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A. Proof of the Main Results
Proof of Lemma 1

To decompose the aggregator’s total profit from all RECs into the value function of each REC,
we expand the function f(X,S;, A;) within the value function V;(X,,S;). By using equations (2)
and (3), the value function V;(X;,S;) in (4) can be expressed as below:

N  kn ko
‘/t(Xta St max{ Z Z Qn,r, e Y (t—1) T z(ln,kmt - an,kn,t)B,Y(tfkn) + Z aO,T,tPt,Y(t—T)

well
n=1 =0 T=kn+1

+50Et[vt+l<xt+1,st+l>\xt,st]}. (A1)

We now express the above using the individual value functions defined below. First, we define
the aggregator’s value function vg ;. (i0 -+, P;), where it represents the aggregator’s expected profit
under the policy that maximizes the value of its own RECs with vintage 7. Hence, we can express

V0,7t (0,71, P;) as follows:

/UO,‘r,t(iO;r,ta -Pt) = o tnel[%)z% g {CLOJ,t-Pt,Y(tT) + 0oy [Uo,r+1,t+1(io,7+1,t+1, Pt+1)|R&a aO,‘r,t]} Vt, VT,
o (A.2)
Uo’k0+1’t(i0,k0+1’t7 Pt) =0 Vt (A3)

Further, we define the aggregator’s value function vn,Tyt(in,T,t,Rm,Pt,E) for generator n’s RECs

with vintage 7 as below.

vn,T,t (in,T,tu Rn,tv Pt7 Pt)

= max {aan,T,tPt,Y(t—T) + 0olE, [Un,7+1,t+1(’in,f+1,t+1, Rn,t+17 Pt+17 Pt+1)’Rn,t7 P, an,T,t]}

a’n,T,te[Rn,T,ti’n,T,t7in,T,t]
Vn,Vt, VT e{l, -k, — 1}, (A4)

vn,kn,t (in7t7/€n ) Rn,h Pt7 Pt)

= max Qi kot Loy (1 k) = (et = Qe ) Py (- k)
an,kn,tG[Rn,‘r,ﬂn,f,tvzn,kn,t]

+ 50Et [UO,kn+1,t+1(in,kn,t - a/n,kn.,ta Pt—i—l) ‘Rn,ta Pta a‘n,kn,t] } vn7Vt (A5)
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Finally, to express the value function of RECs yet to be issued, we use Vt(Xt,(_f) by changing the
inventory S, to zeros 0 in Vi(Xy, Se).

Next, using the property that the maximum value of a sum of elements is less than or equal
to the sum of the maximum of each element, it follows that the expected profit under the policy
for the all RECs is less than or equal to the sum of the expected profit under the policy for each

generator’s or aggregator’s RECs. Thus, we have the following:

N  kn ko
Vt(Xt, St) < Vt(Xta 6) + Z Zvn,r,t(in,r,m Rn,t7Pt7Pt) + Z UO,T,t(iO,T,tv Pt)-
n=1 =0 T=kn+1

We note that the policy optimizing the management of separate RECs is a feasible policy for
the aggregator. In addition, V;(X;,S;) in (A.1) represents the outcome under the optimal policy,
which maximizes the expected profit across all feasible policies. Then, V;(X;, S;) is at least as large

as the value under any feasible policy. This implies:

N kn ko
‘/t(Xty St) 2 ‘/;(Xta O) + Z Z Un,r,t(in,'r,ta Rn,t7 P757 Pt) + Z UO,T,t(iO,T,ta Pt)
n=1 =0 T=kn+1

From the above inequalities, we therefore conclude that

N kn ko
‘/t(Xta‘S’t) — ‘/t(XhO) +szn,r,t(in,‘r,taRn,taptapt) + Z U(],T,t(i(),'r,tapt)' (AG)
n=1 =0 T=kn+1

This implies that the value function V;(X,, S;) at any day ¢ in (4) can be decomposed into two main
components: the value of RECs yet to be issued, V, (X, 5), and the values of RECs already issued,
which includes both the generators’ individual RECs, vy, ;. +(in ¢, Ry t, P, P,) and the aggregator’s
own RECs, vg ,4(i0.r4, Pr). O

Proof of Lemma 2

As mentioned in Lemma 1, the value function V;(X,, S;) in (4) can be decomposed into two parts:
the value associated with RECs yet to be issued and the value corresponding to RECs already
issued at day t.

Now, we show that there exists an optimal policy for vg , (i r.¢, P:) and vy » t(in 7. Ruis Pry Py),
where the optimal action aj,, for all 7 and ¢ is either 0 or i;,, where j € {0} U{l,---,N}. We
prove this by induction.

We start with the aggregator’s own RECs. If 7 = ky, it is straightforward to see that

V0,k0,¢ (10,k,t> P¢) 18 G019t P2 v (1—1o) Dy the optimal action 5 kot = 10.ko.t TOT all 2.
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3
If 7 =ky— 1, then it follows that
Uo,k0—1,t(io,k0—1,t, Pt) = max {ao,ko—l,tpt,Y(t—k0+1) + 0o, [io,ko,t+1Pt+1,Y(t—k0+1) ‘Pt, ao,r,t]}
a0,kg—1,t€[0,%0,kg—1,t]
= max {ao,kol,t (Pt,Y(tkaH) — 6K, [Pt+1,Y(t7k0+1)|Pt])
a,kg—1,t€[010,k0—1,t]
+ 00 ko—1,600 Bt [Prt 1,y (t—ko+1) ’Pt]}- (A.7)

We note that the function to be maximized in (A.7) is linear in agy,—1+, and thus the opti-
mal action ag, _,, =0 if (Pryt—ko+1) — 00E[Pri1 v (t—ko+1) | P2]) < 0; otherwise, A0 ko—1.6 = 10,k —1,¢-

Therefore, we have

Uo7k0—l,t(i0,k0—l7tapt)

_ G0,k0—1,600 Bt [Prr1,y (t—ko+1) [ P2)s i Pry(t—kot+1) — 0B [Pit1,y (t—ro+1)| Pr) <O
10,ko—1,t P4,y (t=ko+1)> if Py (t—kot+1) — 00Ee[Pit1,y (t—ko+1)| P) =0

(A.8)

It is important to note that the value function (A.8) is linear in inventory level i y,_1, regardless
of the action. Hence, it follows that vo x,—1.t(%0,k0—1,6s Pr) = Cokg—1,¢ * t0,k9—1,t, Where Cyro—1+ and

Co k., are respectively defined as

CO,kofl,t = max {Pt,Y(tszOJrl)» Iy [Pt+1,Y(t7k0+1) |Pt]}a (A,Q)

and

Cokot = Pry (t—kp)- (A.10)

Lastly, we consider 7/ that lies in 1 < 7/ < ky — 2. Assume that, for 7 + 1, the optimal action
A0 7/ 4101 18 either 0 or 4y /11,411, and that the value function vg ,/11,¢+1(%0,7/ 41,441, Pit1) is linear in
inventory level given by Cy ;741141 - %0,+/+1,t+1- In addition, we can express Cy ;741441 In & recursive
form as

Co;'+1,t+1 = max{—Pt—i-l,Y(t—‘r’)a 5O]E[CO,T’+2,t+2’B+1]}7 (A-ll)

and confirm that this does not depend on ag ., DnOr 4o, 41,41. Hence, the value function

Vo, (70.+ 1, P;) can be expressed as follows:

U(),T’,t(i(),f’,ta Pt)

= max {0, 4Py (t—ry + 0Bt [Co rr 41,141 - (0,774 — Qoo )| Py, 0,77 4]}
aO,T’,tE[O’ZO,‘r’,t]

= max {aO,T’,t (Pt,Y(tfr’) - 50Et[C0,T/+1,t+1|Pt]) + io;',t(soEt [CO7T/+1,t+1‘Pt]}' (A'12)

aO,T/ ,t € [O7i0,r’,t]

In (A.12), the optimal action a; ., , is given by either 0 or iy, , depending on the signage of

(Pryt—ry — 00E¢[Co 71 41,041|P,]). In addition, we verify that the value function v . ¢(ig,. ¢, P;) can
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be expressed as C ¢ -ig . + where Cp -/, = max {Pt,y(t_T/), 50E[COVT/+1,t+1\Pt]}. Hence, using induc-
tion, we have shown that there exists an optimal policy in vy ,; where the action ag , , for all 7 and
t are either O or ig ;.

We next consider the generator’s RECs. We show the existence of optimal policy in
vnmt(inmt,Rn,Tyt,Pt,Pt), where the actions are set to either 0 or %, ,,. We have already showed
that v, (io.r.e, P;) =071 - Cors. Then, using equation (A.5), we express vy g, i (inpn .t By Pry Pr)

as below:

Un,kn,t(ln,kn,ty Rn,t7 Pt; H)

- max { G oy (aPt,Y(tfkn) + pt,Y(tfkn) — 8Bt [Co kn 41,641 ’Pt])

A ko t €[ B tin, 7 tsin, oy, 8]

i ot (B0Eu[Coror.esa | PY] — Pt,mkn))}. (A.13)

In equation (A.13), we can see that v, . ((ink,.ss Bos, P, P,) determines the action between
Ry i ttnkn,t O ink, . depending on the signage of (P y(1—k,) + E’y(t,kn) — 00E:[Co k1,041 Pe])
in (A.13). Since R, , . is a binary variable, it is straightforward to see that the optimal action
ay i, .+ is set to 0 or i,y ;. Furthermore, since the optimal action ay, ;. . i8 Ry k, tin k.t OF Tk, i

we note that v, k, ¢(4n.k, 0o Bty Pry Pr) 1 linear in i, 5, ;. Then, defining Z,, . ; as

Zn,t,kn = maX{OlPt,Y(tfkn), (1 - Rn,kn,t)(50Et [CO,kn+1,t+1 |Pt] - E,Y(tfkn))}y (A-14)

we have

Un,kop ot (’Ln,kn,h Rn,ta }Dta Pt) = Zn,kn,t 2N T

We now verify that the optimal actions in v, »(in.r.¢, R, P, P,) is set to either 0 or i, ,, using
induction. Consider some 7’ that lies in 1 <7’/ <k, — 1. Assume that, for 7/ + 1, the optimal action
Ay 141441 18 €ither 0 or 4, /4111 and the value function Vet tie1 (inerstia1y Rty Prvty Prg) is
linear in inventory level as Z,, /41 41 * i /41,441 Where Z, /11411 does not depend on a, /41 ¢+1
and %, ;741 441

Using equation (A.5), we can express vy, 7 (in, .t; Rut, Pr, P;) as below:

Un,‘r’,t(in,T’,h Rn,t? Pta B)

= max . {aan,r’,tpt,Y(tT’) + 5O]Et [Zn,‘r’+1,t+l : (Z'n,‘r’,t - an,T’,t) |Rn,ta Pt7 an,T’,t] }
an,T/,te[R7L,T/,t7’n,7’,t’1n,7’,t]

= max _ {an,T',t (aPt,Y(t—'r’) - 50Et[Zn,T’+1,t+1‘Rn,t7 Pt])
an,‘r’,te[Rn,T/,tln,T/,t’ln,‘r’,t

+in 1008 [ Z v 10401 | Rt Pt]} (A.15)
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From this, we find that v, (i 4, R, P, Pt) determines the optimal action between R, ./, and

in,. ¢ That is, since R, ,; is a binary variable, the optimal action is either 0 or i, ,/, for any n, 7

*
n,7,t

and ¢. Hence, we have shown that there exists an optimal policy in v, ., where the action a for
all n, 7, and ¢ are either O or 4, ,,. Furthermore, from equation (A.15), we obtain that the value
function v, ;¢ (in.r¢, R t» Piy P;) can be expressed as Z,, ;. ;- iy -+, where Z,, , , = max{aP,y ), (1 —
Ry 7t)00Be[Zn ri1,041 [ R, P}

Therefore, there exists an optimal policy such that the actions aj , for all 7 and ¢ are set to

either 0 or i; ., where j € {0}U{l,--- ,N}. O

Proof of Proposition 1

Under the Immediate Transfer service, the aggregator only manages the transferred RECs. Con-
sequently, the value function can be expressed as V,(X;,S;) = Vt(Xt,G) + Zfozo vo,rt(t0.r1, ). In
the proof of Lemma 2, we establish that, for all £ and 7, the optimal value function is given by
V0,7t (G0,rt, Pt) = i0,7,+Co,7,, where Cy ., is defined in (A.11). The optimal action ag ., is determined
by the signage of the term P, — §E[Co ;41 141|P)-
Next, we prove that Cy ;> Coa > -+ > Co 14 > Oy 1, holds for any given ¢, using induction.
For any t', if 7 = ko, we know that Cy , v = Py y(#'—k,) from the proof of Lemma 2. If 7 =k — 1,

then we have

Co, k-1, = max{ Py y (1 —kg+1) 00 e [Pr 1,y (¢ —ko+1) | Pr]} > max{ Py y (1 k), 00t [Prri1,y (¢ —ko+1) | P ] }

> max {CO,kO,t’a dolE, [Pt’Jrl,Y(t’fko+1) |Pt’]} > Co,ko,t/- (A-16)

Suppose that, for some 7’ that lies in 1 < 7" < kg — 2 for any t, Cyp i1y >
Co,rrq240 2> -+ > Cp gy holds. From (A.11), we have Cy ./ v = max{Py y -, 60E[Co 41,041 Pr]}
and CO,T’—i—l,t’ = ma’X{Pt/7Y(t/—T/—l)760E[CO,T/+2,t/+1|Pt/]}' Since Pt/,Y(t/—T/) > Pt/,Y(t’—T/—l) and
Corr1,041 > Coriq2p41, it follows that E[Co 414141 Pr] > E[Co rr42,041|Pr] and Co rrp > Co 1414
holds. Therefore, by induction, we conclude that Cy ;¢ > Cp oy > -+ > Cp i, holds for any given
t.

In the proof of Lemma 2, the coefficient of ag ., in the value function v , (i, P;) in (A.12)
is given by (P y (1—r) — 00E[Co r41,141|P]). Since Cy ., is non-increasing in 7, as established above,
the coefficient (P y (1—r) — 00E¢[Co r41,41|F;]) is non-decreasing in 7€ Qg .

To determine the optimal bidding policy for RECs in {2 ; , under the Immediate Transfer service,
we define 75, as the minimum 7 with compliance year y such that this coefficient becomes non-

negative. Specifically, we define Té‘}tfy as

7'64;::[} = miH{T|Pt7y — (SoEt [0077—_;,_17,54_1 ’Pt] Z 0, TE QO,t,y}
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. Given that the coefficient is non-decreasing in 7, the value for RECs with compliance year y does

not take negative values once it exceeds Té‘)‘g‘,y.

Therefore, for the compliance year y and threshold 75, , the optimal action is given as ag, , =0

Ax

if <7y, and af ., =i if 7> 75, O

Proof of Corollary 1

The aggregator does mnot provide a transfer service under the Spot Sales service; i.e.

0o+ (t0..t, P) =0 and P, = 0. Hence, we can re-express the value function v?_, (i, ;4 Ruy, Pry Pr)

n,7,t

B
as vn,T,t

(4nrts Ry, P;) for the Spot Sales service. Further, vﬁkn+17t(in7kn+17t,ant,Pt) =0.
For 7 = k,, the optimal action aj,,  is equal to iy, regardless of the generator’s request

B
n,kn,t

Next, we show that there exists a threshold 7.'; in the REC vintage such that the optimal

R, k- As a result, the value function v (non b Bt Pr) s given by aPyy (t—kn)in g t-

action a;, , =0 if 7 <77}, and a}, ., =i, otherwise. Using equation (A.4), the value function

n,7,t n,t?

B : .
U 1.4 (in k1,6, g, Pr) can be expressed as follows:

B .
Ve o1, (ko 1,05 Bty Pr)

= max {aan,kn—l,t(pt,Y(t—kn+l) — 0olE, [Pt+1,Y(t—kn+1) ’Pt])

U kep—1,t E{ R0 ke —1,t0m, by — 1,8 2%m, by — 1,8

+04in,kn1,t5oEt[Pt+1,Y(tkn+1)|Pt]} (A.17)

Since the optimal action is either 0 or ¢, ;,_1, as shown in Lemma 2, we note that the value
function (A.17) is linear in the inventory 4, j, 1. regardless of the action. Consequently, it follows

tha't vﬁkn_17t(in,kn—l,ta Rn,t; Pt) — aCn,kn—l,t ° Z.n,kn—l,h Where
Cn,kn—l,t = maX{Pt,Y(t—kn+1)a (1 - Rn,kn—l,t)5oEt [Pt+1,Y(t—kn+1) ’Pt]}, (A-18)

and
Crknt =Py (t—kn)- (A.19)

B
n,t,t

We now verify that v} _,(in,4, Ror, Pr) = aCyr4in ., for all 7 under the Spot Sales ser-
vice using induction. We consider 7’ that lies in 1 <7/ <k, — 2 such that the value function
7)7113,7/+1)t+1(in,'r’+1,t+17Rn,t+17Pt+1) is aC 7741 441 * Inri1.641- By using equations (A.18) and (A.19),

we denote C), ;741,41 in a recursive form as

Cn,rf+1,t+1 = maX{Pt-i-l,Y(t—T’)a (1 - Rn,7’+1,t+1)50Et [Cn,T’+2,t+2|Rn,t+17 Pt+1]}- (AQO)
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From the above and equation (A.4), the value function v5717t(in,7’,t7Rn,T’7Pt) can be expressed

as follows:

UB (in,T/,tv Rn,‘r’ ) Pt)

n,7!t

= max {aan,T’,t(Pt,Y(t—T’) - 60Et[0n,7-’+1,t+1|Rn,ta Pt])

a‘n,‘r’,te{Rn,‘r’,tin,T’,t’in,T/,t}
+ ain,T’,tdoEt [Cn,T’Jrl,tJrl |Rn,t7 Pt] } = aCn,T’,t : in,‘r’,ta (A21)

where
Chrrp= maX{Pt,Y(t—T’)7 (1—- Rn,T’,t)(SOEt [CTL,T/+1,t+1’R7L,t7 Pyl}. (A.22)

B
n,7,t

Hence, we have verified that v} _, (i, +4, R -, P;) is aC,, ; 41, -, for all 7 under the Spot Sales service.

Finally, we show that C,, 1, > Ch 24> -+ > Cy i, ¢ Since O, 1.+ = P, y(+—r) in Spot Sales service,
we know that C, k., -1+ > Piy—kn+1) = Pry(t—kn) = Cnine holds for all n and t. Since R, ,; <
R, 41+ and Piyu—r) > Py y—r41), one can show that C), ;; is monotone decreasing in 7, i.e.,
Cni1t>Cho4>--->Ch gty by induction as shown in the proof of Proposition 1.

Using the above monotonicity of C, .,, we know that the coefficient (Pyu-r) — (1 —

Rz 1)00E[Chri141| Ry, P]) in (A.21) is non-decreasing in 7 € Q,,,. Then, we define 7,77, as

TB* = min{T|Pt,Y(t7'r) - (1 - Rn,T,t)(SO]Et[Cn,TJrl,t+l|Rn,t7 Pt] Z 07 TE Qn,t,y}'

n,7,t *

Since the coefficient is non-decreasing in 7, the optimal action is a5, =0 if 7 <7727 and a}%, =
in,r+ Otherwise.

Further, since the generator n can request the sales of RECs P(R,, ., =1) >0 for any 7 and
k, is less than or equal to ko, it follows that C, ,, < Cy . for all t and 7. Given that C, ;. is
non-negative, it reaches its maximum when R, ., =0 for all 7 and ¢. Additionally, in the case
where k,, approaches ko, then C, ;, approaches Cj ;. Therefore, we conclude that C, ,; < Cy -,
holds for all ¢ and 7, which implies that 757 < T(fzy holds for all ¢ and y. [J

n,t,y —

Proof of Proposition 2

Under two scenarios s and s’, where P(R,,),rv =1) > P(Ryoy, v =1) forall t’ e {t+1,...,T} and
7, we denote C, ., for each scenario s and s’ as C,s),-,, and Cy, (s, Tespectively.

Using equations (A.18), (A.19) and the fact that R, ). = Ru(s)., it follows that C, ), . and
Ch(s'),r+ are identical when 7 is k,, — 1 or k,. Suppose that, for some 7’ that lies in 1 <7 <k, —2
and t' € {t+1,---, T}, we have Ey [Cy ), 41,0 41| R, Pr] S Ep[Crioy,r1,041| Ry, Prr]. Then, using
equation (A.22), E;[C,, ;/ +11| R+, P;] can be expressed as below:

Et [Cn,T’,t+1 ‘Rn,h Pt]

=L, [maX{Pt+1,Y(t+177’), (1 - Rn,r’,t+1)50Et+1[Cn,r’+1,t+2|Rn,t+1a Pt+1]}|Rn,ta Pt]- (A-23)
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Since Pii1y@t+1-- is identical under both scenarios and Eu[Cy(s) 41642/ Rnvi1, Pria] <
Ey [Crsry,r41,042|Rn i1, Pry1] in equation (A.23), the value of E[C), 7 141|P;, Ry 4] is determined
by R, r+1. Because P(R, ) rv = 1) > P(Rys),rp = 1) for all 7 and t' € {t+1,...,T}, it follows
that Ey [Cy ), 41| Ruw, Po] SEp[Crioryrrargr,|Ruw, Pyl for all ' € {t+1,...,T} and 7.

For the Spot Sales service, the threshold 7.7, is determined as:
min{T‘Pt,Y(t—T) - (1 - Rn,T,t)(SOEt [Cn,‘r—i-l,t—&-l‘Rn,ta Pt] Z 07 TE Qn,t,y}-

Bx
by S Ta(sh) by

forall T and t' € {t+1,...,7T}. O

Hence, Tf(z) holds for two scenarios s and s where P(R,, (), = 1) > P(Ry(s),r0 = 1)

Proof of Proposition 3

Recall from equation (A.15) in the proof Lemma 2 that the value function vi it (it R, P,P)

can be expressed as follows:

,UC (in,r,tu Rn,‘nt) Pt7 Pt)

n,T,t

= max {an,‘r,tapt,Y(tf‘r) + (in,‘r,t - an,T,t)6OEt[Zn,T+l,t+1|Rn,t; -F)ta -Pt]} (A24)

an, 1.t G{RTL,T,ti’IL,T,t 7i7L,T,t}

Since the optimal action is either R, ; iy - OT %y -, it follows that vﬁﬂt(im,t, R, 1, Py, Pt) is given
by
max{apt,Y(t—T)a (1 - Rn,‘r,t)doEt [Zn,7'+1,t+l|Rn,ta Pt7 pt]} . in,‘r,t — Zn,‘r,t : in,T,t'

Thus, the value function viTi(z’n,T,t,Rn,Tyt,Rf,R) for the RECs in the pre-transfer phase can
be written as Z,,; - iy, for all n, 7, and t. Here, Z, ., includes both the immediate
sale profit aP,y—-) and the expected future profit from holding the RECs, given by (1 —
Ry v 1)00B4[Zr v 41| Rty P, Pt]-

Because Z,,; and C, ., have same recursive form and Z,j, . is greater or equal to
aCy 1, in equation (A.14), it is straightforward to show that 6E.[Z,,i1.c01|Rns, Py P >
00, [Cy 741,041 | Ry, P;] holds. Therefore, the optimal action is to hold if P yu—r) < (1 —
R, )00 [Chri1.441| R s, Pi]. Further, since C,, ,, is non-increasing in 7, as shown in Proposition

1, we define the threshold TnC:;:y for the compliance year y as follows:

Ak min{7|P; , — (1 — Ry, 7.+)00E:[Crri1041|Rut, Pl > 0,7 € Q014 )

n,ty *

Since P,y (1—r) — (1 = Ry 1) 00E [Ch 741,641 | R i, Pi] is non-decreasing in 7 € €2, ; ,, the optimal action

TC*

.
ay .18 0 for 7 <7} and 7€ Q4.
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Now, we show the optimal action of the RECs with vintage 7 such that P, y_-) > (1 —
R, )00 [Chri1.441| Rty Pi]. From equation (A.24), we obtain that the aggregator’s optimal action

is to sell, a;, _ =i, 4, if and only if
aPt,Y(tfr) Z (1 - Rn,T,t)(;OEI:ZTL,T+1,t+1 ’Rn,tv Pt) Pt]

Otherwise, the optimal action is to hold, a;, ., =0.

In addition, we show that Z, ., is not monotone in 7. We show this by contradiction. First,
assume Z,, ;. is non-decreasing in 7, which implies that Z,, x,, 1+ < Z,, i, must hold. If the transfer
price P,y (—x,) is high such that the aggregator’s expected profit after the transfer is negative
(Pt,y(t,kn) > 00E:[Cokp+1,041|P:]), then Z,, ., is equal to ap,y—r,) = aCy i, +. Since Z, 1, >
aCh k-1t > aCh g, 1, we find that Z,, ., 1, < Z, x, .+ does not hold if there exists a situation where
00t [ Zy ko 41| Rty Pr) > @Dy y (t—k,,)- This can be occur when 60E:[Pii1 vy (t—knt+1)|Pe] > Pry(t—kn)s
which contradicts the above assumption. Therefore, Z,, . ; is not non-decreasing in 7.

Second, we assume Z, ,, is non-increasing in 7 and similarly construct a counterexample. Con-
sider a case where the RECs with vintage k, — 1 and k,, have the same energy year (i.e., k, —1,k, €
Q,,.+,,), the market price at time ¢ reaches the SACP. Further, the transfer price Ptyy(t, kn) 1S less than
00 E[Co kps1,041| Rty Pr]l — Py -1, While PHLy(t,an) is high enough to make the transfer prof-
itless. In this case, the aggregator expects to earn more from the transfer than from the immediate
sales of RECs with vintage k., i.e., aP;y—k,) < 00Et[Cokp+1,041| Rty Pr] — Pty(t_kn). Conversely,
for RECs with vintage k,, — 1, the immediate sales profit is the largest, i.e., Z,, r, -1+ = Py (1—k,+1)-
Hence, we see that Z, -1+ > Z, k,+ does not hold in this case. Hence, Z,, ,; is not monotone in

7. All in all, we conclude that Z, ., is not monotone in 7. [J

Proof of Corollary 2

As shown in Lemma 2, the optimal actions under each service are determined by comparing the
immediate sales profit with the expected future profit. Specifically, under Spot Sales service, the

optimal action aZ%, is i, 4 if Poy—r) > (1 — Ryrt)E[Crrit i1 B, Pi]. Otherwise, aZ* , is 0.

n,T,t n,t,t

Similarly, in the pre-transfer phase of the Hybrid Agreement service, the optimal action for gener-
ator n’s RECs, afi?w is 4y 00 if aDry(ory) > (1= Ry VB[ Zn ri1mi1| Ry Piy P

In the proof of Proposition 3, we have shown that aC), ., < Z,, ,, under the same contract con-
ditions. This implies that a(1 — Ry, ) E[Crrit i1 R P) < (1= Ry r t)Et[Znri1 61| Rty Py P
Consequently, if the optimal action for RECs with vintage 7 is to hold (af* , = 0) in the pre-transfer
phase of the Hybrid Agreement service, then the optimal action is also to hold (a?*, =0) in the

n,7,t

Spot Sales service under the same conditions. [J
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Proof of Corollary 3

As shown in the proof of Proposition 1, the threshold for the Hybrid Agreement service 7¢7, is

n,t,y

determined as
min{T‘PuY(tf‘r) - (1 - Rn,‘r,t)(sOEt [Cn,7+1,t+1|Rn,ta Rf] Z 07 TE Qn,t,y}-

Furthermore, in Proposition 2, we have already shown that the value of E,/[C,, ;. 111| Ry, Py] is deter-
mined by R, 41 under both scenarios. Given that the probability P(R,s) v =1) > P(Rs)rp =
1) for all 7 and ¢ € {t+1,...,T} under the scenarios s and s, it follows that

Et’ [Cn(s),‘r,t’+1 |Rn,t’a Rﬁ’] S Et’ [Cn(s’),‘r,t’—i-l ’Rn,t’ ; Pt’]

forall 7 and ' e {t+1,...,T}.
Thus, we conclude that Tﬁz)7t)y < Tﬁ’;,)’t?y under the two scenarios s and s', where P(R,, ), -v =

1) > P(R,(s),- = 1) holds for all 7 and t' € {t+1,...,7}. O

Proof of Corollary 4

For the post-transfer phase in the Hybrid Agreement service, the value functions (A.2) and (A.3)
are identical to the value function v, ,(io,-¢, P;) for the Immediate Transfer service. Therefore, the
value function for the post-transfer phase in the Hybrid Agreement service can also be expressed
as g7t - Co,rt, where Cp = max{ P,y (t—ry, 00E:[Prr1,y—r)| P}

We define the threshold 77, as

ngy = min{T]PtTy — 60Et [C()77+1’t+1|Pt] Z 0, T E Q(],t,y}'

Since Cy ., is non-increasing in 7, we observe that for the compliance year y, there exists the

C* . . . C* _ . C* C* s .
threshold 7357, . The optimal action is ag; , =0 if 7 <757, and ag , =i+ otherwise.

B. lllustration of the Aggregator’s Optimal Policy

Figure B.1 provides an example illustrating the aggregator’s optimal policy. Figure B.1(a) shows a
sample path of REC market prices, while Figure B.1(b) compares the aggregator’s optimal actions
with and without the REC transfer option.

The aggregator uses current and historical market data to forecast price trends. During an
upward price trend, as at point B, the aggregator tends to hold RECs expecting higher future
profits. Conversely, in a downward trend, as seen at point C, the aggregator opts for immediate

REC sales. Under highly volatile conditions, such as at point A, the transfer price becomes unstable,
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(a) Sample Path of an REC Market Price (following a

Geometric Brownian Motion with =0 and o = 0.25)

(b) Optimal Policy at Point A: (Top) Spot Sales Ser-
vice; (Bottom) Hybrid Agreement Service (§=0.9997, k=

505 kn:307ﬁt: % ZQA:Opt—Ay a:O'027 Rn,‘r,t = O)

Figure B.1 Sample Path of an REC Market Price and the Aggregator’s Optimal Policies at Point A

resulting in fluctuations in the expected profits from exercising the transfer option. This leads to
a mixed strategies of conditional sell, as depicted in the bottom of Figure B.1(b). The figure also
demonstrates that the optimal policy under the Hybrid Agreement service has a larger hold region
than that of the Spot Sales service. As discussed in Corollary 2, the transfer option in the Hybrid

Agreement enhances the value of the RECs, increasing their reservation price.

C. Additional Information on the Numerical Experiment
C.1. Details of Simulation Experiment

The training and testing periods for our simulation experiment are presented in Table C.1.

Table C.1 Train, Test, and REC Issuance Period in each Market

NJ SREC Market,

Train

Test

Simulation Period
REC Issuance Period

Jun. 2013 — May. 2018
Jun. 2013 — May. 2015

Jun. 2018 — May. 2023
Jun. 2018 — May. 2020

DC SREC market

Train

Test

Simulation Period
REC Issuance Period

Jan. 2013 — Dec. 2017
Jan. 2013 — Dec. 2014

Jan. 2018 — Dec. 2022
Jan. 2018 — Dec. 2019

Hyper-parameters for our proposed DRL algorithm are given in Table C.2.
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Table C.2 Summary of Hyper-parameters for the DRL Algorithm

Hyper-parameter Value
Number of Layers 4
Dimension of Hidden Layer 256
Activation Function ELU with slope 0.2*
Learning Rate of the network for RECs 4 1n-3
. 107%,10
in pre- and post-transfer phases
Initial Rate for Soft Target Update (&, ;) 0.01
Rate Decay for Soft Target Update 0.001
Initial Rate for Exploration (&, €,) 1.0
Rate Decay for Exploration 0.0001, 0.0010
Number of Episodes 150

*Note: ELU represents Exponential Linear Unit. See Clevert et al. (2016) that introduces the ELU

activation function to accelerate the learning while alleviating the vanishing gradient issues.

C.2. Understanding the DRL Algorithm

We utilize two notable techniques from eXplainable Reinforcement Learning (XRL) to understand
why our customized DRL algorithm outperforms the standard DRL algorithm. First, we conduct
a Feature Importance (FI) analysis to highlight the significance of the structural properties incor-
porated in our proposed DRL algorithm. This helps us identify the most useful input features
for making decisions in the algorithm. In addition, we conduct a correlation analysis between the
policies generated by our algorithm and those derived under full information.

The FI analysis assigns a score to each input feature in the value function approximation model
of the DRL algorithm. These scores indicate the ‘importance’ of each feature, with larger scores
indicating a stronger contribution to approximating the value function in the model. Since the
value-based DRL algorithm makes decisions based on action values at a given state, this analysis
helps us understand the influence of each feature on the algorithm’s decision-making process. We
utilize the widely used SHapley Additive exPlanations (SHAP) method for this analysis. We assign
a contribution value to each feature in the model, referred to as the SHAP values, indicating its
impact on the model output based on the marginal contribution of each feature when considering
all possible feature combinations. For more detail on the SHAP method, please see Lundberg and
Lee (2017) and Lundberg et al. (2020).

Figure C.2 illustrates the FI analysis results for the NJ SREC markets, showcasing the five
most important features used in the decision making. The analysis involves two GNN models: our
proposed algorithm, DDDQN with GNN(Q'), and the baseline algorithm, DDDQN with GNN(Q),
presented in Figures C.2(a) and C.2(b) respectively. The FI analysis results in the DC SREC
market exhibit similar trends to those in the NJ SREC market, as depicted in Figure C.3.

The proposed DRL algorithm employs two distinct GNN models for value function approximation

depending on the status of REC transfer: REC pre- and post-transfer phases. In each phase, the
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Figure C.2  Feature importance (FI) analysis results for NJ market

features are ranked based on their average SHAP values, with the most important features listed
at the top. Each data point represents the SHAP value of a feature for a specific REC on a
particular day. Thus, features with a wider spread of data points generally indicate a higher level of
importance in the decision-making process. The color of each data point corresponds to the input
feature value, with red representing high and blue representing low, which allows us to discern the
relationship between the SHAP value and its corresponding input feature value. For example, in
the REC post-transfer phase under both GNN models, the market price stands out as the most
important feature with the widest spread. This indicates that the market price plays the most
critical role in calculating the profit difference of the RECs between the hold and sell actions. This
is because the market price directly determines the value of the sell action, and the GNN models
estimate the relative value of the hold action. Therefore, we observe that a data point colored red
(blue) in the market price feature, which indicates a higher (lower) market price, corresponds to a

negative (positive) SHAP value in the REC post-transfer phase.



1 Kim, Choi, and Lim: REC Management Problem

REC Pre-transfer Phase REC Post-transfer Phase
High

Market Price .

e A %

<ol ~Saiee—
_..*.
“_*,..

Time Index Price Historyl

Feature Value

Price Historys Compliance Year —_—

Price History3

Transfer Cost - +

SHAP value SHAP valua

(a) FI analysis on DDDQN w/ GNN(Q')

REC Pre-transfer Phase REC Post-transfer Phase

High

Market Price . i e ..__w Market Price  pssompmemaliiibeny=; s nzwrm.;u;m‘.‘_u

Compliance Year e ' Transfer Cost *
E k]
£
Time Index - - — Price Historyl &
i
Expected Transfer Cost s ,.--.—* Price History3 “
Price Historys ._* Compliance Year +
118047 % 20 & Y 10" 1 Low
SHAP value SHAP value

(b) FI analysis on DDDQN w/ GNN(Q)

Figure C.3  Feature importance (FI) analysis results for DC market

The FI analysis results in Figure C.2 highlight the significant role of the structural properties
employed in our proposed DRL algorithm in shaping the optimal policy. In particular, the notable
distinction in the important feature composition between pre- and post-transfer phases indicates a
clear difference in the decision-making process between the two phases. This validates our decision
to utilize separate GNN models based on the REC transfer status, as illustrated in Figure 2(a), as an
effective approach to designing the algorithm. In addition, our analysis reveals that the ‘vintage’ of
RECs is the second most important feature in the REC post-transfer phase in our proposed model.
This can be attributed to the monotone threshold policy identified in §3.2. Moreover, we observe
a clear correlation between the color gradient scheme in the vintage feature and the vintage-based
monotonicity property outlined in (10). Specifically, older RECs with smaller vintage feature values
(%) have lower expected future profit, resulting in lower SHAP values. In Figure C.2, we can
clearly observe this relationship, where blue data points in the vintage feature are more likely to
have negative SHAP values, while red data points are more likely to have positive SHAP values. In

contrast to Figure C.2(a), the baseline GNN model in Figure C.2(b) does not attribute significant
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importance to vintage, which suggests that the baseline algorithm does not adhere to the optimal
policy characterized by the structural property based on the vintage of RECs. This highlights the
difficulty for a DRL algorithm to autonomously identify relevant structural properties in complex
problems without explicitly incorporating them, as we have done in our approach.

Next, we discuss the correlation analysis using the approach proposed by Guan and Liu (2021),
which was used to validate the effectiveness of DRL in the domain of financial portfolio manage-
ment. This approach examines the correlation between the policy of the DRL algorithm and the
optimal policy obtained under full information on future market conditions. A high correlation
indicates that the DRL algorithm closely aligns with the true optimal policy. In our study, we
similarly examine the correlation between the action values in the optimal policy under full infor-
mation and those derived from three DRL algorithms: our proposed DRL algorithm, DDDQN with
GNN(Q'), and two baseline DRL algorithms, the standard DDDQN and DDDQ@N with GNN(Q).

Table C.3 summarizes the results of correlation analysis on DRL algorithms in NJ and DC SREC
markets. The trained algorithms, which were based on the data from the training period described
in Section 5.1, are used to derive the action values during both the training and test periods.
We observe that the degree of correlation increases progressively as the algorithms become more
sophisticated. Among the algorithms with GNN, the correlations of our proposed algorithm are
higher than the other (mostly higher than 0.7), indicating that its actions align closely with those

derived from the optimal policy with full information on the market prices.

Table C.3  Correlation Analysis on DRL algorithms

NJ Market DC Market
. DDDQN w/ GNMQ) 0.4877 0.6610
Train period DDDQN w/ GNN(Q') 0.6539 0.8647
o DDDQN w/ GNN(Q) 0.2020 0.6048
Test period DDDQN w/ GNN(Q') 0.8639 0.7041
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