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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
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Virtual bidding enables arbitraging across time & locations
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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, ¢):
INC profit = (A\** — \¥Q.

Increment (INC) offer emulates generation offer; it offers to

_ ALMPCQ
sell Q in the DAM and buy Q in the RTM. i
i+ _ (\RT _ \DA
Decrement (DEC) bid emulates a demand bid; it bids to DEC pI’OfIt = (A AQ.
— _ALMPCQ

buy Q in the DAM and sell Q in the RTM.

Up-to-congestion (UTC) bid emulates a bilateral transaction UTC profit = (()‘g —AY)

bid; it bids to deliver Q in from source S to destination D. — (A — )\gﬁ))Q.
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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

MNYISO zones
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Cleared Virtual bids

PJM monthly bid and cleared INCs, DECs, and UTCs 2005-2017
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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.
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Rationale of virtual transactions
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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.
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LMP spread traces and statistics

Electricity Price ($ per MWh)

Convergence Between Day-Ahead and Real-Time Energy Prices PJM Monthly LMP spread during 2013-2017
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LMP spread traces and statistics

Daily LMP spread in 2017 in PJM PJM Monthly LMP spread during 2013-2017
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Average of the absolute vs. absolute of the average
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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

m K trading options to bid on

m The vector of bids for day t: x = [x¢.1, ..., Xe.k]T

m [ he vector of DA prices on day t: At = [At 1. .... e kT

m The vector of RT prices on day t: 7t = [me1, ..., Te.k]”

m Before choosing the bid for day t, l—1 = {xi, \i, mi}i .

m A bidding policy /i: A sequence of decision rules, i.e.,
(= (pto, pt1.... iT—1), such that, at time t — 1,

Mi—1 - It—l — Xt.



Online learning policy and objective

m Payoff from a virtual demand bid: Bid Clearing condition

(’}‘Tt__k — Af,k)-ﬂ{){t:k 2 At.,k}

N\

RTM income Payment in DAM
m Objective of the virtual trader: (Without loss of generality for both INC/DEC)

.
maximize E (Z(m — Ae)TL{xt" > /\t})

n
t=1

subject to  ||xi']1 < B, Vi=1,..., T,

x>0, Vi=1,..., T,



Empirical “risk” minimization (ERM)

m Objective of the virtual trader:

L
! t=1

subject to  [|x}'][1 < B, ve=1,..., T,
xt >0, Vi=1,..., T,

m ERM objective:

where F = {x ¢ R : x > 0,||x|: < B}.

N
maximize E (Z(m — )T {x}" > /\t})



Empirical risk minimization (ERM)

t

Z(ﬂ':’,k — i) I{x > ik}

1
k=1 | L3

F={xeR:x>0,|x|. < B}

Reward
(can be negative)

Knapsack problem

> Xk
@ min. price for reward (NP hard)




Dynamic programming on discrete set (DPDS)

K 1 t

max_ F(x¢11) = max Z Fek(Xee1k).  Fre(Xe) = A Z(ﬂ';:k — N ) I{xk > ik}

Xr41€F; X1 EF¢ 1 —1

ft:{Xef:Xk E{O B/Oft28/o‘fi’8}v;(} L C(]n be solved bY DP

m At t =4 = Complexity:
Fak (X) = Full information O(KT?)
o k(M) ' ' " Rolling window O(K)
k(%) 1 e— '
rak(A4) 4 — . :
o} ——
— — : Xk
0 xn E A A T oa T


Presenter
Presentation Notes
Key idea: Approximate and improve!


From risk-neutral to risk-averse

maX|m|ze (Z(ﬂ'r— )T xt' 2)&})

subject to  ||x!'||1 < B,

Sharpe Ratio:

E(R B Ro)
Var(R)

LS“ —

xt" >0, vi=1,..., T,

.
() (1

max r(x
e (0]

K

p)(Xt) = Z("k(Xr,k) — pVi(Xt.k))

k=1

Mean return Variance

Ne(xek) = E((mee — Aek) L{Xe ke = Aekc}|Xe k)

(e ) = B (T = Mes) ek > Ak = riclxe) e



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

T

max E Z FP) (x)

L Xr c FVt

m Optimal bid under known distribution: x" = arg max r(p)(X)
xeF

m Regret of policy ;2 RL(f) = ZE (r(p)(x — ( Xt ))

monotonically increasing for any policy .



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

Theorem

Let x7(7> denote the bid of DPDS policy for day t + 1. Under nominal
assumptfons fort > 2,

<— Regret per day

* 0 DPDS —1/2
E(r(p)( ) — 7 xiy1 ) S G/ logt/t + Got / decreases
and for T > 1, ppe Cumulative regret
R7(f) <|C\/Tlog T, |+ increases decreases

where C, (i, and C are positive constants. Furthermore, for any bidding
policy i, there exists a case such that

RY(f) > C'VT,+— Matching (almost) lower bound

where C' is a positive constant.

25, Baltaoglu, L. Tong, and Q. Zhao, "Algorithmic Bidding for Virtual Trading in Electricity
Markets.” Awvailable: https://arxiv.ore/abs/1802.03010



Tests on historical data: NYISO & PJM 2006-2016

UCBID-GR (Continuum multi-armed bandits)
m Inspired by UCBID algorithm of Weed et al. [§]

m Starting from the most profitable option, it sets the bid of an option equal
to its average RT price until there isn't any sufficient budget left.

SVM-GR (Support vector machine)

m Inspired by the use of SVM by Tang et al.[6] to determine if a demand or
a supply bid is profitable for an option by looking at the price spreads
occured in previous week.

UCBID-GR (Stochastic approximation)

m A variant of Kiefer-Wolfowitz stochastic approximation method



.

Cum

Cumulative Profit

ulative profit

5 10°
—DPDS(0), Sharpe ratio = 4.53
---DPDS(0.002), Sharpe ratio = 4.16 DPDS risk neutral
-=-UCBID-GR, Sharpe ratic = 0.87 .
4 SA Shaperatio=072 | emrenresarmsmrnnneemsenemeereeees - DPDS risk averse
2_ ...................................................................................................................................................................................................................... —
!"“"‘“"M'w"'q{ﬂ"'?\'-d“,f“‘.wﬁ BCIndH'S
S # e
1 s g g T s -
- iy Pirrng e, ’I‘ﬁ‘.-—-"“\..,.g": .,..::.:5 gt "“""xe_;}-"- - SVM
- ” ' N"m"'-,.-.fh'l \.‘ﬁ"'.i.{’l‘",ru..,w-,-,..h,lv‘"ﬂu.v_-,«;,,f""‘.r s e e
" 2P, 5 - 1
s et Y
T (e ik ‘."‘;‘ij H
1k L _
_ | | | | | | | | |
20 200 400 600 800 1000 1200 1400 1600 1800

Days

Figure: Cumulative profit trajectory from 2012 to 2016 in NYISO for B=%$250,000

after an initial training with 2011 data. (Sharpe Ratio of S&P 500 for the same period
is 2.10.)
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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)
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Figure: Annual profit performance in NYISO for B = $250,000 (For each year, an
initial training with previous year’'s data was performed.)



Sharpe ratio (NYISO)

Annual Sharpe Ratio in NYISO Market
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Figure: Annual Sharpe ratio performance in NYISO for B = $250,000 (For each year,

an initial training with previous year's data was performed.)
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Annual Profit in PJM Market

Annual profit (PJM)
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Figure: Annual profit performance in PJM for B = $250, 000 (For each year, an initial
training with previous year's data was performed.)



Annual Profit in PJM Market
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Sharpe ratio (PJM)
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Figure: Annual profit performance in PJM for B = $250, 000 (For each year, an initial
training with previous year's data was performed.)



Annual Sharpe Ratio in PJM Market
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Figure: Annual profit performance in PJM for B = $250, 000 (For each year,

training with previous year's data was performed.)

Annual Sharpe Ratio in NYISO Market
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2016 Profit in NYISO Market

Profit vs. budget (NYISO)
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Figure: 2016 profit performance in NYISO under different budget levels after an initial
training with 2014 and 2015 data



2016 Sharpe Ratio in NYISO Market

Sharpe ratio vs. budget (NYISO)
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Figure: 2016 Sharpe ratio performance in NYISO under different budget levels after
an initial training with 2014 and 2015 data
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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 obijectives.
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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