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Two-settlement market and locational marginal prices 
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Presentation Notes
The deregulated wholesale markets consist of
A day-ahead (DA) market that clears in the day before actual delivery.  It is only bidding financially for the cleared DA quantity at the DA clearing price.
A  real-time (RT) market that clears and settles in real-time. It is binding both financially and physically.




LMP spread in time and space  

Virtual bidding enables arbitraging across time & locations



Virtual bids and virtual transactions 
 Virtual bids are submitted and cleared in the DAM and settled in the RTM.

 Virtual transactions are financial transactions. They represent virtual generation, 
demand, and bilateral scheduling in the DA operation only; they do not exist in 

the RT operation. 

 Three types virtual bids (Q, c):

 Increment (INC) offer emulates generation offer; it offers to 
sell Q in the DAM and buy Q in the RTM.

 Decrement (DEC) bid emulates a demand bid; it bids to 
buy Q in the DAM and sell Q in the RTM.

 Up-to-congestion (UTC) bid emulates a bilateral transaction 
bid; it bids to deliver Q in from source S to destination D. 
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Presentation Notes
Virtual bidders DO NOT physically generate or consumer electricity.


INC  Sell or Generate in DAM, Buy or Generate in RTM.  It anticipates that LMP is LOWER in RTM than that in DAM.


UTC: it bids to purchase the service to deliver Q from source S to destination D



Virtual bids examples 

 A 10MW INC offer for 8AM CAP, if 
cleared, generates $800.

 A 10MW DEC bid for 3AM NYC, if 
cleared, generates $600

 A 10MW UTC bid for 1PM HUD to 
LONGIL, if cleared, generates -$300.

Only if we know the spread….



Source: 2018 state of market report for PJM electricity markets

PJM monthly bid and cleared INCs, DECs, and UTCs 2005-2017

Cleared Virtual bids    



Rationale of virtual transactions 
 Enhancing market efficiency by promoting price convergence, 

 Mitigating market power through the addition of competitive entities,

 Adding liquidity to the market, and

 Allowing physical participants to hedge against risks.
Profit of virtual bidding
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LMP spread traces and statistics    

Source: 2016 state of market report for ERCOT electricity markets Source: 2018 state of market report for PJM electricity markets

PJM Monthly LMP spread during 2013-2017



LMP spread traces and statistics    

Source: 2018 state of market report for PJM electricity markets

Daily LMP spread in 2017 in PJM

Source: 2018 state of market report for PJM electricity markets

PJM Monthly LMP spread during 2013-2017



Average of the absolute vs. absolute of the average 

Upper bound on performance of 
off-line learning 

Upper bound on performance 
of on-line learning 
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Key challenges in algorithmic virtual bidding 

 Large number of trading options with limited budget to explore

 NYISO allows virtual bids on 11 zones (264 options)

 PJM allows virtual bids at 1556 different locations (37,344 options)

 Random DA and RT prices with unknown, dependent, and  
nonstationary distributions.

 Prefer online learning that dynamically tracks operating conditions.

 Premium on short-term cumulative reward over asymptotic 
performance



Bidding model: action space and information structure 



Online learning policy and objective 

Clearing condition

RTM income Payment in DAM 

(Without loss of generality for both INC/DEC)

Bid 



Empirical “risk” minimization (ERM) 

Empirical accumulative profit



Empirical risk minimization (ERM) 

Reward
(can be negative)

min. price for reward

Knapsack problem 
(NP hard)

There are K such payoff functions



Dynamic programming on discrete set (DPDS)  

 Can be solved by DP
 Complexity:

 Full information
 Rolling window

Multiple choice 
Knapsack problem 
(NP hard)
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Key idea: Approximate and improve!



From risk-neutral to risk-averse  

Mean return Variance



Optimality of DPDS (under i.i.d. assumption) 



Optimality of DPDS (under i.i.d. assumption) 

Cumulative regret 
increases decreases

Matching (almost) lower bound

Regret per day 
decreases



Tests on historical data: NYISO & PJM 2006-2016 

UCBID-GR (Continuum multi-armed bandits)

SVM-GR (Support vector machine)

UCBID-GR (Stochastic approximation)



Cumulative profit 

DPDS risk neutral

DPDS risk averse

Bandits

SVM
Stochastic approx
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DPDS consistently better, achieving sharpe ratie 4.53 and 4.16 whereas the S&P 500 has the Sharpe ratio of 2.1. 

The risk averse strategy appear to be smother, although it has less Sharpe ratio

Bandits, SVM, and SA did not accumulate much profit except during the solar vortex  event.

All benchmarks went  negative in cumulative profit.




Annual profit (NYISO) 

DPDS risk neutral
DPDS risk averse

Bandits
SVM

Stochastic approx



Sharpe ratio (NYISO)

DPDS risk neutral
S&P 500

DPDS risk averse

Bandits
SVM

Stochastic approx



Annual profit (PJM)

DPDS risk neutral
DPDS risk averse
Bandits
SVM
Stochastic approx



Annual profit (PJM vs. NYISO)



Sharpe ratio (PJM)

DPDS risk neutral

DPDS risk averse

Bandits
SVM

Stochastic approx

S&P 500



Sharpe ratio (PJM vs. NYISO)



Profit vs. budget (NYISO)

DPDS risk neutral

DPDS risk averse

Bandits

SVM

Stochastic approx



Sharpe ratio vs. budget (NYISO)

DPDS risk neutral
S&P 500

DPDS risk averse

Bandits

SVM
Stochastic approx
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Summary of results 

 We consider on algorithmic bidding for virtual trading in electricity markets 

 We develop an online learning (polynomial time) technique aimed at dealing 
with unknown and dependent price distributions for both risk-neutral and risk-
averse objectives.

 Dynamic programming on discrete set (DPDS)

 is order optimal in the growth rate of accumulative payoff, and

 yields significant profit based on 10yr historical data in NYISO and PJM.

 Empirical results show that both PJM and NYISO are profitable, although 
PJM market seems to present better opportunities for traders. 
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