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ABSTRACT

Accurate predictions of power fluctuations are pivotal to the opera-
tion of flexibility markets. While the design of flexibility markets
is an active and ongoing field of research, the question of how to
elicit high quality predictions in a non-cooperative setting is of-
ten overlooked. Conceptually, we contribute the concept of best
prediction incentivizing contracts. Under such contracts the best
response of an agent is to report the true distribution of its power
fluctuation. This concept differs from Incentive Compatibility by ex-
plicitly taking epistemic uncertainty into account: while Incentive
Compatible mechanisms often assume the agent possess perfect
knowledge of their own valuation, our concept incentivizes agents
to reduce their epistemic uncertainty about the world. In practical
terms, we present generic closed form solutions for polynomial
distributions and show they can be used to approximate realistic
Gaussian distributions. Lastly, placing our work in a larger context,
we show that third party agents can profit from providing improved
predictions via arbitrage.

CCS CONCEPTS

« Theory of computation — Computational pricing and auc-
tions; « Hardware — Renewable energy; « Computing method-
ologies — Multi-agent systems.
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1 INTRODUCTION

Renewable energy sources (RES) are generally seen as the essential
solution to global warming. Excessive use of fossil fuels and the
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accompanying output of carbon dioxide has caused global temper-
atures to rise [21]. RES have become a carbon-neutral alternative
to fossil fuels through advancements in technology as well as in-
vestments in mass production [15, 37].

However, large scale integration of RES has brought with it some
challenges for electricity systems. In contrast to conventional power
plants, most types of RES cannot control their power output. As
the share of fluctuating RES increases so does the magnitude and
frequency of power imbalances, which need to be addressed by grid
operators [18, 24].

To effectively deal with these power imbalances, flexibility has
to be integrated into electricity grids [2, 18]. While there is no
agreed upon definition of flexibility, it is generally seen as the
ability of power producing or consuming devices to quickly adjust
their energy output/input [20].

Flexibility can be provided via several different technologies.
Conventional gas turbine generators are well established and can
provide flexibility by adjusting their operating point [28]. Besides
adjustments on the production side, demand response can provide
flexibility by adjusting electricity demand [17, 18, 29]. However,
flexibility can not only be provided by adjusting production or
consumption, but also by shifting energy in different dimensions.
Such flexibility can be provided by for instance electrical storage
devices [7, 25], which effectively shift energy from times of excess
to when energy production is falling short. Given the high cost of
electrical storage [4], the idea of shifting energy by utilizing several
energy carriers in multi-energy systems has emerged. Flexibility
providing multi-energy systems range from combined heat and
power generators [42] and the latent heat in residential buildings [9,
17, 23] to tightly integrated industrial processes [3, 43].

While there exists a variety of potential flexibility providers as
well as a clear need for it, efficiently integrating this flexibility is
still a topic of active research.

Flexibility market mechanisms have emerged as a viable ap-
proach for large scale flexibility integration. Direct integration, i.e.
equipping fluctuating RES with flexible assets [30] has allowed
RES to better participate in conventional electricity markets [1, 32].
However, such integration ties the benefit to one particular fluctu-
ating energy source limiting the overall usefulness of the flexible
asset. This limitation can somewhat be addressed by integration
of flexibility in larger multi-energy systems [16]. While this adds
to the usefulness of flexible assets, it still requires rather complex
control systems [16], which cannot be scaled to larger systems, e.g.
national electricity markets. Market mechanisms on the other hand
are able to coordinate between disparate energy assets leading to a
more efficient use of available flexibility.
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The operation of flexibility markets rely on accurate predictions.
Flexibility trading has been approached both via centralized [39]
as well as peer-to-peer markets [39, 47]. It is noteworthy that all
of these approaches implicitly assume accurate probability models.
This assumption is complicated two-fold: by the difficulty of the
task itself as well as the non-cooperative nature of market settings.

The task of forecasting power fluctuations is non-trivial involv-
ing different kinds of uncertainty. The need for accurate predic-
tions in RES integration has been noted early on [41] and steady
progress has been made over the years on providing improved
probabilistic models [12]. However, only in recent years, the power
forecasting literature has started addressing the issue of epistemic
uncertainty [6, 22, 44] i.e. the uncertainty that exists about the
probabilistic models.

Uncertainty can be grouped into aleatoric and epistemic uncer-
tainty. Aleatoric uncertainty is the known uncertainty that can
be modeled by probabilistic models. Epistemic uncertainty, on the
other hand, represents the unknown uncertainty or lack of knowl-
edge [5, 26]. The epistemic component of the uncertainty can be
reduced by learning from additional data [14]. However, since, epis-
temic uncertainty represents a lack of knowledge it is very difficult
to capture in mathematical models, as has been discussed in [14]. We
will circumvent this issue by creating a mechanism that incentivizes
the reduction of epistemic uncertainty rather than attempting to
model it.

The Forecasting issue is further complicated in flexibility markets
by the non-cooperative nature of market settings. Within a market
setting the question is not just how to generate accurate forecasts
but why a self-interested agent should reveal them to the system.
This has been explicitly noted by [47] as an open challenge. Recent
years have seen the development of data markets [10, 11, 36] as
well as the use of prediction markets[33-35] in the energy sector
to address this challenge. However, such information markets are
disjoint from the physical operation of the energy system and can
therefore be more susceptible to speculation.

To address these issues, we consider a peer-to-peer flexibility
trading setting that integrates the forecasting problem into the
energy contracts by specifically incentivizing the reduction of epis-
temic uncertainty in the contract generation.

The state of the art is extended in the following way.

We

e properly define our peer-to-peer flexibility trading setting
and provide the concept of best prediction incentivizing con-
tracts as a conceptual means to incentivizing the reduction
of epistemic uncertainty (Section 2).

o provide best prediction incentivizing contract functions for
uniform (Theorem 3.1) and single term polynomial (Theo-
rem 3.2) probability distributions.

e show that our single-term polynomial solution is suitable
for modeling real world applications (Section 3.3).

e demonstrate how the arbitrage potential in our solution
incentivizes third party agents to contribute improved pre-
dictions (Section 4).

e put our work into context by comparing our approach to
data markets (Section 5.1) as well as prediction markets (Sec-
tion 5.2).
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2 PROBLEM FORMULATION

We consider a wind farm (WF) with actual power deviation Ag
described by true probability density function (pdf) fr.

To deal with the fluctuation, the WF can obtain an insurance
contract ® = (po, pa), which will protect it from costly balancing
markets. The insurance contract © is composed of an upfront cost
po and a payment pa(Agq), which depends on the actual power
deviation Ag. The balancing cost to the WF of power deviation Aq
given a contract © can be expressed as:

¢B = po +pa(Aq)

However, the contract © has to be provided by an insurance
provider. The contracts this insurance provider is willing to provide
depend on the event that the insurance is for, i.e. ® will depend on fr.
To make this connection explicit, we say the insurance provider uses
a contract creating function Q that accepts a probability distribution
f and returns a contract ©. Let po(.|Q(f)) be the up-front cost pg
of the contract returned by Q(f), while pa(Aq|Q(f)) is the cost of
power deviation Aq given the contract returned by Q(f).

Given that the insurance contract Q depends on fr, the main
research question is how to elicit best approximation of fr from
the agent.

2.1 Best Prediction Incentivizing

In a first step we assume that the WF knows the true probability
distribution fr, while the insurance provider has no information on
fr- The WF reports probability distribution f to contract creating
function Q to generate a contract ©.

To answer our research question we are looking for a contract
creating function Q to make reporting fr the best approach for the
WF.

The expected cost to the WF of the deviation given that the
insurance provider uses contract creating function Q

Ca(f12, f1) = po(1Q(f)) + Eg [pa(AglQ(f))] (1

should be minimized when the WF provides the true distribution
fT, ie.

Ce(frlQ. fr) < CB(fIQ. fr) Vf

DEFINITION 1 (INCENTIVIZING BEST PREDICTIONS). We call a
contract creating function Q or the related pricing functions

(Po(12(f)), pa(AqIQ(f))) best prediction incentivizing if
Cp(frl fr) < Cp(fIQ fr) Vf

2.2 Best Prediction Incentizing under epistemic
uncertainty

So far we assumed that the WF knows the true distribution fr.
However, in reality the WF only has an approximation f of the true
distribution fr. This is because there are two kinds of uncertainty at
play here. The true uncertainty described by fr that is inherent in
the event itself. The second kind of uncertainty is called epistemic
[26] and is caused not by the event but by a lack of knowledge that
is reflected in the discrepancy between f and fr.

Given that reporting fr is optimal, there is a certain cost associ-
ated with reporting an approximate distribution f. We will refer to
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this cost as the cost of epistemic uncertainty.

CEU(fI, fr) = C(f1, f1) = Ce(f7| f1)

This epistemic uncertainty about the true distribution fr and its
associated cost complicate our earlier definition of best prediction
incentivizing contract functions. The earlier definition specifically
incentivizes reporting the true distribution fr. However, it is im-
possible to incentivize a WF to reliably report something it does
not know.

We therefore extend our definition of best prediction incentiviz-
ing contract functions to settings with epistemic uncertainty. To
do so we will not only require that reporting fr is optimal, but that
reporting a strictly better approximation always results in a lower
cost of epistemic uncertainty. This way improving the approxima-
tion will always result in lower costs, in essence incentivizing the
WEF to report better approximations of fr.

First we need to define what it means for one approximation to
be better than the other. To do so we introduce an ordering >,
with respect to the true distribution fr, where f7 is the dominant
element, ie. fr >p i VA # fr.

DEFINITION 2. We say probability density function fi is a better
approximation of fr than probability density function f if fi > fa.
Several different orderings can reasonable be considered for > .. We
will provide two here:

a) Given an interval [—dT,dT] and a class F of probability den-
sity functions on said interval, we say that fi >z fa if

fi(Ag) € [min(fr(Aq), f2(Aq)), max(fr(Aq), f2(Aq))] VAq

as well as

JAq s.t. fi(Aq) # f2(Aq)
b) Given a parameter d, which defines a unique function in a
class F on the interval [—d, d], we say that f(d1) > g f(d2)
if

di € (dz,dr] or di € [dr,ds)

With this definition, we can extend our definition of Incentivizing
Best Predictions to settings with epistemic uncertainty.

DEFINITION 3 (INCENTIVIZING BEST PREDICTIONS UNDER EPIs-
TEMIC UNCERTAINTY). We call a contract creating function Q or the
related pricing functions
(Po(-12(f)), pa(AqIQ(f))) best prediction incentivizing under epis-
temic uncertainty if reporting a better approximation of fr always
results in a lower epistemic cost, i.e.

CEU(flQ fr) < CEU(£2|Q. fr) Vi >f fo

CoOROLLARY 1. Given that Q is Incentivizing Best Predictions under
Epistemic Uncertainty, a contract ©1 created by providing fi will have
a lower expected cost than a contract ©2 created by providing fo if fi
is a better approximation of the true distribution f, i.e.

Ce(AlQ f1) <CB(LIQ. f1) VA >p fo

NoTtE 1. Any pricing function that is Incentivizing Best Predictions
under Epistemic Uncertainty is also Incentivizing Best Predictions
under perfect knowledge.

Going forward, we will be referring to best prediction incentiviz-
ing contracts/pricing functions (Definition 3) as BPL
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2.3 Comparison to Incentive Compatibility

In this section we explore the difference between our concept and
the related concept of Incentive Compatibility (IC). In an IC mecha-
nism an agent’s best response is to reveal their true valuation to the
market [27]. Regarding the information revelation part, IC is similar
to BPI contracts. However, in our setting the true valuation of the
agent is obscured by epistemic uncertainty. The concept presented
here differs from IC by explicitly accounting for the epistemic un-
certainty that the agent has about the world.

The epistemic uncertainty stems from the kind of information
we are interested in revealing: internal versus external information.

In settings with perfectly known valuations, IC mechanisms
incentivizes the revelation of private/internal information to value
a good or service. For instance, the value of a vase being sold at an
art auction is entirely determined by the private appreciation of
the participants. This holds similarly for any kind of commodity or
service contract. The assumption, here, being that the agent knows
their own true valuation.

Pricing in BPI contracts explicitly aims at revealing external
information about the world itself, i.e. the true future power fluctu-
ation. Instead of valuing an object or service, BPI aims to arrive at
the true probability distribution of a wind farm. While the argument
can be made that the agent knows their true internal valuation, it is
very unlikely that they possess perfect knowledge about the world.
This inability to perfectly model the future is what we refer to as
epistemic uncertainty.

This difference in revealing external instead of internal informa-
tion has implications for the purpose of pricing. In both concepts,
pricing is used as a means to an end. In IC mechanisms without
epistemic uncertainty, the end is to value a good or service. In
the concept of BPI, pricing is directly linked to finding the correct
predictions of an uncertain future event. This connection between
pricing and prediction can also be seen in Corollary 1, which states
that better predictions result in lower costs. The prices in BPI con-
tracts is therefore directly connected to the amount of epistemic
uncertainty.

However, taking epistemic uncertainty into account also comes
with challenges for the agent. Honest reports are easy to com-
pute. Therefore, when the true valuation is known to the agent,
truth-telling is an easy strategy to implement. However, correctly
predicting an external event is a non-trivial task. We will return to
this challenge in Section 4, when discussing the arbitrage potential
of BPI contracts.

3 APPLICATIONS OF BPI CONTRACTS

So far we have provided BPI as a novel concept and discussed how
it relevantly differs from IC. However, a concept is only useful if
it can feasibly be applied. To this end, we provide BPI contracts
for uniform (Section 3.1) and single term polynomial distributions
(Section 3.2) and show that the latter can be used in more real-world
settings (Section 3.3). For the particular cases in this section, we
will be using a parameter d instead of the entire function f as the
input to the contract generating function Q. Given this input, we
will consider the particular ordering of Definition 2b.
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3.1 Solutions for uniform distribution

To begin with, we consider a very simple setting.

SETTING 1 (UNIFORM). The true power deviation of a fluctuating
energy source is described by a uniform probability density distribu-
tion on the interval [—dr, dT]. The task of the energy source operator
is to provide the correct parameter dr.

We want to design prices, po(.|d) and pa(Aql|d) for Setting 1
such that the operator minimizes its cost by submitting d = dr, i.e.
they are best predictions incentivizing.

THEOREM 3.1. Contract generating function Q, (d) with pricing
functions (po(.|d) = 0.5In(d), pa(Aq|d) = |Aq|é) are best BPI func-
tions under Epistemic Uncertainty for Setting 1.

Proor. To show that the epistemic cost always decreases by
moving from a worse approximation d; to a better one d;, we only
need to show that epistemic costs are falling for d less than dr and
are rising for d larger than dr, i.e.:

E Q
W <0 ifde (0,dp)
9CEU (d|Qu.dr) _

od

This can easily be shown:

0 ifd e (dp, ).

9CEU(d|Qy.dr) @

0
—Cg(d|dr, Q) — —Cg(dr|dT, Q
> °d B(d|dr, Qu) ~d B(dr|dr, Qu)

[ S—
=0

d

d
—o05d 1124
0.5d [ y

F 1,
> [0.51n(d)+5d ldf}

dr dr

Note that [1— d] > 0 for d > dr and [1—7] < 0ford < dr,

which concludes the proof.
m]

3.2 Solutions for single term polynomial
distributions

In this section, we will be deriving a family of contract generating

functions Q(d|k) parameterized on a shape parameter k. We con-

sider a single term polynomial as the pdf f(Ag|d) on the symmetric

interval [—d, d]. The general form of f on the positive interval is:

f(Ag) = —m(Ag)F +1

Furthermore, we assume that f(Aq|d) is symmetric around Ag = 0
and f(d) = 0. With these two assumptions f(Agq|d) is uniquely
defined given an agent’s report d.

From f(d) = 0 it follows that

t = md*
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Because f is a probability density function and symmetric, we
know that:

m

d 1
AQ)dAg = = =
/Of( q)9Aq 5 1

m k+1
=——d t-d
k+1 *

d
(Ag**! +1AQ
0

Replacing t = md* we obtain:

1:_ m dk+1+mdk+1
2 k+1
From which follows:
1k+1 1k+11
B R N S
m= x4 '3k 4

This results in the general from of

1k+1
Aqld, k) = = ——
fo(Aqld k) = 2=

Jp(Aqld k) = f(=Aq)

1
—d~ DAk + Z | ifAg e [0,d
(Aq) 7| ifAg [ ](2)

for Aq € [—d, 0]

SETTING 2 (SINGLE TERM PorLyNOMIAL). The true power deviation
of a fluctuating energy source is described by a probability density
distribution f,,(Aq|d, k) of the shape of equation 2 on the interval
[—dT,dr]. The task of the energy source operator is to provide the
correct parameter dr.

For Setting 2, we derive the following BPI pricing functions.

THEOREM 3.2. Given a power deviation that can be described by
a single term polynomial f,(Aq|d, k) of specified degree k as de-
scribed in equation (2), contract function Q, with pricing functions

po(.|d) = 2(]§C+12)log(d) and pp(Aq) = |Aq|é are BPI pricing func-
tions according to Definition 3.

Proor. To show that pg and pp is BPI pricing functions, we
need to show that the expected cost Cp contains a global minimum
at d = dr, which we will do by showing that the expected cost
increases for d > dr and decreases for d < dr. We denote fr as the
true distribution f(Aql|dr, k).

First, we calculate the expected cost:
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Calf.10fr) = s stog(@)+ [~ friaglagihong
k+1
= g loo(d) +2 fo fr(Ag)AgEang
k+1
T2k~ 2)l°g(d)
k+11
% 3 dk”( Q)k+1+—(AQ)9Aq
k+1
= 2tz 9@
d
k+11| 1 (B0 + - (ag)? !
k d k+2d713+1 2dr 1 .
k+1 k+11 1 1
= ke 9D g _k+sz+5dT]
_ k+1 k+1dT 2 k+2
= 2krz) 9D [_2(k+2)+2(k+2)
_ k+1 k+1 dr
= 2+2) 99D k2 4
_ k+1 dr
=kt |9 DT

Taking the first derivative of the expected cost Cg with respect
to the reported interval d results in:

7] k+1 1 _ dr
od 2(k+2) d?
_ k+1 1 1 dr
T 2(k+2)d d
—_————
>0
It is easy to see that [1 - %T] > 0 for all d > dr, while also

_dr

] < 0 for all d < dr and therefore the cost increases while

d> dT and decreases while d < dr. This results in a global mini-
mum at d = d. o

3.3 Real World Applications

While Theorem 3.2 provides us with a solution for a wide range
of polynomial distributions, on first glance it seems to be limited
when it comes to real-world applications. First, Theorem 3.2 as-
sumes that any market operator knows the particular degree k
of the polynomial up front. Secondly, not many problems regard-
ing uncertainty in the energy domain are modeled as single term
polynomial distributions.

However, we can fine tune our theoretical solution to be appli-
cable to real world problems. Uncertainty in the energy domain is
often modeled as Gaussian distributions([8, 38, 46]. We will, there-
fore, consider in Setting 3 a truncated Gaussian distribution as the
true model of reality. Fortunately, Theorem 3.2 is parameterized on
k and, thus, provides an entire family of solutions. Using parameter
k, we can choose the solution that best approximates a truncated
Gaussian distribution, i.e. we are looking for k* such that Qp(d|k*)
is best suited for the following Gaussian setting.
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SETTING 3 (GAUssIAN). We will consider reality to be described by
a truncated Gaussian distribution N (Aq|y, o) [31] with mean =0
and standard deviation o on a symmetric interval [—d, d].

This truncated Gaussian is, therefore, completely described by the
input parameters d and o. We scale the standard deviation o by
0.5d to reduce the number of input parameters. The Gaussian setting
contains not only the interval length d but also the standard deviation
o as an input parameter. This input parameter does not appear in
Setting 2, which we will use for approximation. By scaling o = 0.5d,
the distribution can be described solely by the input parameter d.
Therefore, the input for both this setting as well as Setting 2 is the
same, i.e. the interval length d.

This results in a truncated normal probability distribution N (Aq|d)
that can be described solely by the interval size d in the following
way:

1 1

— (A .
0.5d ®*(d|0, 0.5d) —q>*(—d|o,0.5d)N (Aq|0,0.5d),

®)

where N*(Aq|0, 0.5d) is the untruncated normal distribution of mean
p = 0 and standard deviation o = 0.5d with its corresponding cumu-
lative ®*(Aql0,0.5d) and Aq € [—d, d].

Note, that reducing the number of input parameters does not mean
that this setting can only describe a single shape of Gaussian distribu-
tions. Figure 1 shows Gaussians from this setting for different values

ofd.

probability density
—d=1
d=2
d=4
: : : > Ag
—4 -2 2 4

Figure 1: Truncated Gaussians for different reports of d

In the following sub-sections, we will show that the solution
from Theorem 3.2 is appropriate for Setting 3. In particular, we
will show that our solution can provide a good approximation
of a Gaussian distribution (Section 3.3.1) and that the introduced
modeling error is especially small when comparing it to the error
caused by epistemic uncertainty (Section 3.3.2). Lastly, we consider
the possibility of the agent to gain a profit by reporting a value
other than dr and conclude that both the ability and the effect of
such misreporting is very limited (Section 3.3.3).
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3.3.1  Approximating Gaussian Distributions. While we do not have
BPI pricing functions for Setting 3 in closed form, we will leverage
our previous result in Theorem 3.2 to derive pricing functions that
specifically aim to approximate truncated Gaussian distribution as
described in Setting 3. Specifically, we are looking for a value of
k such that the probability distribution described in equation (2)
best approximates the truncated Gaussian. We measure the quality
of our approximation by the root mean-square error [19] over the
interval [—dr, dr]. In this subsection, our task is to find k* to mini-
mize the error between N (Aq|dr) and the single term polynomial
fp(Aqldr, k) as defined in equation (2).

dr
Error(N, f) = \/i /_d [N(Agldr) - f(Aqldr, k)] 0Aq (4)

Figure 2 shows the average error between our approximate so-
lution and the Gaussian distribution over k. The error appears to
be minimal for approximately k = 1.4. Note that this value is inde-
pendent of the actual size of the interval dr as both the Gaussian
N (Agldr) and f,(Agldr, k) are being scaled by dr.

k* ~ argmin {Error(N, f)} (5)
k

10 +

Figure 2: Average Error over k

Figure 3 shows both Gaussian distributions describing the origi-
nal problem as well as the approximation f, provided by our ap-
proach. It appears that our approach approximates the truncated
Gaussian well for a range of values of d.

In subsequent sections, we will use the solution from Theorem 3.2
with k* = 1.4.

3.3.2  Approximation under Epistemic Uncertainty. In this section,
we explore the effect of epistemic uncertainty on our approximation
and conclude that the error we introduce by using an approximate
model of the problem is often insignificant compared to the error
caused by epistemic uncertainty. We again consider Setting 3 and
the approximation from Theorem 3.2 with k* = 1.4.
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Figure 3: Gaussian and its approximate distribution for k* =
1.4

In this section we will deal with two kinds of errors: the modeling
error and the epistemic error. The modeling error is caused by
using an approximate model, i.e. single term polynomial instead of
a Gaussian. The epistemic error is due to an inaccurate report by
the agent. We assume that the agent only knows an approximate
value d ~ dr instead of the true value dr.

To more clearly highlight the different (modeling and epistemic)
contributions to the overall approximation error, we introduce sev-
eral notions of errors. The total error Error;,;,; is simply the over-
all error caused by providing an approximate value d to function
fp(Aqld, k*), while the true distribution is the Gaussian N (Aq|dr).

Erroryorl = Error(N (Aqldr), fp(Aqld, k*)) (6)

We define the purely epistemic error as the result of providing
an approximate value d to the true model N (Aq|d)).

Errorepistemic = Error(N (Aqldr), N (Aqld)) ()

Given the total error and the purely epistemic error, we introduce
the relative modeling error as an indication of how much of the
total error is due to incorrect modeling. While the true distribution
is Gaussian, we are using the polynomial f;,, see equation (2), to
approximate it. The error caused by this discrepancy we refer to
as the modeling error. We, then, define the relative modeling error
Errorpoder as the relative difference between the total and the
epistemic error.

Errorsorar — Errorepistemic

@)

Errorpodel = E
I'rOrtotal

Figure 4 shows the relative modeling error over reports d, while
Figure 5 displays the total error. As is to be expected, the relative
modeling error is 1 (i.e. the error is entirely caused by the incorrect
model) when d = d7 because then the epistemic error is zero and
the entire error is due to the polynomial approximation. However,
the relative modeling error quickly drops off as d deviates from the
true value of dr. It is worth noting that this narrow band around
dr, where the modeling error makes a significant contribution, also
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mostly contains the values of d for which the overall error is small,
see Figure 5. Therefore, whenever there is a significant difference
between the true distribution and the approximate distribution
provided by our solution (Figure 5), most of the error is caused
by epistemic uncertainty rather than incorrect model assumptions
(Figure 4).

Errorpjodel
—dr=2
dr =
0.8 + dr =
0.6
0.4
0.2
e : : : —
2 4 6 8 10

Figure 4: Relative Modeling Error over report d for k* = 1.4

Errorrotal

0.4 | —dr =
dr =5
dr =38

0.3 |

0.2 | \

Figure 5: Total Error over Report d

In this section, we showed that our solution not only provides
a good approximation of Gaussian distributions, but also that the
introduced modeling error is relatively small once epistemic uncer-
tainty is present. However, so far we assumed that the agent is still
incentivized to provide accurate predictions, which we will address
in the next section.
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3.3.3 Incentives under Epistemic Uncertainty. While
Section 3.3.2 showed that the modeling error is small compared to
the epistemic error, we, implicitly, assumed that the incentive to
provide the best prediction of dr still holds when the underlying
true distribution is Gaussian. In this section, we consider Setting 3
and the approximation, i.e. Qp and ﬁ, from Theorem 3.2 with
k=14

Specifically, we will explore to which extend the agent is still
incentivized to provide an accurate estimation of d7. Theorem 3.2
only specifies pricing functions that are BPI when the true distribu-
tion is a single term polynomial of specified degree k. This raises
the question of incentives when these pricing functions are used in
Setting 3. Reporting the true interval length d is no longer proven
to be the optimal strategy. Therefore, there is a cost minimizing d*
that may not be equal to d7.

d* = arg;lin Cp (d|Qp (d|K*), N (Aqldr)) 9)

We explore the ramifications of this deviation from truthfully
reporting dr by looking at three metrics related to the strategy,
agent cost and the resulting distribution. Regarding the strategy,
we consider the absolute value of the relative distance between d*

and dr, } d*d_TdT . For the cost of the agent, we look at the relative cost

ACost
Costt

the quality of the resulting distribution by calculating the total error
caused by optimal misreporting d* when using the approximation
fp(Aqld, k*) as defined in equation (2). This error we will refer to
as the error of misreporting Errorm;s.

reduction gained by misreporting, i.e. . Finally, we look at

Errormis = Error[N(Aq|dT),ﬁo(Aq|d*, k9] (10)

However, any exploration of these effects is contingent on the
ability to obtain the optimal report d*. Unfortunately, an analytical
solution to d* is difficult to obtain as there is no closed form of
the integral of a Gaussian. Luckily, the expected balancing cost
Cp (d|QP(d|k), N (Agldr)) of reporting d to the polynomial con-
tract function Q, (d|k) in Gaussian Setting 3 has a single local min-
imum with regard to the reported parameter d, see Theorem 3.3.
This means that approaches such as gradient descent and bisection
method converge quickly to the global minimum d*.

THEOREM 3.3. When applying contract function Q,(d|k) (Theo-
rem 3.2), to Setting 3, the expected balancing cost
Cg (d|Qp(d|k), N (Aqldr)) has a single local minimum with regard
to the report d.

Proor. To show that Cp (d|Q,(d|k), N(Aqgldr)) has a single
local minimum in d > 0, it suffices to show that its derivative
a—‘ZCB (d|QI¢J (d|k), N(Aqldr)) changes sign from negative to posi-
tive at a single point. Recall the general cost function, equation (1)
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as well as the explicit pricing functions in Theorem 3.2.

0
—Cg(d|Q
> 8(d|Qp, NT)

0| k+1

- 2| s e [ aragiaditong
k+1 1

st e | Nr(aolag ong
k+1 1

= Aq)|Ag|oA
2k+2)d add/ Nr(Aq)lAqlong

const>0
k+1 1
= Aq)|Ag|oA
seega - 3 [ Nraladang
1| k+1 1 ™
= | —=-= Aq)|Ag|aA
il26+2 d/_mNT( 9)|AqloAq

>0

It is easy to see that 2(12‘112) - é / N1(Aq)|AqloAq| changes
—00
>0
sign at a single point, while é > 0 for all d > 0, which concludes
the proof. O

We numerically explore the effect of reporting optimal d* as
in equation (10) instead of dr in the context of using Q,(d|k*)
(Theorem 3.2) in Setting 3. Similar to Section 3.3.2, we assume
a value of k* = 1.4. We use the scipy optimize package [40] to
calculate d*.

First we consider the relative distance between the optimal re-
port d* and the true value dr. Figure 6 displays the relative distance
between optimal d* and true dr over different values of d7. We see
that the deviation from the true value dr is generally low and less
than three percentage points for a range of values. Note, that in
order to reliably report d such that the cost is less than when report-
ing dr, the agent needs to know d* within this three percentage
point window. Given that we can assume that the reporting agent
does not have perfect knowledge of the future, it stands to reason
that they will not be able to take advantage of this difference.

Next, we consider the effect that reporting an untrue but optimal
value d* # dr has on both the agent’s cost and the quality of the re-
sulting prediction. In Figure 7a, we see that the relative difference in
cost for reporting d* instead of d is very small. This indicates that
any effort invested in optimizing for d* over dr might ultimately
be larger than its gain. Figure 7b depicts the misreporting error as
defined in equation 10 when assuming a single term polynomial
and optimal report d* compared to a Gaussian distribution on the
true interval [—dT, d7]. As we can see, the effect on the prediction
is less than 3 - 1072, indicating that even if the agent reports d*, the
flexibility provider buying the contract is still left with a virtually
unchanged prediction.

Therefore, we believe our approach to still incentivize honest
behavior: First, effectively deviating from the true report is difficult
in practical settings, see Figure 6; Second, the gains of deviating are
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Figure 6: Relative distance between optimal and true report

small, see Figure 7a; And third, the error-effects on the prediction
are similarly small, see Figure 7b.

3.3.4 Real World Applications: Concluding Remarks. In conclusion,
we demonstrated in this section the applicability of our theoretical
results to real world problems. We showed the versatility of the
results from Theorem 3.2. From the family of BPI contracts provided
by Theorem 3.2, we produced a solution that is suitable for a setting
with Gaussian distributions.

It is important to note that the solution from Theorem 3.2 does
not only fit a Gaussian well, as can be seen in Section 3.3.1. Beyond
a good fit, the modeling error is often less significant than the error
caused by epistemic uncertainty, i.e. the agent only knowing an
approximate value of d, see Section 3.3.2. And even under perfect
knowledge, the effect of misreporting is small both for the cost of
the agent as well as the resulting prediction, see Section 3.3.3. All
together this produces a solution that incentivizes agents to provide
improved predictions most of the time.

4 ARBITRAGE: RESELLING IMPROVED
PREDICTIONS

In this section, we show how reselling contracts can both benefit
the reseller and lead to improved predictions.

In particular, we revisit the issue that the agents do not know
their true valuation, see Section 2.3. But, we will frame the issue in
the context of arbitrage. So far we have shown how our solution
can incentivize a fluctuating energy source to produce accurate
predictions. However, this incentive might not actually translate
into better predictions, because, it is not just a matter of willingness
but also ability to report the true forecast. Unlike providing private
information, the task of providing accurate predictions is non-trivial
and might not be within the expertise of the operator of a fluctuating
energy source. However, providing such predictions might very
well be the expertise of other agents.
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Figure 7: Effect of reporting optimal instead of true intervals

The challenge of enabling third party agents to participate in
the prediction process is not necessarily a technical one. In most
cases, the sources of uncertainty in renewable energies are events
with publicly available data, such as weather forecasts. This means
from a data availability standpoint, the task of providing accurate
predictions could be done by any third party. The challenge lies
more with how to incentivize a third party to participate in the first
place.

This is where arbitrage becomes relevant. Arbitrage is the act of
generating a profit by reselling a good or service. The arbitrage of
BPI contracts addresses the above mentioned challenge, because the
contract creating function connects prices directly to the quality
of the prediction, as we have argued in Section 2.3. This direct
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connection between prices and quality of prediction means that
arbitrage of such contracts rewards agents that provide improved
predictions with favorable prices.

We will illustrate this potential in the following example.

4.1 Arbitrage Example: Middleman providing
an improved Prediction

To illustrate how a third party agent can benefit from arbitraging
contracts created from BPI pricing functions, we will consider an
example setting consisting of a Wind Farm (WF), flexibility provider
(FP) and middleman (M) as depicted in Figure 8. For this example
we assume the true day-ahead wind power fluctuating is described
by a truncated Gaussian on the interval [—dr, d7]. For the contract
generating function Q,(d|k*), we use the cost function as outlined
in Theorem 3.2 with parameter k = 1.4, as this has been shown to
be a good approximation for a truncated Gaussian, see Section 3.3.2.
Figure 9 depicts the expected cost the Wind farm incurs when
providing an estimation d.

Initially, there only exists the rather inaccurate estimate d; that
the WF produced - indicated in Figure 9. The WF uses this esti-
mate to generate a contract ©; from contract generating function
Qp(d|k*). It offers the contract ©1 to the market. Contract @1, the
input parameter d; as well as the wind farm that the contract refers
to are public knowledge.

A third party agent M, observes contract ©; as well as input d;
and believes it has a better estimate dy — indicated in Figure 9. There-
fore M decides to buy contract ®; and generates a new contract
using its improved estimate dz. It then offers this improved contract
O, to the market, where it gets sold to the flexibility provider FP.

It is important to note that middleman M has no energy obliga-
tion and only engages in arbitrage. On a physical level both contract
©1 and Oy refer to the same uncertain future energy production.
This means that both contracts insure the same event and there-
fore the energy Aq that is exchanged is the same in both contracts,
leaving M with no obligation.

With regard to prices, however, ©1 and ©; differ in favor of
M. Recall, Corollary 1 from Section 2.2, which states that better
predictions lead to a lower expected cost when using BPI contract
functions. Since ds is closer to the true interval size dr than dj,
the cost paid for ©; is higher than the cost of ®. This way the
third party agent M has an expected profit of Cg(01) —Cg(02) > 0
by providing an improved prediction to the flexibility provider.
This is visually indicated in Figure 9 as the difference between
C1 = Cp(©1) and C; = Cp(O2).

Cp(©1) Cg(©2)

O N N

WF —{ ©, Mz@ FP

N NS

Aq Aq

Figure 8: Arbitrage Setup
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Figure 9: Arbitrage by Cost Difference

Ultimately, middleman M generated a profit and provided an im-
proved prediction to the flexibility provider by reselling contracts.

5 DISCUSSION

Having shown the efficacy of our solution in incentivizing good
predictions (Section 3) as well as the ability of our approach to ac-
commodate third party prediction providers (Section 4) we compare
our solution to two other information theoretical approaches: data
markets (Section 5.1) and prediction markets (Section 5.2)

5.1 Comparison to Data Markets

Data markets are mechanisms for the sharing of data between non-
cooperative agents. For the use in renewable energy forecasting,
data markets enable different RES owners to purchase each other’s
data/forecasts in order to improve their own forecasts. A market
system for a single buyer and several data sellers has been proposed
in [11, 36], while a two sided mechanism with several data buyers
and sellers has been designed in [10].

Both data markets and our approach have the aim of improving
forecasts. However, they differ conceptually in two distinct ways.

First data markets are designed as secondary markets that op-
erate exclusively on the informational layer. The concept of BPI
contracts as presented here, on the other hand, are power markets
that come with balancing responsibilities.

Secondly, data markets unlike BPI contracts lack a clear incentive
structure to reduce epistemic uncertainty. Purchasing additional
data may lead to an improved prediction, effectively reducing epis-
temic uncertainty. However, this is not guaranteed and more im-
portantly, there is no clear incentive structure to provide the most
useful data. In contrast, BPI contracts directly incentivize agents to
provide improved forecasts by reducing epistemic uncertainty.
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5.2 Comparison to Prediction Markets

Predictions markets aim to to predict outcomes of future events [45]
and have been applied in a wide range of applications [13]. Con-
tracts, traded on prediction markets, yield a pay-off depending on
the outcome of a pre-defined event. From the discrepancy between
trading price and pay-off, the probabilities of specific outcomes can
be derived. Through the continuous trading process the distributed
information of the participants is being aggregated.

While prediction markets generally have been around for several
decades, their use in the energy literature has been a more recent
development. Initial research has focused on utilizing prediction
markets for hedging purposes [33, 35]. Recently, a prediction market
for complete probabilistic forecasts has been proposed by Shamsi
and Cuffe [34].

Prediction markets are a suitable tool for providing energy fore-
casts, because their aim is to reveal information about a future
event. Such markets, however, differ from BPI in the way they seek
to achieve this goal. While prediction markets try to leverage the
wisdom of the crowds to provide an aggregate prediction, BPI con-
tracts directly incentivize accurate predictions within the contract
structure.

Similar to data markets, prediction markets differ from the con-
cepts presented here by operating only on the informational layer.
In the case of prediction market, this disconnect from the operation
of the grid, makes them more susceptible to speculation. BPI con-
tracts on the other hand are power contracts first and come with
balancing obligations.

6 CONCLUSION

The work presented here contributes to the energy flexibility lit-
erature by providing the concept of Best Prediction Incentivizing
contracts. The concept addresses the often overlooked issue of how
to incentivize agents to accurately predict their fluctuating future
energy production. The concept differs from Incentive Compat-
ibility by focusing on reducing epistemic uncertainty about the
real world rather than just incentivizing the revelation of private
information.

Furthermore, we showed the applicability of this concept to the
real world. Starting by providing BPI pricing functions for simple
cases — uniform and single term polynomial distributions — we then
showed that these simple solutions can be tuned to approximate
more realistic Gaussian distributions.

Finally, we put our results into a larger context. We explored
how third party agents are incentivized by the arbitrage potential
to contribute improved predictions and compared our solution to
other information theoretical approaches.

Going forward, there still remain some open questions around
the integration of BPI contracts into larger energy systems. For
instance, it is unclear how wide-spread existence of such contracts
would affect balancing markets. Further research also has to be
done on how inter-dependencies of different events affect their
corresponding contracts.
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