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E-Companion

EC.1. The Greedy Algorithm for CVBKP and a VBKP example for
which the Greedy Heuristic Fails

We first present the greedy algorithm that solves for optimal solutions of the CVBKP, which is
the linear relaxation of VBKP. The only condition for this algorithm to work is that G;(z) is lower
semi-continuous and increasing in z. Define the efficiency ratio of an item as the ratio of its value
over weight. The greedy algorithm picks items in the order of decreasing efficiency ratios, and it

> w ()

stops packing if G;_(Z), the negative directional derivative at 2, satisfies G}_(2) < 7=, where 2

we (2)

represents the current total weights of the packed items. El

is named the efficiency ratio of the
item being packed.

The heuristic for VBKP stems from the above greedy algorithm for CVBKP. The heuristic also
picks items in the order of decreasing efficiency ratios. After picking each item, the algorithm
calculates the current total wight 2o, and stops picking If G},_(Z) is greater than the efficiency ratio
of the next unpicked item, where Z represents the current total weights of the packed items. For
example, suppose G(z) is linear in z with slope py, then we can simply select all items whose
efficiency ratios are no less than py.

Nonetheless, the heuristic may fail for the VBKP even when G,(z) is convex increasing. As
a counterexample, consider the case in which we have two items, with v; = 11,u; =1 and v, =

21.5,us = 2. Function G4(z) is defined as:

10z if 2<2
Gi(2) =

115z if 2>2

By ranking the efficiency ratios we pick item one first. Because picking item two does not change
the objective value, we can either pick it or leave it, and the objective function values are 1 in
both cases. However, the optimal solution is to pick item two only and the corresponding objective
function value is 1.5. This example illustrates that the greedy algorithm that solves the CVBKP
fails to work for problems with piecewise linear cost structures and mixed integer or integer decision

variables.
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EC.2. Proofs

We first provide the following Lemma before proving Proposition 1:

LEmMA EC.1. Point-wise mazimization (resp. minimization) or taking supremum (resp. infi-

mum) preserves monotonicity.

Proof of Lemma EC.1 Suppose f:R" x R” — R satisfies that f(z,y) > f(z,y), Vo < z,Vy. We
can show that function ¢g: R* — R defined as g(z) =sup f(z,y) is decreasing by contradiction.

Y

Suppose g is not decreasing in z, that is, 3 g(z) < g(z) for some = < z, then:

g(SL‘) zf(x,g)) :Sgpf($’y) <g(2) :Sgpf(zay) :f(Z,@\) < f(x,@)

where the second inequality follows from the property of function f(-). However, f(z,9) < f(x,7)
contradicts with § being the minimizer of sup, f(z,y) = g(z). Therefore, point-wise maximization
(or taking supremum) over decreasing functions preserves monotonicity.

Similarly, suppose f:R* x R" — R satisfies f(z,y) < f(z,y), Vo < z,Vy. We can show that
function g : R* — R defined as g(x) =sup, f(x,y) is increasing by contradiction.

Suppose ¢ is not increasing, that is, 3 g(x) > g(z) for some x < z, then:

f(z737) > f(yc,ﬂ) :Sgpf(x7y) :g(aj) >g(2)

contradicts with g(z) =sup f(z,y) > f(z,y). Therefore, point-wise maximization (or taking supre-
Yy
mum) over increasing functions preserves monotonicity.
The proof for point-wise minimization or taking infimum preserves monotonicity is similar, thus

is omitted here. [J

Based on Lemma EC.1, we can prove Proposition 1, which states the monotonicity of the value-
to-go function, as follows:
Proof of Remark 1

(Part (a) & (b)) Firstly, we show part (a) and (b) by mathematical induction. To simplify the
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notation, assume we are in period 1, so the last period in the planning horizon is period T'.

When we are in period 7', recall the boundary condition: J7_ , (Spy1) =0 for all Sryq, thus,
Vi (Sr, Xr)=0= T7;+1(S¥,XT) =0 for all (S, X7) and for all (S5, X,), thus we can say that
V7, is increasing in g, and g7 . As a result, the optimal total cost in period T, given the state in

period T being St is:

Jr (S7) = H)%ITH [Cr(Sr, Xr) + (a7, 7r) +Ea, [(AMg7 +dr —u®) VO, pr)|Sr, X1 ]
st (1)— ()

G

Note that for any feasible Xr, the electricity cost term Cr(Sr,Xr) is increasing in z¢,

which is in turn increasing in gq;. Because the second term is linear in g5, and m; = 0,
and g7 is increasing in g;, the second term is increasing in q, as well. At last, because
Eq, [((g} +dr —u®) V0, pr)|Sr, X7] is increasing in g, the last term is increasing in g,. Then
it follows from Lemma EC.1 that J; (S7) is increasing in g;. It also follows from the fact of g,
being increasing in q7_, that J; (S7) is increasing in g7 _,.

Then, suppose J;,; (Si41) is increasing in g, ;. In order to calculate J; (S;), we need to first

calculate the value-to-go function:

Vi (S5, X)) =B, [J501 (Si1) |0 X
=Ew, [‘]t*—&-l (qt+17bt+17Ht+1) |St7Xt}

=Ew, [Jin (M@ +do) Aus, (67 +07 (L by, rt, 7)) AT€)  Hos) [Ho, X

We first note that g, , is increasing in ¢;¥. Because ¢} is increasing in g,, and taking the expectation
of J;,,(-) over W, is essentially taking a convex combination of increasing functions of ¢;¥ (and g,),
which preserves monotonicity, XN/t’;l(StX,Xt) is increasing in g;* (and gq,),that is, Part (b) holds.
Following from previous proof, C;(S;, X;) is increasing in q,, while (g;,m;) as well as
Eq, [((A'gX +d; —u®) VO, p;s)]S:, X;] are increasing in q;* (and q,). Therefore, the sum of the

terms in the objective function are increasing in g,. Then, applying Lemma EC.1, we obtain that
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J;} (S:) is increasing in g,, that is, Part (a) holds.

(Part (¢) & (d)) Let S; = (q,,b:), S; = (q;,b: + €). In order to prove part (c), we need to show

J;(Sy) = J(S}) for € > 0. It can be verified that:
Ji(S) < J7 (S) — (1, €)pi(—(1,€)) < J7 (Sy)

where the first inequality comes from the fact that selling the difference in storage is feasible, but
not necessarily optimal. Note that (1,€)p;(—(1,€)) is the upper bound on the profit from selling
the difference. The second inequality follows from the fact that —(1,€)p;(—(1,€)) <0. Therefore,
Part (c¢) holds.

Part (d) can be verified via the following equation:
‘Z:—l(StX’ Xt) = EWt [‘]t*+1 (((Alth + dt) A uc’ (b;tx + GJ(lh b;fxv Tuv ,rc)) A T,c) 7Ht+1) |Ht7 Xt] .

Since J;,1(Si41) is decreasing in b,yq, which is increasing in b;", which is in turn increasing in by,

part (d) holds. O

Proof of Proposition 1

Firstly, we argue that the complexity can be further reduced through a reduction in the dimension
of the decision space. To start with, we first show that there is no incentive to reshape the storage
levels of storage devices. In other words, when operating under normal conditions, the EMS chooses
to charge (discharge) one storage device if and only if it decides not to discharge (charge) any other
storage device. The incentive of reshaping the storage level profile only exists under the following
condition: we expect to have massive charging (discharging) in the future that requires higher
charging (discharging) rate, but those storage devices with high charging (discharging) rate are
near full capacity (empty), hence we want to reshape the storage levels so that the near full capacity
(empty) ones will have sufficient capacity remaining (energy available) to be charged (discharged).

However, it is never optimal to reshape the storage level profile, simply because charging and



ech

discharging will cause loss of energy due to charging/discharging efficiency. For example, if the
current solution is to charge device 1 with d; (d; < 0 representing charging) and discharge storage 2
with d; (02 > 0 representing discharging), then charge both with a total of |0; + 02| when d; +d, <0
(or discharge both with a total of §; + d, when d; + d2 > 0) is a strictly dominant solution.

In fact, the above discussed condition, under which reshaping is desired, can be avoided. Following
from the same reasoning as presented in subsection 3.4, we can first determine the total amount
of charge or discharge, then solve for the allocation problem in alignment with the operating goals
of the storage devices. In other words, we can peel the allocation of the total charge or discharge
among storage devices off the optimization problem, and the allocation is chosen by either a pre-
determined function or a separated optimization module. For the ease of exposition, we perform
change of variables by defining y, = (1,2/), and ¢, = -~ (z} ", ¢,), where " is the optimal allocation
given the total is y;. Furthermore, it is not hard to check against Proposition 1 that ¥, <0.

We prove the first half of Proposition 1 by contradiction. Suppose (', x!); < (¢!, x!),, and
Gi((!,2l)1) > Gi((¢!,xl);). Denote the optimal discharging decisions for G.((¢!,z!);) and
Gi((t,xl),) as (xfy,2N*) and (zfy, 2X*), respectively. Next, construct a feasible solution (), z})

for input (!, 2!); as follows:

x), = xly
rfl = iy — (W xl)e + (2l

then clearly:

Gi(("zi)1) < aipe (af) + (b — )
< CUg*Pt ($g*) + (¢, by — mi{;>
= Gi((t,z))2)
< Gy((",2])1) (contradiction)
where the first inequality holds because (z},zY) is feasible but not necessarily optimal, and the

second inequality holds because p; is increasing and x¥ < z*. The result conflicts with the assump-

tion, hence G; must be increasing when p; is increasing.
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Next, we proceed to prove that G;((¢!,!)) is convex increasing in (¢!, z!) under the two condi-
tions described in Proposition 1:
[Part (a)]: If py(-) is an increasing stepwise function, then there exists some j € {1,2,...,l}, such
that p/ ' < —1, < p!. Then:

(1) if (o!,2!) —y, <, then there exists 0 < d, < b} +y, — (!, z!), such that lowering y, by J,

(equivalently, charging more or discharging less) reduces the objective of (7) by:

U0y + (' 2]) — g+ 6,) pe ((Uoxf) —ye +0,)

— (" !y —ye) pe ((Foxf) —y1) Sy +6,p1 1 <0,

where the first inequality results from p,((t!,x!) — ;) < p!~", and the second inequality follows
from p) ' < —4),. Thus, reducing y, whenever (!, =) —y, < b’ decreases (7);
(2) if (!, 2!) —y, > b/, then there exists 0 <, < ({¢!,2!) —b] —y,), such that increasing y, by

d, >0 (equivalently, discharging more or charging less) decreases the objective of (7) by:

_djt(sy + (<L17m7{> — Y — 5y) Dt (<LI,33]{> — Yt — 5y)

— (")) =) pe (U 2)) — ) < =100, — S,p1 <0

where the first inequality holds because p;({¢!, z!) —y,) > p!, and the second inequality comes from
—1p; < p]. Thus, increasing y, whenever (!, x!) —y, > b’ decreases (7).

Therefore, setting y; so as to let (', x!) —y, be as close to b/ as possible minimizes the objective
of (7). Note that it may not be possible to have (¢!, 2!) — v, equals to b].

In addition, increasing (¢!, x!) increases G;((¢!,x!)). Plugging in the above results, the one-

dimensional directional derivative of G;((¢!,x])) satisfies:

hn% Gi((tfx)) +€) = G((LF, x)))
e— €

Pk, if (W &l) —miny < b, for k such that bf < (o!, &) — miny < b
yEVt yeVt

=19 —qp,. if (I, 2!) —maxy <b < (', 2!) —min
"Z)tv < ’ t> yeyty_ t—< ) t> ye)ity

pk, if (), 2!y —maxy >b], for k such that b¥ < (o, &!) — maxy < bF*!
ISMY IS

\
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where it can be verified that the directional derivative is increasing. Since G.((¢!,z!)) is
continuous and is a real function, it is convex in (¢/,x!). Moreover, since p;(-) is increasing,

Gi(( !, x])) is increasing in (¢!, x!).

[Part (b)]: if p;(-) is a twice-differentiable convex increasing function, and p/(z¢) =0 for all z& <0,
then first of all:

ddy? (o0 (ol — ) - (&l — )

= 2]7; (<L17mtj> - yt) + (<l’17$£> _yt) p;/ (<Ll7mtI> - yt)

Then the objective of (7) is convex, because p;(z¢) is increasing convex, and p}(zf) =0 when
¢ < 0. From the KKT conditions, we can verify that the optimal solution y;, which we denote by
yr(x), satisfies:

min if miny >y ((/, 2]

ven ! vev 0 U (s :))

vi(@) =9 ((oel))  if miny <yf ((/,2])) <maxy

YEVL YyEVt
. 0(/,1 I
max if maxy < LT
ik Yy prih Yy<y (< ) t>)

where y? ((¢!,x!)) is the solution of equation
(y— (" 2)) P, (¢ m0) —y) —pe ((F,2) —y) = .

Denote milliay as y and maxy as Yy, Then, applying the Envelope theorem, we can calculate the
YyEVt - YyeEVt
derivative of G, ((¢!,x])) over (!, x!) as follows:

et Gl )
((fz)) =y (hzl) —y) +p((haf) —y) iy >u) (O )
= ~, if y <y ((,2)) <7
((hal) =ppi(hal) =9) +pe((xf) =) iy <yl ((Uyzf))
Since in all cases the derivative is non-negative, G,({¢!, x!)) is increasing in (¢!, z!). Furthermore,

based on this result, one can verify that the second derivative is non-negative. Therefore, since
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Gi((t!,xl)) is a real function, it is convex, given p;(-) is a twice-differentiable convex increasing
function with p}/(z) =0 for all x <0.

It is worth noting that, increasing condition of p,(x%) alone does not suffice to provide convex
G, ((",xl)). For example, assuming that p,(z¢) is twice-differentiable, and let y* be the optimal
solution to (7), then by the Envelope theorem, the second derivative of G;({¢!,2!)) can be written

as:

82 * * *
e G xl) = 20 () — ) + (@) — v )l () — o),

ot zy)
which implies that the convexity of G;({¢!,2!)) depends strongly on the shape of p;(z%). As a
final remark, it is noteworthy that part (b) cannot be readily obtained using the preservation

result of convexity under minimization as p;(x¢)z¢ is not necessarily convex. [J

Proof of Corollary 1

Let p;':R — 2% denote the inverse mapping of the average-price function p,(-). Since p,(-) is
continuously increasing, p, ' (p) is closed and convex, that is, p; '(p) defines a closed interval on R
for any given average price. Without loss of generality, let p; ' (—(;) = [h, h], and let the discharging
decision be z.

If (/' x!) — x < h, lowering = by 0 < J, < (h+x — (¢!, x])) changes the objective function (7) by:
Cido + (¢ @p) — 2+ 0)pe (s f) —w+6,) — (/s zf) —2)p, (/) —2+6,)
<(0p 4+ (—G)d.=0
Similarly, if (¢!, 2!) — 2 > h, then increasing = by 0 < d, < (¢!, x!) — x — h changes the objective
function (7) by:
=G+ () — 2= 0 )p(( ) — 2 = 8) — (Vs zf) — 2)po (U, @) — 2+ 0a)

At last, when ((¢!,x!) — z) € [h,h],  obviously minimizes the objective function (7), and that

completes the proof. [
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Proof of Remark 2

We first show that the decision problem of the variable budget knapsack problem is NP-complete
by proving that it is in the class of NP, and by showing that the knapsack problem (KP) reduces
to variable budget knapsack problems in polynomial time.

a) We first show that the problem is in the class of NP. Consider the decision version of the
problem: whether a certain payoff, defined as the total value of picked items subtracting the cost
of budget, can be achieve while satisfying budget constraint.

Under the certificate-based (or verifier-based) definition of NP, because the certificate consists
of a realization of the decision on picking the items x! and a realization of the budget decision z,
which less than the sum of weights of all items, the certificate is polynomial in the size of input,
which is determined by the items and their weights. Since (1) the certificate checking algorithm
that verifies the sum of electricity demands of task is with x], =1 being less than or equal to the
budget takes O(|Z|) operations, and (2) the algorithm that calculates the sum of the valuations of
these items (which takes O(]Z])) subtracting the cost of the budget takes polynomial time because
the cost of budget can also be evaluated in polynomial time, the whole verification takes polynomial
time, hence the problem is in the class of NP.

b) To show the decision form of VBKP is NP-complete, we show that the KP reduces to the

VBKP in polynomial time. Consider an arbitrary KP:

z
(P1): max Zwixi
i=1

z
=1
zef0,1}, VieT

where Z is the set of candidate items. {w};cz and {q};cz are the values and weights of the items,
respectively. Z is the capacity of the “knapsack”. We construct a corresponding instance of the

VBKP as follows. Let the convex cost function G(z) take the ensuing form:

0 ifz<”Z
G(z)=

oif z>7
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Next, setting the weights and benefits of the items to be the same in this problem as in KP, we

have the following VBKP:
z
(P2): max Zwi:pi - G(2)
i=1

T
s.t. Z%’l‘i <z
i=1
x; €40,1}, Viel

z>0

It remains to show that problem (P2) is equivalent to problem (P1). In (P2), the budget z never
exceeds Z, because if z > Z, and whenever the budget constraint Zil ¢ix; < Z of problem (P1)
is violated, the objective of (P2) goes negative infinity. When the budget is less than or equal to
Z, G(z) equals to zero, hence the objective functions of problem (P2) and problem (P1) are the
same. Therefore, it follows that the optimal solution of problem (P2) solves problem (P1).

Lastly, since the construction of problem (P2) takes O(|Z|) time, we conclude that the KP reduces
in polynomial time to VBKP. As a result, the decision problem of the VBKP is NP-complete.

Then, since it is obvious that the VBKP is reducible to VBPCKP, the VBPCKP is NP-hard,

and that completes the proof. [

Proof of Proposition 2

The proof of the first half of Proposition 2 follows directly from the Principle of Optimality, while
the proof of the complexity of the algorithm being pseudo polynomial when weights can be scaled
into integers is rooted in the proof of the pseudopolynomial time algorithm for knapsack problems.

Due to its straightforwardness, the detailed proof is omitted. [J

Proof of Proposition 3

*

According to the definition of policies p* and pu, decisions X{* (S;) and X{'(S;) are the one-step
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optimal solutions to problem (P) and the approximate problem (P’) when we are at state S;.
Moreover, we have:
E, (Sth#(St)) + T (St,Xf(St)) <E, (StthM* (St)) + T (SthM* (St)), (EC.1)
because policy y is optimal for the approximate problem (P’). And similarly:
By (Sy, XE(S0)) 4 T (S, X1(S1)) = Ei(Si, X (S)) + Doga (Si, X2 (Sy)). (EC.2)
Re-organizing inequalities (EC.1) and add to both sides the term T'yiq(S;, X/'(S;)) —
I}+1(Eﬁ,}(f*(éﬁ)),\ve obtain:
Ey(S1, X1(S0) + Lo (S0, X1 (S0)) = (Bu (S, X1 (S1)) + T (81, X1 (1))
= Jr(S,) — JI" (S
(Se) = It (1) (EC3)
<T'i (Sn Xt (St)) I (Sn Xt (St)) I (Su Xt“(st)) + 1 (Sm Xf(St))
<2||Teyy (St; Xt) —Ti (St; Xt) [loo
Similarly, subtracting inequality (EC.1) from (EC.2) and reorganizing the terms yields the following
inequality:
Tt (S0 X (50)) = Do (S0, XE(S0) = Do (S0 X2 (80) —Tora (S XE(S)) (BC.A)
Then, we can tighten the bounds obtained from inequality (EC.3) based on the signs of both sides
of inequality (EC.4):
- if Ft+1(St,Xt“* (St)) — Ft+1(St,Xf(St)) > 0, then the upper bound of J* (St) - Jt“* (St) can be
tightened by the following inequality:
() = 7 (S0) < Tewn (S0, X2 (S0)) = T (S0 X1 (S0))llow
- if T2+1(5a,)(f*csg) ——T§+105h}Yf(£ﬁ)) < 0, then the upper bound of,]“(fh)<— Jf*(fh) can be
tightened by the following inequality:
T(8e) = JE(Se) < ITupa (S X2 (S1)) = Tog (S, XL (S))) e
- otherwise, the upper bound of J* (St) — Jt“* (St) can be rewritten as:
JH(Se) = T (St) < ITess (St X1 (S0)) = Do (S XL (S0)) ) e

+ ||ft+1 (ShX#* (St)) *ft+1 (Sth#(St)) ||00 U
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EC.3. Updating Rule and Exploration Rule

In this section we illustrate the updating rule used in the proposed solution approach. Suppose
we are in iteration m and period 7 with ¢ <7 <t + T — 1. The latest coefficient tuple associated
with the value-to-go approximation is then eﬁ””. We need to first solve problem (P’) with ©(™).

(m+1
1

Next, we update the coeflicient tuple, denoted by ©." ). At last, we proceed to the next period
according to a sample path indexed by m, Wim). We first discuss the coefficients updating rule.
Essentially, the sample-path-based approach for estimating coefficients @Em) associated with the
approximate problem is rooted in stochastic approximation theory (Robbins and Monro 1951). The
theoretical foundation is later enriched by Kiefer and Wolfowitz (1952), Blum (1954), Dvoretzky
(1956). In this paper, the coefficient updating procedure follows standard stochastic gradient lit-
crature, see for example Kushner and Yin (1997). Recall that ©{™ o (0™, ¢{™ ni™). Define the

loss function E(@Em)) as follows:

2

(S) 1 = m =
o ]E|:Ft+l(‘5’tx;®i(t ))_Ft—H )

£Om)= 5
where Ty, (S;¥; ©!™) is the sum of the approximate discomfort from lost arrivals Li(q;0] 0
and the value-to-go approximation Vtﬂ(qf(,btx :0,,¢,,m.), while ftﬂ is the sum of the realized
discomfort from lost arrival L, and the realized value-to-go ‘A/Hl that result from Xt(m) following a
sample path. The goal of updating the coefficients is to minimize E(@Em)), and we rely on stochastic
gradient methods.

There exists a relatively strong temporal correlation in the context of demand-side energy man-
agement. To propagate more efficiently the effect of taking a specific decision at later periods back

to the value of being at a particular post decision state, we apply Temporal Difference learning

(Sutton and Barto 1998, Powell 2007). Specifically, for all t € T

)
6" = max {0, 6™ —~,, Z )\TtDqu(}

{r>t: T€T}

R CEEETED SRR (BE9)

{r>t: T€T}

" =™ Y NTD;

{r>t: T€T}
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Run | Price (8) | Generation (kWh) | Arrival Rates | Storage (kWh) | Discomfort ($/kWh)
Pavg Pspd | Javg Gspd davg  dspa | Te  Ta(=ra) | T p L

1 03 025] 0 0 0.55 0.45 4 2 0.05 0.15 50

2 0.3 025| 0 0 0.55 0.45 4 2 0.05 0.15 0.75
3 0.3 025| 0 0 0.55 0.45 4 2 0.05 0.4 0.75
4 0.3 0.25 0 0 0.55  0.45 4 2 0.25 0.5 0.75
5 0.3 0.25]0.75 0.5 0.55  0.45 4 2 0.05 04 0.75
6 0.3 025| 1.5 0.5 0.55 0.45 4 2 0.05 04 0.75
7 0.3 0.25 0 0 0.55 0.15 | 4 2 0.06 04 0.75
8 0.3 0.25 0 0 0.3 0.15 4 2 0.06 04 0.75
9 0.3 0.25 0 0 0.55 0.45 8 4 0.06 04 0.75

Table EC.1 Summary of the Settings of the Representative Runs
where D is the typical temporal difference term, defined as follows:

DT EfT(Sf; Gg—m)) - {ET—l + CT(‘ST:XT) + UT(STaXT) —ZT(qf; 0N(m)777/r/(m)) +f7+1(8§+1; 9(7?)1)]

T

We use the Harmonic stepsize rule, v,, = v/(v +m — 1). Appropriate ~ is chosen to ensure
convergence. A € (0, 1) is an artificial factor that discounts temporal differences further along sample
paths. The stepsize satisfies the basic conditions for convergence of the stochastic gradient method
(Kushner and Yin 1997). Moreover, a modified mixed exploration strategy is applied. The rate of
exploration is a piece-wise linear function p(m), where m is the iteration index. We set p(m) in a
way such that the algorithm explores more states at early iterations, then exploits the collected

information at later iterations.

EC.4. Numerical Study Settings and Results: Tables and Figures
Table EC.1 summarizes some representative parameter settings, while Table EC.2 summarizes the

estimated total costs of the four policies on the these runs. Figure EC.1 provides the mean absolute

percentage error of ADP, MYO and TRD against EXDP.

References
Blum, Julius R. 1954. Multidimensional stochastic approximation methods. Annals of Mathematical Statis-

tics. T37-744.
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Run EXDP ADP MYO TRD
Cost Discomfort Total | Cost Discomfort Total | Cost Discomfort Total | Cost Total
1 -0.6 5.0 4.3 0.3 4.1 4.4 0.2 4.8 5.0 | 13.3 13.3
2 1.1 3.4 4.6 1.3 3.3 4.6 0.8 4.5 5.3 | 13.2 13.2
3 1.8 6.2 8.0 2.3 5.9 8.1 1.6 7.7 9.3 | 129 129
4 9.3 2.2 11.5 | 10.0 1.7 11.6 | 5.0 10.0 15.0 | 13.0 13.0
5 0.2 6.4 6.6 1.1 6.0 7.1 -0.2 7.9 7.7 | 114 114
6 | -2.2 6.6 4.4 | -0.9 6.0 50 | -2.7 8.0 54 | 9.0 9.0
7 2.0 6.2 8.2 3.1 5.3 8.4 1.1 8.0 9.2 | 124 124
8 1.6 3.2 4.8 3.6 1.8 5.9 0.9 5.2 6.1 7.7 7.7
9 0.8 6.3 7.2 1.5 5.8 7.3 2.0 7.7 9.6 | 13.1 13.1

Table EC.2  Summary of Results of the Representative Runs (Units: $)
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Figure EC.1  Mean Absolute Percentage Error (MAPE) of ADP, MYO and TRD
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