples: Q-Learning  (Watkins, 1989); Temporal-Difference 
Reinforcement Learning (Sutton/Barto, 1998)
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Example: Reactive Reinforcement Learning
VRE = Variant RothVariant Roth--Erev (Nicolaisen et al.,2001)Erev (Nicolaisen et al.,2001)

� Each Generator maintains action choice propensities q, 
normalized to action choice probabilities Prob, to choose 
actions.  A good (bad) profit rk for action ak results in a 
strengthening (weakening) of the propensity qk for ak. 

Action Choice a1

Action Choice a2

Action Choice a3

Choice Propensity q1 Choice Probability Prob1

Choice Propensity q2

Choice Propensity q3

Choice Probability Prob2

Choice Probability Prob3

rk

updatechoose normalize
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VRE Updating of Action PropensitiesVRE Updating of Action Propensities

Parameters:Parameters:
• qj(0) Initial propensity
• Experimentation
• � Recency (forgetting) 

Variables:Variables:
• aj Current action choice
• qj Propensity for action aj
• ak Last action chosen
• rk Reward for action ak
• t Current time step
• N Number of actions 

Xxxx

xxxx

Xxx

xxx

Xxx
xxx

Ej(�,N,k,t)

Ej( �
,N,k,t)

�
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From Propensities to Probabilities
Example:Example: GibbsGibbs--Boltzmann ProbabilityBoltzmann Probability

� qj(t) = “propensity” to choose action j at time t
� N = Total number of available actions
� T = Temperature (“cooling”) parameter 

� Probj(t) = Probability of choosing action j at time t

N

n=1

e qn(t)/T

Xxx

xxxx
Probj(t)
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DCOPFJ: DCDCOPFJ: DC--OPF Solver for AMES ISOOPF Solver for AMES ISO
Sun/Tesfatsion, Proceedings, IEEE PES GM, 2007
www.econ.iastate.edu/tesfatsi/www.econ.iastate.edu/tesfatsi/DCOPFJHome.htmDCOPFJHome.htm

DC-OPF raw data (SI)

DCOPFJ  Shell

Per Unit conversion

Form SCQP matrices

QuadProgJ: An SCQP solver

Per Unit SCQP output

Solution output (SI)
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DCOPFJ Implementation for AMES V1.31DCOPFJ Implementation for AMES V1.31
Generators report supply offers and
LSEs report 100%-fixed demand bids 

to ISO for day-ahead market
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AMES V2.0: AMES V2.0: Extends AMES V1.31 by permitting LSEs to   Extends AMES V1.31 by permitting LSEs to   
report fixed & pricereport fixed & price--sensitive demand bids to daysensitive demand bids to day--ahead marketahead market

� Hourly demand bid for any LSE j =                        
(Fixed Demand Bid, Price-Sensitive Demand Bid)

Fixed Demand Bid = pF
Lj (in MWs)

Price-Sensitive Demand Bid = Linear demand 
function  for real power pS

Lj (in MWs) over a   
purchase capacity interval :

Dj(pS
Lj)  =  cj - 2dj pS

Lj

0  ≤ pS
Lj ≤ SLMaxj
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DCOPFJ Implementation for AMES V2.0DCOPFJ Implementation for AMES V2.0
Generators report supply offers and LSEs report fixed &
price-sensitive demand bids to ISO for day-ahead market

Subject to

Fixed and price-
sensitive demand 
bids for LSE j

LSE gross buyer surplus

Gen-reported 
total variable 
costs

R R

RU
i

Max Max0 SLMaxj

Purchase capacity
interval for LSE j
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Illustrative Experimental Findings Illustrative Experimental Findings 
Using AMES Version 2.0Using AMES Version 2.0

� H. Li, J. Sun, and L. Tesfatsion, “Dynamic LMP Response Under 
Alternative Price-Cap and Price-Sensitive Demand Scenarios”
Proceedings,  IEEE Pow. Eng. Soc. GM, Pittsburgh, July 2008, to appear, 
www.econ.iastate.edu/tesfatsi/DynamicLMPResponse.IEEEPES2008.LST.pdf

�Focus of Paper:  Dynamic LMP response and market 
performance under alternative treatments for: 

price-sensitivity of LSE demand bids (0 to 100%)
learning capabilities (absent or present)
supply-offer price cap (high, moderate, or low) 
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Dynamic 5-Node Test Case

� Extension of static test case (by John Lally) 
used in ISO-NE/PJM training materials 

G4

G2G1 G3

G5

Node 1 Node 2 Node 3

LSE 3
Node 4Node 5

LSE 1 LSE 2
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Grid/Gen/Load Data for Benchmark Case:Grid/Gen/Load Data for Benchmark Case:
No PriceNo Price--Sensitive Demand, No Gen Sensitive Demand, No Gen 
Learning, and No SupplyLearning, and No Supply--Offer Price CapOffer Price Cap
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G4

G2G1 G3

G5

Node 1 Node 2 Node 3

LSE 3LSE 3
Node 4Node 5

LSE 1LSE 1 LSE 2LSE 2

Peak Hour-17 Outcomes with NoNo Gen LearningLearning
Generators report true cost/capacity conditions to ISO
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G4

G2G1 G3

G5

Node 1 Node 2 Node 3

LSE 3LSE 3Node 4Node 5

LSE 1LSE 1 LSE 2LSE 2

Peak Hour-17 Outcomes (Day 422) With VRE Gen LearningWith VRE Gen Learning
(By Day 422, each generator has converged to 

one supply offer choice with Prob ≥ 0.999)
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True Vs. Reported MC (Averaged)* on Day 422 
(Each Generator has converged with Prob ≥ ‏(0.999

Gen 2: True vs. Reported Average MC
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Gen 3: True vs. Reported Average MC

5
15
25
35
45
55
65
75

0 100

Power Production Level

M
ar

gi
na

l C
os

t

Reported MC
True MC

Gen 4: True vs. Reported Average MC
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*NOTE:  20-run averages.  Typical convergence time = 62 days, max time = 422. 
Omitted Gen 1 MC curve is similar to Gen 2’s.
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Dynamic 5-Node Test Case Results 
With 100% Fixed LSE Demand Bids (Load Profiles)

� BOTTOM LINE: 

Using only simple VRE reinforcement Using only simple VRE reinforcement 
learning, generators quickly learn to learning, generators quickly learn to 
tacitly collude on tacitly collude on higher priceshigher prices..
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Construction of a Ratio Measure (R) forConstruction of a Ratio Measure (R) for
Relative DemandRelative Demand--Bid Price SensitivityBid Price Sensitivity

MPTDj(H)

Hours H
00 2301

260 MWs

400MWs

=  Fixed Load pF
Lj(H) in MWs

= Maximum Potential Price-Sensitive 
Demand SLMaxj(H) in MWs

MPTDj(H) = Maximum Potential Total 
Demand in hour H for LSE j, fixed across 
all R test cases

R = SLMaxj(H)/MPTDj(H) = 0.5
for H = 00,…,23

02 …………………………



42
R=0.0 Î 100% Fixed Demand;  R=1.0 Î100% Price-Sensitive Demand

Lerner Index
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R=0.0 Î 100% Fixed Demand;  R=1.0 Î 100% Price-Sensitive Demand

VRE
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Dynamic 5-Node Test Case Results    
with Price-Sensitive Demand Bids

� BOTTOM LINE:

Even with 100% priceEven with 100% price--sensitive sensitive 
demand bids (R=1.0), demand bids (R=1.0), AvgAvg LMP isLMP is
much highermuch higher under VRE learning !under VRE learning !
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Dynamic 5Dynamic 5--Node Test Case Results for LMP      Node Test Case Results for LMP      
Under Alternative SupplyUnder Alternative Supply--Offer Price CapsOffer Price Caps

VRE
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No Price Cap Case:No Price Cap Case:
No No PCapPCap, R=0.0, & With VRE Gen Learning, R=0.0, & With VRE Gen Learning

Average LMP (100%Fix)
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Low PriceLow Price--Cap Case:Cap Case:
PCapPCap=80, R=0.0, & With VRE Gen Learning=80, R=0.0, & With VRE Gen Learning

Average LMP (100%Fix, PriceCap=80)
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LMP Spiking/Volatility Under Varied Price Caps
With 100% Fixed Demand (R=0.0) & VRE Gen Learning
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Dynamic 5-Node Test Results for Price Caps
with 100% Fixed Demands and VRE Gen Learning

� BOTTOM LINE:

Strongly binding supplyStrongly binding supply--offer price caps offer price caps 
can can increaseincrease LMP spiking and volatility  LMP spiking and volatility  
around peakaround peak--demand hours even though demand hours even though 
Average LMP declines!Average LMP declines!
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ConclusionsConclusions

Restructured wholesale power markets are complex mixtures       
of physical constraints, institutional arrangements, and strategic 
human participants.

Agent-based test beds permit the systematic dynamic study of 
such systems through intensive computational experiments.

For increased empirical validity, test beds should be iteratively 
developed with ongoing input from actual market participants. 

To increase usefulness for research/teaching/training and to aid
knowledge accumulation, these test beds should be open-source.



51

OnOn--Line ResourcesLine Resources

� H. Li, J. Sun, and L. Tesfatsion, ““Dynamic LMP Response Under Dynamic LMP Response Under 
Alternative PriceAlternative Price--Cap and PriceCap and Price--Sensitive Demand ScenariosSensitive Demand Scenarios””
Proceedings,  IEEE PES GM, Pittsburgh, July 2008, to appear

www.econ.iastate.edu/tesfatsi/DynamicLMPResponse.IEEEPES2008.LSTwww.econ.iastate.edu/tesfatsi/DynamicLMPResponse.IEEEPES2008.LST.pdf.pdf

�� AMES Market Package Homepage AMES Market Package Homepage (Code/Manuals/Pubs)(Code/Manuals/Pubs)
www.econ.iastate.edu/tesfatsi/AMESMarketHome.htm

�� AgentAgent--Based Electricity Market ResearchBased Electricity Market Research
www.econ.iastate.edu/tesfatsi/aelectric.htm

�� OpenOpen--Source Software for Electricity Market Research, Source Software for Electricity Market Research, 
Teaching, and TrainingTeaching, and Training
www.econ.iastate.edu/tesfatsi/ElectricOSS.htm


