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Demand response is a critical part of renewable integration
and energy cost reduction goals across the world. Motivated
by the need to reduce costs arising from electricity shortage
and renewable energy fluctuations, we propose a novel multi-
armed bandit mechanism for demand response (MAB-MDR)
which makes monetary offers to strategic consumers who
have unknown response characteristics, to incetivize reduction
in demand. Our work is inspired by a novel connection we
make to crowdsourcing mechanisms. The proposed mecha-
nism incorporates realistic features of the demand response
problem including time varying and quadratic cost function.
The mechanism marries auctions, that allow users to report
their preferences, with online algorithms, that allow distribu-
tion companies to learn user-specific parameters. We show
that MAB-MDR is dominant strategy incentive compatible, in-
dividually rational, and achieves sublinear regret. Such mech-
anisms can be effectively deployed in smart grids using new
information and control architecture innovations and lead to
welcome savings in energy costs.

Introduction

Peak demand and supply-demand imbalance are two criti-
cal problems faced by electricity generation and distribution
companies. “In order to supply demand that varies daily and
seasonally, and given that demand is largely uncontrollable
and interruptions very costly, installed generation capacity
must be able to meet peak demand” Strbac (2008). For exam-
ple, during the peak hours of the California electricity crisis
in 2000/2001, it is estimated that a 5% lowering of demand
would have resulted in a 50% price reduction International
Energy Agency (2003).

Distributed generation, using renewable sources, is gaining
prominence and is perceived as vital to achieving cost and
carbon reduction goals Ackermann, Andersson, and Soder
(2001). However, an increase in electricity supply from re-
newable sources results in larger fluctuations due to their
unreliable nature. New communication Sood et al. (2009)
and actuation Farhangi (2010) infrastructure in the electric-
ity grid will allow increased prosumer participation in grid
markets. This participation raises the hope that it may be
possible to extract value from a time varying and intermittent
renewable energy resource through intelligent optimization
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(2009), storage Zhu et al. (2011) and loads Kowli and Meyn
(2011). This serves as the primary motivation for this work.

We propose a novel mechanism which seeks to incentivize
strategic users to reduce demand when there is a shortfall due
to grid failures or time varying supply. Our specific contribu-
tions are that we,

e establish a natural parallel between demand response (DR)
in energy systems and crowdsourcing, creating many op-
portunities for well-studied algorithms in crowdsourcing
to be applied to important DR problems.

e emphasize the difference between DR and crowdsourc-
ing in terms of both the time varying and non-linear cost
function and highlight the need for melding learning with
mechanism design. We also show how, while ideas from
crowdsourcing can be applied to DR, the specific algo-
rithms and proof techniques needed to obtain guaranteed
performance require non-trivial modifications.

e propose a multiarmed bandit mechanism for demand re-
sponse (MAB-MDR) that satisfies crucial game theoretic
properties including dominant strategy incentive compati-
bility, individual rationality, and sublinear regret.

e demonstrate the efficacy of the proposed mechanism
through extensive simulations, based on real-world energy
supply and consumption data.

Demand Response in Electricity Markets

Demand response (DR) refers to the change in users’ behav-
ior (i.e. their electricity consumption) in response to signals
from the utilities Albadi and El-Saadany (2007). One par-
ticular signal is dynamic pricing, which can result in cost
savings, market-wide financial benefits, increased reliability,
and market performance improvement QDR (2006). How-
ever, it can also lead to customer confusion due to uncertain
supply, volatile prices and lack of information Chao (2012).
Optimizing prices is a complex problem which has received
much attention in the literature. Pricing based on the demand
curve Joo and Ilic (2010) requires that users know and re-
veal their preferences, which is unlikely in practice and can
lead to privacy and security concerns Anderson and Fuloria
(2010). Contract based or Direct Load Control (DLC) ap-
proaches Hsu and Su (1991), where consumer appliances
are contracted to respond directly to signals from the utility,



require that consumers are willing to give up control of their
consumption.

An important point to note is that legacy entails that
providers have an ‘obligation to serve’, i.e. providers cannot
deny to users access to electricity, but can only incentivize
them to voluntarily reduce or defer consumption. In simpler
terms, it is preferable if providers use carrots as opposed to
sticks, and this is the philosophy we take in our work. A
recent body of work at the intersection of computer science
and economics has established that general incentives (as
opposed to just pricing) are a powerful way to allocate scarce
resources. In our work, we build on these insights and propose
a multiarmed bandit mechanism for the problem of making
offers to the consumers to reduce their consumption so as
to compensate for shortage of electricity when renewable
generation does not meet expectations. These mechanisms
do not have the drawbacks discussed above. In particular, we
show that our mechanism is dominant strategy incentive com-
patible (i.e. encourages consumers to report their true cost
per unit reduction), individually rational (i.e. gives each con-
sumer positive utility for accepting the offer), and achieves a
sublinear regret of O(7'?/3) where T is the number of time
steps for which the mechanism runs.

Modeling Offers for Demand Response

We consider a model where offers (monetary rewards) are
made to the consumers in exchange for reducing the consump-
tion. For simplicity of exposition, we assume consumers are
asked to reduce the same amount of consumption. Offers are
made at the starting of each time slot. 7" denotes total number
of slots.

Letd = {d',d?,...,d"} represent the expected total de-
mand profile of all the consumers in each time slot. This
is learned over time by the distribution company based on
historical consumption. To meet demand, renewable energy
sources are available to the distribution company in addition
to the option of buying electricity from the market. Renew-
able supply is stochastic and depends on the environmental
conditions. Let 7 = {#,#2, ..., 7T} represent the expected
amount of energy generated from renewable resources, which
is a known quantity. The distribution company then plans to
buy d — 7 units of electricity in the day ahead market Harris
(2006).

The actual amount of energy generated by the renewable
resource (r?) is revealed only at the start of a slot ¢. The
shortage of electricity at any slot ¢ is thus given by ¢! =
7t — rt which has to be generated by expensive fast ramping
generators or at expensive spot market prices. The question
we ask in this work is how can the distribution company
reduce costs by incentivizing the consumers to reduce their
consumption, while learning about their uncertain response
characteristics ?

We model consumers using n clusters, where all n; con-
sumers of a cluster ¢ have the same utilities for electricity and
the same response characteristics to offers (described more
carefully below). These clusters correspond, for example,
to industrial consumers of a certain industry, or may be the
result of other forms of consumer segmentation. For more
detailed justification see Ardakanian, Keshav, and Rosenberg
(2011). For simplicity we assume that making an offer to a
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certain cluster ¢ implies giving monetary incentives to all n;
consumers that belong to the cluster. Note that this assump-
tion on its own is not limiting, since cluster size can be as
small as required, though we shall see that many small clus-
ters will result in worse bounds. We associate three quantities
with each cluster, the

e price at which consumers are willing to reduce consump-
tion by one unit (cost per unit reduction (CPR)). CPR is
private information of the consumers that depends on their
utility function.

e probability of accepting the offer (acceptance rate (AR))
if the offer price is greater than the CPR. Consumer may
not accept the offer even if the offer price exceeds the
CPR. The reasons for this include (a) an inflexible all or
nothing requirement of the consumer; (b) sudden lack of
requirement for the power; (c) availability of the consumer
(is he at home?). Consumers have no control on these
factors and thus, AR is independent of the offer prices and
other consumers. AR is unknown to the consumer as well
as the distribution company.

e number of consumers, which is publicly known.

These correspond to private information that require incen-
tives for truthful revelation, stochastic information that must
be learned and common knowledge. We are interested in the
design of MAB mechanisms that account for all three, and
we see DR as a specific instantiate of this general problem
(for more details see the Related Work on MAB problems).

Clusters of consumer types are formed such that all the
consumers in same cluster share the same CPR and AR, based
on past bids and response behavior. For each cluster 7, denote
its CPR by ¢; € [¢min, Cmaz)» AR by A; € [0, 1] and number
of consumers by n;. The main challenge in computing the
optimal offers involves learning ARs efficiently and eliciting
CPRs truthfully. CPRs can be elicited by either

e Posted Offer Mechanisms: Offer the same price to every
consumer and set the price based on the user behavior.

e Auction Mechanisms: Design a mechanism to elicit true
CPR from the consumers by asking for bids.

Posted offer mechanisms are easier for the consumer as he
does not need to compute his entire utility function and only
needs to evaluate offered price to decide whether or not to
accept the offer. Auctions are easier for the distribution com-
pany. To illustrate the power of crowdsourcing mechanisms,
we use auctions to elicit CPR truthfully, while learning ARs
to design price offers optimally.

Our auction mechanism proceeds as follows: The distri-
bution company asks each cluster to report their CPR bids.
Based on the learned ARs, and CPR bids, offer price to a
particular cluster ¢ is decided. If the offer price is greater than
true CPR of the consumer, then he accepts the offer with
probability A; (since he gets positive utility) and distribu-
tion company pays him the offer price. ARs and CPRs are
considered static and thus do not change with time.

There is a close connection between making offers to the
consumers in demand response and giving tasks to the work-
ers in crowdsourcing. In the next section, we expand on and
exploit this parallel between and show how algorithms from



Crowdsourcing Demand Response (DR) ‘

Workers Consumers
Requester Distribution company
Tasks Offers to reduce consumption

Offer Price

Acceptance rate (AR)

Cost per unit reduction (CPR)
Quadratic reward function
Time varying offers

Price of a task
Capability or Reliability
Willingness to do task
Linear reward function
Homogeneous tasks

Table 1: Parallel between Crowdsourcing and Demand Re-
sponse

crowdsourcing can be modified to design efficient mecha-
nisms for demand response.

A Parallel with Crowdsourcing

Jeff Howe offers the following definition of crowdsourcing:
“Crowdsourcing is the act of taking a job traditionally per-
formed by a designated agent (usually an employee) and
outsourcing it to an undefined, generally large group of peo-
ple in the form of an open call” Howe. The designated agent
is often called the requester, while people working on the
task are called crowd workers. The requester needs to assign
the task to these workers with unknown capability and will-
ingness to complete the task based on the goals to achieve.
Table 1 precisely demonstrates this parallel between crowd-
sourcing and demand response. This opens up the possibility
of using intuition from techniques for crowdsourcing for DR.
There is a vast body of literature available in crowdsourcing
with various models, we point out some of the more relevant
ones to show how objectives in crowdsourcing and demand
response relate. Tran-Thanh et al. Tran-Thanh et al. (2012)
present a model to assign the task to the workers with highest
capability while having a budget constraint on the total cost
of giving tasks. In DR, this involves making offers to the con-
sumers having highest AR where the distribution company
has a certain budget. In other work, tasks are given adaptively
to the workers until a certain accuracy is achieved Abraham
et al. (2013). In DR, one can make the offers to the consumers
by asking sequentially to reduce their consumption until a
certain amount of reduction is achieved. Another line of work
involves designing a posted price mechanism where work-
ers having homogeneous quality arrive online Babaioff et al.
(2012); Singla and Krause (2013). In our work here, we only
look at auction mechanisms and do not explore this direction,
but leave it for (very relevant) future work.

While the above parallels suggest that one can directly
borrow ideas from crowdsourcing, there are certain unique
features of the DR problem that need to be accounted for.
Making offers to consumers having the highest AR is not
optimal as offers should also depend on the (time varying)
shortage of electricity distribution company faces. In addi-
tion, the objectives in crowdsourcing (maximizing accuracy)
are very different from DR. While in crowdsourcing a linear
reward is usually considered, in DR, the reward function is
generally quadratic and thus requires non-trivial extensions
to some of the existing MAB algorithms. Moreover, while
our work considers learning ARs and eliciting CPRs simulta-
neously, no existing work in crowdsourcing has considered
both learning qualities and eliciting true costs in a setting
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‘ Notation Description
N Set of all clusters
n Number of clusters
T Total number of rounds
Ci, Ci Actual and reported CPR of consumer ¢
i AR of all consumers in cluster ¢
n; Number of consumers in cluster %
Ny, N max; n; and min; n;
et Shortage of electricity at time ¢
al € {0,1} | Allocation of cluster i at time ¢
Pt Payment for a consumer in cluster ¢
T Number of exploration rounds

Table 2: Notation used

such as ours. Thus, while borrowing intuition from the crowd-
sourcing literature, we present new algorithms and bounds
that extend the state-of-the-art in MAB mechanisms.

Utility Model

The notation table is given in Table 2. Denote the CPR
bid profile by é {¢1,¢a,...,¢n}. The mechanism
M = (A(é),P(¢é)) consists of (1) an allocation rule, A =
{AY, A2, ... AT} where each A* = {at,d}, ... al} is the
vector of zeros and ones (deterministic mechanism), and
(2) a payment rule P = {P! P2 ... PT} where each
Pt = {p,ph, ..., pl} represents the offer price. If offer
is not made to the cluster i i.e. a} = 0 then the payment p!
is zero. If a} = 1 then all the consumers in type 7 are given
the offers at slot ¢, whereas, 27 af = 0 means offer is not
given at all. At any time slot, offers are made to a single
type of consumers, i.e., Vt, 27 a§ < 1. Note that the allo-
cation rule and the payment rule corresponding to any time
slot always depend on the bid profile ¢, but for brevity of
notation, we do not explicitly mention this dependence. Let
N ={1,2,...,n} denote the set of all types of consumers.
The expected value of each consumer in type ¢ is given by
—\;¢; as an offer is accepted with probability A;. The ex-
pected utility of any consumer in type ¢ at any slot ¢ from
mechanism (A, P) is given by:

Elui (A" (¢i,6-4),¢:)] = Mi(—ajci + pi)

¢—_; is the bid profile of consumers in types other than .

For the distribution company, the expected valuation at
time ¢ is given by R — (e! — ", aln;\;)?, where R is the
base utility for the distribution company, ¢! is the shortage
and n;)\; is the expected number of reduction units from
consumer type <. Thus, the second term denotes the cost of
procuring electricity which is usually quadratic Harris (2006).
The net utility of the distribution company is:

Eluc (A" (é,¢-:),¢:)] = R — (" — Zagni%if — an-p?

We emphasize that the generality of our mechanism does
allow more complex models. The expected social welfare
(sum of the expected valuations) from mechanism (A, P) is:

T
(e — Z atnihi)® — Z Z ajhinici (1)
i t=1

i

W(A) =R -

T
t=

1

We now define some of the desirable properties that a mecha-
nism M = (A, P) should satisfy:



Definition 1 Allocative Efficiency (AE): An allocation rule
A is said to be allocatively efficient if it maximizes the social
welfare. Formally, A is allocatively efficient if:

A € argmax W (A)
A

Definition 2 Dominant Strategy Incentive Compatibility
(DSIC): Mechanism M is said to be DSIC if truth telling
is a dominant strategy for all the types of consumers. For-
mally, Vi € N, é_; and ¢;, we have,

T T
> _pile ) 22 7
t=1 =1

Definition 3 Individual Rationality (IR): Mechanism M is
said to be IR for a consumer if participating in mechanism

always gives him positive utility. Formally,
—¢iak(eiyc—i) +ph(éi,ci) > 0Vt Vi € N,Vé; and Ve,

At each slot ¢, distribution company observes the shortage
e?, and makes an offer to a consumer type which maximizes
the social welfare given by Equation (1) and thus involves
solving the following optimization problem:

i) — ciag(ciy é—;) (6i,6—4) — cial(éi,é_s)

min(min Ains (Ain; — 2€’ + ¢;),0)

The outer minimum ensures that offers are made only if there
is an increase in social welfare. Since the response behav-
ior of the consumers is unknown, the optimization problem
cannot be solved directly, our proposed strategy involves
learning ARs and eliciting CPRs. The distribution company
will have to both explore (make offers to consumers so as
to learn their AR) and exploit (make offers to the optimal
consumer with best capability so far). Multiarmed bandit
(MAB) mechanisms offer a natural solution.

Related Work on MAB Problems

The mechanism design problem we study can be consid-
ered an extension of multiarmed bandit problems where re-
wards are stochastic. A recent survey by Bubeck and Bianchi
Bubeck and Cesa-Bianchi (2012) compiles several variations.
The most popular algorithm, Upper Confidence Bound (UCB)
was proposed by Peter Auer et al. Auer, Cesa-Bianchi, and
Fischer (2002). Our mechanism is exploration separated, and
as a result, is also related to work on mechanisms in the
probably approximately correct (PAC) setting proposed by
Even-Dar et al. Even-Dar, Mannor, and Mansour (2006) and
Kalyanakrishnan et al. Kalyanakrishnan and Stone (2010).
These algorithms are specific to linear reward functions and
do not consider quadratic reward functions which is the focus
of our work. Our work is also related to contextual mul-
tiarmed bandits when electricity shortage is considered to
be the context. However, existing algorithms Langford and
Zhang (2007); Lu, Pal, and P4l (2010) cannot be applied
directly due to strategic nature of the consumers.

MAB mechanisms constitute a more recent direction of
research, and have been explored mostly for sponsored search
auctions Babaioff, Kleinberg, and Slivkins (2010); Babaioff,
Sharma, and Slivkins (2009); Devanur and Kakade (2009);
Gatti, Lazaric, and Trovo (2012) where the reward function
is again linear and is a forward auction setting. We extend
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MAB mechanisms to the reverse setting while accounting for
the quadratic reward.

We consider social welfare maximization since electricity
is a socially important good and it is natural to design mech-
anisms that maximize a measure of social utility. However,
maximizing the welfare of the company or its revenue can be
similarly studied.

Social Welfare Regret

The Social welfare regret of a mechanism is defined as the
difference between the maximum social welfare achieved if
ARs are known by any mechanism and the expected social
welfare achieved when ARs are unknown. Formally, social
welfare regret of a mechanism (A, P) is:

E anl
— E min m1nn,

Our goal is to demgn an algorithm that achieves sublinear
regret (i.e. regret that goes asymptotically to 0 as T" goes to
infinity) and satisfies the properties in Definitions 1, 2 and 3.

/\nlJrcler)

)\n1+cz—2e) 0)

MAB-MDR: A Novel Exploration-Separated
Mechanism

Since ARs are unknown, we cannot apply a Vickery-Clarke-
Groves (VCG) mechanism Narahari (2014) to elicit CPRs
truthfully Babaioff, Sharma, and Slivkins (2009); Devanur
and Kakade (2009). Multiarmed Bandit mechanisms provide
a powerful alternative. Existing MAB algorithms require re-
ward functions to be monotone in terms of unknown qualities
Auer et al. (2003); Chen, Wang, and Yuan (2013) but mono-
tonicity condition is violated in our quadratic case. Thus,
traditional MAB algorithms and analysis do not apply. In
this section, we propose a novel exploration separated mech-
anism provided in Algorithm 1 that satisfies all the desired
properties mentioned in Definitions 1, 2 and 3 with unknown
ARs and strategically revealed CPRs.

The proposed mechanism is exploration separated where,
the mechanism learns the ARs of all the consumer types by
giving the maximum offer price for 7 (given in Corollary 1)
number of rounds in round robin fashion. Each consumer of
type i, accepts the offer with probability \;, independently
of other consumers in the same type. Thus, n; independent
samples are generated by making offers to i*" types and

these can be used to learn the AR A;. Let A; represent the
sample mean of \; after exploration phase. After 7 rounds are

completed, upper confidence bound }f and lower confidence

bound ;" are computed using Hoeffding’s inequality. These
are bounds for the true ARs.

For this mechanism, Theorem 2 shows that the mechanism
is DSIC. As a result, any consumer in a particular cluster
can be asked to bid his CPR (which will be truthful and
hence same for all the consumers). After the exploration
phase, ARs are not updated in the exploitation phase. This
ensures incentive compatibility. In each round the type that
maximizes the social welfare with respect to the bounds on
ARs is chosen.



Algorithm 1: MAB-MDR

Input: CPR bids, {¢1, éa, . . . &, }, Number of
exploration steps 7, confidence parameter u
Output: Sequence of allocations A*, A2, ... AT and
payments P, P2 ... PT
(Exploration Rounds) for ¢ < 1 fo 7 do
Make offers to all consumers in type i = ((t — 1)

mod n) +1, af =1, a =0Vj € N'\ i
3 Make a payment p! = ¢4, to consumer in type @ if
he accepts the offer.

4 Vi, Update A, Af = min(\; +
In(7),0)

5 (Exploitation rounds) fort < 7+ 1t T do

[ S

27:’ln ln(u) 1)’

Ar =max(Ai — /55

6 1= arg mlnnl)\ (nzx\ + ¢ — 2€t)
7 if (nz)\* +¢; — 2¢e') <0 then
8 al =1 (Make offers to all consumers in type i),

af =0Yj e N'\i
9 j = argmin nj)\;r(njj\; +¢j — 2¢€)

JEN\I

10 if (n;A; +¢; — 2¢") <0 then
11 pt =

L min(njx_jmji;+erzef)7ni&j(nix;72&) . )

S\j»‘nl » “max
12 else
13 L pz - mlIl( ( )‘ - 26 ) Cmaz)
14 Make payment p} to consumer in type  if he
| accepts the offer.

15 else
16 L a% = 0Vj € N (Make no offer at all)

In the simpler linear cost model, consumers with the high-
est upper confidence bound are selected, but since the costs
are quadratic in terms of AR in our model, the consumers
have to be selected more carefully. In particular, our mecha-
nism uses lower confidence bounds. Offers are only made if
consumers in a type generate higher expected social welfare
compared to the case where no offer is made at all (ensured
by step 7). Finally, the offer price is paid to each consumer
if he accepts the offer. Offer prices are set such that it is
truthful for every type of consumers to report true CPRs; at
the same time, the mechanism results in positive utility to
every consumer.

Note: CPR and AR of all the consumers are assumed to
be same for all the slots. Otherwise, multiple instances of the
mechanism can be run for each slot j and (for example) for
weekdays and weekends.

Analysis of MAB-MDR

In this section, we provide theoretical guarantees for MAB-
MDR. Our analysis is very different from that of traditional
MAB setting, as picking a cluster with highest upper con-
fidence bound (UCB) is non-trivial with quadratic costs.
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Lemma 1 shows that MAB-MDR offers a price that is greater
than the CPR bid of the consumer to whom offer is made
and thus he derives positive utility (Theorem 1). Theorem 2
shows that it is always in the best interest of consumers to
bid their true CPRs. We then provide bounds on the expected
regret in Theorem 3.

Lemma 1 The offer price is greater than CPR bid for the
consumer to whom offer is made.

Proof: W.L.O.G, pi(&,¢-i) < Cmasz. Vj # i, We have,
niAT (niA; + & — 2e') <min(n; Al (njA; + & — 2¢'),0)
= & < pl(é;,é_;) (Rearranging Terms) O
Theorem 1 MAB-MDR is IR for all the consumers.

Proof: Follows from Lemma 1 O
Theorem 2 MAB-MDR is DSIC.
Proof: We will show that V¢, Vi € N, Vé_; and Vé&;,

Pi(ci,é-i) — ciai(ci, é-4) > pi(Gs,é-) — ciaj(Ei, é-y)

In exploration steps, fixed offers (¢,,,4,) are made irrespective

of the bids. Thus, the condition is trivially satisfied. For any
exploitation round ¢,

o Case l:¢; > ¢; = al(c;, ;) < al(é,cy)
If al(ci,c—;) at(é;,¢_;), then above condition is
tr1v1ally satlsﬁed as the payments does not depend on

the bid of 7*" consumer. W.L.O.G., 0 = al(c;,é_;) <
at(¢;,é_;) = 1 This implies Vj # i

nidy (A + ¢ — 2e') > min(njjxf(njj\; +¢& —2¢"),0)
nid; (nid; +é —2e') < min(njjxj-'(njj\j_ +¢; —2¢%),0)

— _Cl+pz(clv )<0

e Case2:¢; < ¢

ai(ciyc—) > aj(é,é-) = 1 = ai(c,c—) >
at(é;,é—;) = 0. Thus, —¢; + pi(ci,é—;) > 0 (Lemma 1)

Od
Let A = max \jn;(\in; —2e’ +¢;) —min An; (Ain; —2e’+
1 2
¢i)y Ny = maxn,n— = miinni and e = | /57— ln(u)

Lemma 2 Expected social welfare regret (E[rt]) at any time
slot t in the exploitation round is bounded by:

t

2
(1= 2p)npe(max((ne + ~—), 204)) + 2uA’
+

Proof: The social welfare regret at time ¢ if type i # i* is
selected where ¢* is the optimal type is given by:

rt = Xini(Ning — 2€" 4 ¢;) — Ai=ngs Niengs — 2e 4 cix)
By Hoeffding’s inequality, with probability at least (1 — 2u),

@
3

A7 <X < Afand A < A < AL
also, ;\ZL — i <2eand \; — 5\; < 2e

e Case 1:i* A0 = M\j=ny — 2t + ¢+ <0

N+ 5;& (:\;nz»« — 2t + ci*) > nlﬁf(;\;m — 2t + ci) (4
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Total Regret

0 2 4 6 8
Total Time (T)

10

Figure 1: Effect of time on total regret. The regret follows
the O(T2/3) bound, validating our analysis (Theorem 3).

Thus, with probability at least (1 — 2u),
rt < Aing(Aing — 2¢t + ¢i) — m*jle (X;nz* —2et + cix)
< \imi(Aing — 2 + ¢) — nz;\f(;\:nz — 2t 4+ ci)
<ni(AF = ANA) +2e (A = M) — naei (A = )
<niAF O = A7) 4 2e (AT — M)

2¢!

N 2et
<nyp2e(Mng + =) <ny2e(ng + )
n4 n4

where the first inequality arises from Equation (2), second
from Equation (4), and the third from Equation (3).
e Case?2:i* = 0and X;ni — 2et 4+ ¢; <0, Then,
Tt = )\Zm(/\ml — 2€t —+ Ci) S /\ml(j\;nl =+ 267%‘ — 2€t =+ Ci)
< ni(2en;) < ny(2eny) with probability (1 — )

where, the first inequality comes from Equation (3). Thus,
r’ < nie(max((ny + %), 2n.)), with probability (1 — 2u)
and A! (maximum regret) with probability 2. O
Theorem 3 The expected welfare regret is bounded by:

2et
ny + . ,2n4))

Proof: Follows from Lemma 2. O

™ T
Z A+ Z (2uA® + (1 — 2u)en (max

t=1 t=74+1

Corollary 1 Expected welfare regret is
O(T?Pn*3nl/*(22)1/3) and thus the average regret
goes to 0 as T goes to infinity.

. e 1 2 1 1/3 1
Proof: Substituting ;1 = & and 7 = T%/*n /3n+/ (B£)1/3
which minimizes the regret expression in Theorem 3. O

Simulation Experiments

In this section, we present some interesting simulation re-
sults that were obtained using real-world data. We use hourly
demand traces from the New England ISO and wind speeds
from a set of wind farms in the US. We converted these wind
speeds into wind power outputs through a cubic transforma-
tion that models wind turbines Hau (2000).

We considered 10 clusters for our experiments, with each
cluster having a randomly chosen number of consumers with
a mean of 100. The total demand (load) is distributed among
these clusters and CPRs are computed for a utility function
of type alog(x), where x represents the demand and «’s
are uniform. ARs are uniformly distributed between 0 and
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N

1.5 «without Offers
1 *+Cluster Mean 400
- Cluster Mean 800

'0 = Cluster Mean 1200

500 1000

Social Welfare

1500
Shortage Mean

2000 2500

Figure 2: Effect of shortage on social welfare with/without of-
fers with different cluster sizes. The social welfare increases
when incentives are provided to larger number of consumers

1. Mean wind energy " is considered as the average of wind
energy available at all the slots. The shortage for each time
slot ¢ is then computed by taking the difference between
observed wind energy r! and mean wind energy 7. This is
essentially the shortfall using a persistence forecast, which is
very hard to improve upon in practice Monteiro et al. (2009).
The base utility R is computed by taking the average of
squared consumed electricity. The experiments are repeated
for 100 different samples to ensure sufficient confidence in
the simulation results.

Figure 1 depicts the growth of regret with total time 7'. By
Corollary 1, the total regret grows as a function of 72/3, and
this is validated by our simulations. In Figure 2, we depict
the relation between social welfare and shortfall. The short-
fall is varied by adding a random noise with variable mean.
Figure 2 shows that social welfare can be improved by an
impressive factor of 2 by making the offers to large number
of consumers when the variance of the shortfall increases.
The figure shows that difference in social welfare with and
without offers increases with increase in mean cluster size.
This is to be expected since the expected number of con-
sumers accepting the offer increases. Thus, the social welfare
improves with increased participation and doesn’t show sat-
uration effects at reasonable levels. Note that the benefits
of our mechanism is more significant when the shortage is
higher; incentives should therefore be provided to a larger
number of consumers if the shortage is larger.

Conclusion and Future Work

Demand response is critical for renewable integration and en-
ergy cost reduction. We proposed a multiarmed bandit mech-
anism (MAB-MDR) to design incentive offers to consumers
who have unknown response characteristics, to reduce costs
due to electricity shortage and renewable energy fluctuations.
We showed that intuition from crowdsourcing mechanisms is
useful, however requires a non-trivial extension due to time
varying and quadratic cost function. To ensure truthfulness,
MAB-MDR is exploration separated and thus may result in
high cost of exploration. Compared to traditional historical
data based approaches, which are susceptible to strategic
play, the exploration cost is justified but a detailed analysis
of the tradeoff between cost and the regret is needed. Analy-
sis of MAB-MDR showed that it is DSIC, IR, and achieves
sublinear regret of O(T%/3).

This work offers a first step in modeling incentive offers
in smart grids to make consumers participate in achieving
better demand response thus leading to savings in energy



costs and opens up many challenging directions. Designing a
more general mechanism to choose a subset of the members
of a cluster or a subset of clusters is the immediate future
work. The work can be further extended to many different
settings, e.g. where different consumers are allowed to reduce
the consumption by different amounts which again can be
private information to the consumers. The other interesting
direction is situations with online arrival of consumers.
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