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Supplementary Materials

A Convergence Analysis of Two Time-scale Linear TDC

We first provide the following lemma that is useful for the proof of Theorem [1} which is proved in [Xu et al., 2020a].
Throughout the paper, for two matrices M, N € R?¥9 we define (M, N) = Zle Z;l:l M; ;N ;.

Lemma 2. Consider a sequence {s;}i>0 generated by the MDP defined in Section @ Suppose Assumption @
holds. Let X (s) be either a matriz or a vector that satisfies the following conditions:

| X (s)||ly (vector) or || X(S)| g (matriz) < Cy  for all s €S,
and
E,[X(s)] = X.

For any to > 0 and M > 0, define X(M) = +; SO EMEL X (). We have

i=tg

8CE[1 + (k—1)p]
(1=p)M

EE

We next proceed to prove Theorem [I}

Proof of Theorem[1, We define w*(0) = —C~1(A0 +b), 0* = —A~'b, and

g(6;) = (A— BC™tA)0, + (b — BC™'b), (15)
flwi) = Clwy —w*(0r)), (16)
where B = —vE[E,[#(s)|s]¢(s) T]. We further define
9:(0;) = (Ay — B,C™ ' A)0; + (by — B,C~'b), (17)
fe(we) = Cy(wy — w*(64)), (18)
hi(6;) = (A — C,C1A)0, + (b — C,C '), (19)

where Ay = (yp(se,a)¢(se1) — d(50))d(se), Bi = —vp(se,a0)d(se41)¢(se) ', Co = —¢(se)d(s:) " and by =
p(st, ae)r(se, at, Se+1)d(st). The update of two time-scale linear TDC (line 5-6 of Algorithm [1)) can be rewritten as

~—

Or1 = 0¢ + a[ge(0¢) + Be(wy — w*(0y))], (20)
wi1 = wy + B[ fe(we) 4+ he(0)]. (21)

Considering the iteration of w;, we proceed as follows:

[wr g1 —w*(6:)]3

= [lwe + Blfe(we) + he(01)] — w” (6,)]I5

= [lwy — w* (001 + 28wy — w* (Br), fo(we)) + 28w, — w* (6;), he(wy))
+ B2 |l fe(we) + ha(00) 15

= Jlwp — w*(00)|[5 + 28wy — w*(0,), f(we)) + 2B(wy — w*(0y), fo(wy) — f(wy))
+ 2B{wy — w* (0y), he(we)) + B2 || fe(we) + ht(ﬂt)Hg

@) A 1
< (1= 2000) e~ w0 @I +28 |2 = " @1+ - i) ~ S

A . 1
#2322 o= 0 @)1 + 5 (@B + 26 o) + 262 (00

(i)
< (x84 26— w013 + 32 W) — Pl + (32 +207) Il 22
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where (i) follows from the fact that (w; — w*(6;), f(w)) = (wy — w*(6;), Cwe — w*(6y))) < —Ag |Jwy — w*(@t)Hg
and Young’s inequality, (i) follows from the fact that || fi(we)||y = ||Ce(we — w*(6:))]l5 < | Cello [Jwe — w*(0) || <
|ws — w*(6;)]],. Taking expectation conditioned on F; on both sides of eq. yields

Blljwess —w* (03 7]

< (1= 206+ 26%) [ = w003+ B fulwn) — Flw)[3 1
. (iﬂ +252) E[|lhe(8:)13 | 7]

( ) _
R R e[RRI OO

1N [28 2\ 1+ (r—1)p |2
+128(1+)\§)<>\2+2B> 1= p)M 16: — 075

4 32(4R2 412 ) (25 n 2ﬁ2> 1+(—Dp

A2 (1-pM
(44) A 2 1
< (1220 = @I+ 128 (et 55 ) (52 +20%) LS o o1
s (25 o\ 1+ (-1
+ 32(4R3 P + Tax) <>\ +26 > TU—p)M (23)

where () follows from the facts that

E[|| fe(we) — f(w)ll5 |Fe] = E[[(Cy — C)(wy — w*(8:))13 1F4]
< E[|(Ce = O)3 |F] llwe — w* (005
(2 8[1+ (k—1)p)

= (1 7P)M ||wt _w*(at)Hg’

and

E[||he(6)]5 | 7]

— E[]|(A; — C,C A)0; + (br — C:C D) |12 | 7]

= E[||(Ar — A) (0, — 6%) + (A, — A" + b, — b+ (C — C)C A6, — 6%)||5 | 4]

< 4E[[|(A; — A)(0: — 07|13 | F2] + 4E[[| (A — A)0"|[3 | F3] + 4E[||b. — b3 | 7]
+4E[|[(C - C,)CTAB; — 07)||5 | F]

< AE[| A — All3 | Fe] 110 — 67|15 + 4E[|| A, — A3 |F2) 10715 + 4E[||b: — b3 | 7]
+4E[|(C = Co)ll3 |7 €13 1113 16 — 07113

1+ (k—1)p

< 128 (pmax + ) ¥ Hgt -0 ||2 + 32(4R0pmax T2 )W’

) 0-pM e

where (a) and (b) follow from Lemmaand the fact that [|0*[|, < Ry, where Ry = ™22 and (i7) follows from the
fact that 8 < 22 and M > 64[;;—((17/1—;));). Then, we upper bound the term E[||ws41 — w (9t+1)||2 | F:] as follows:
2

E[f|wi1 — W*(9t+1)||§ | Fi]

w* 2 _ w* 1 _wt \ 2
( (/M) )) Efflwer — w (0)]3] + (14 2(2/(A2B) — D)E[[w” (Be41) — w* (6:)]3]

4/(Ma2f) — 1 A 8
9 (4; o) (1 25) o = w (O3 + 5351001 — 03

+ 128 (M) (pmax—l- A%> (if + 62) m) 16 — 07115
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10af) -1 26 o\ 14 (-1
”)2(4/@25)—2)(“‘)“9+ Fins) (>\2+2ﬁ ) (- M

(i)
g (1 - Aff) e — w* ()2 + fﬂ (161 — 612
+ 128 <p12nax + /\2) (25 Qﬂz) ((:‘ip)]\l}p 6 — Q*H;

2R ) (B 20) L
<1_¥f) e — w82 + fzﬁ E[|B: (w0, —w* (6)) 2] + m Ellg: (6,2

2 283 o) 1 + (k )P |2
11928 (pmax+)\%) (/\2 +20 )(1p)||9t 075
+ 32(4R0pmax + 7Amax) (iﬁ + 252) m

2
(1_w+16pm)”wt w012+ e Ellgs (01) — (601

4 A8 38
320 2 e\ Lt Dp
+ S Bllo0013 + 128 (w37 ) (2 +202) LSS oy - 0
20 2\ 1+ (x—1)p
+ 32(4R9pmax + Tm'}x) <)\2 + 26 ) W

(i) Ao 16p2, a2 . 2
< (1—44‘)\32 [lwe —w* (0:)]]5
1+ (k—1)p

3202 1+ (k—1)p 9
12 _ * 2(4
+ |: 3 ( Pmax + )\2> Het 0 ||2 +3 ( RG Pmax Tmax) (1 — p)M

A%B (1—-p)M

64 . B + *
1001128 (e + 55 ) (224 207) LD g, g

28 L+ (k—1)p
2 2 2 2y R
+ 32(4Rjpmax + Tmax) (A +25 ) (1—-pM

Ao 16p2, a2 . 2 9%60% Mo w2
(1_4+/\§,8 ||’lUt_’LU (9t)”2+ )\%74‘7 Hﬁt—H ||2

S8R + ) (S + 30 27 ) L, (21)

+

where (i) follows Yong’s inequality, (i7) follows from the fact that 5 < min {&, %}, and (#i¢) follows from the
fact that

Elllge(6:) — 9(6)3 | 7]

= ]E[H(At —A)(0; —0")+ (A — A)0" + (by — b) + (B — Bt)C‘lA(Ot H2

< 4E[|A; — Al3 |F)10: — 0*15 + B[ Ac — A3 |7 16%]15 + 4E]][b: — b][3 | 7]
+4E[|B — B3 |71 |07 1Al 116: — 0%

| i

1+ (k—1)p

(a) 1\1+(k—-1)p "
< 128 (p?nax + > # ||0t 0 HQ +32( Repmax 7n?nax) (1 — p)M ’

) (L=pM
where (a) follows from Lemma and (zi) follows from the fact that M >

128 (pfnax + %) %;1),) max{1, %}. Considering the iterate of 8;, we proceed as follows:
2

1041 — 07|35
= (|6, + atlge(6) + Be(we — w*(6:))] — 075
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= 1|0 — 0% )13 + 20:(0; — 0%, g1 (0)) + 20(0; — 0%, By (wy — w* (6;)))
+0” |g1(0:) + Be(we — w* (62))3

= 116, — (15 + 20:(6 — 0%, g(60)) + 20(6; — 0%, 90(6:) — 9(6))
+20(0; — 0%, Bu(wy — w*(6))) + @ [|ge(6;) + By(we — w* (61))]3

©) A 1
< (1= 2 0 0715+ 20 |3 10— 015+ - n(60) — 601

A . 1 N
+2a [41 16; — 6*|13 + 3, I1Bi(we - w wt));} +3a2 (63
+ 302 [|ge(6:) — g(00) |15 + 30 || B (wy — w* (6,))15
(i) 20
< v [0 - 015+ (52 4 302) ) ~ 900
2 2a 2 * 2 2 2
+ P ( 3+ 307 ) llwe = @113 + 307 lg(00)]13
(#44) 302 200
< (1=Xa+ 5= ) 110 — 075 + ( = + 302 ) [lg:(6:) — g(00)]3
)\2 )\1
2
ot (Al T 3a2) o — w82, (26)

where (i) follows from the fact that (6; — 6%, g(6;)) = (6; — 0%, ATC~LA(0; — 6*)) < —\1 ||6; — 6*||, and Young’s
inequality, (i¢) follows from the fact that || By (w; — w*(6:))|ly < [|Bells lwe — w*(01)]l5 < pmax [Jwe — w*(6:)|]5, and
(4i7) follows from the fact that

lg(B)ll, = |[ATCT A(6; — 67)

— * 1 *
2 AT ICH, 1Al 16 — 6]l < 3 0=l
Taking expectation conditioned on F; on both sides of eq. yields
E[|0:1 - 6°15 Ift]
3 * (12 2 2 2
L=XAa+ T 16 — 67115 + SV Elllg:(0:) — g(00)]]5 | 7]
2 *
+ Do (/\1 + 3a2> [wr, — w*(0)]15
(i) 3a?2 1 20 1+ (k—1)p 2
< |1-2A 1128 (p? =) (= +3a%) ——L| |16, — 07
< [1oa 5o (st ) (5 0t S oot

2« 1+(k—-1 2a "
+ 32(4R5 pinax + Tmax) ( + 3a2) (_p)M)p + Pruax <)\1 + 3a2> = w(6,)]]3

A (1
(@) 3a? 2a
(1= Dniat BN 015+ (5 307 - w01
2x 1+(k—1
+ 32(4R9pmax T?nax) ()\ + 3a ) (1(_p)]\4)pv (27)

where (7) follows from eq. 1' and (i7) follows from the fact that M > 128 (pfmx + 712) W max{1, W}
2
Combining eq. (23)) and eq. (27) yields

Ell|wes1 — w* (Oes1) |5 |Fe] + E[|0pr1 — 07[|5 | 7]
A2f3 16p12naxa2 2 2a 2 * 2
1 228 4 “PFmax™ = —
[ 1 + 223 + Prax N + 3« lwe —w* (6;)]]5

30?2 96 w2
+ (1= e 30 S0 1o 01
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32a% 2B 2a 1+ (k—1)p
+ 32(4R2p% . + 720 < +—+2 2422 130 )
(4Rip: ) A3 y A1 (I—-p)M

If we further let

. I M2 VA28 MvVA2B M AA3S 1
(&7 S mins -y 9 9 ) ) /8 S P
8\ 12 7 4/Bpae 1602, G4p2,. 0 768 8Xo
We have
Elllwis1 — w* (1) |15 1F2] + E[l[041 — 07|15 | 2]
1 : * *
<(1-3 mln{xzﬁ,m}) (I = w813 + 16, — 0°12)
32a% 2 1+ (k—1)p
+ 32(4R5 P2 ax + Thax ( +—+22+7+3 ) 28

Taking expectation on both sides of eq. and applying the relation recursively from ¢ =T — 1 to 0 yield

E[|lwr —w*(0r)ll3) + E[ll6r — 67I3]

]- . r * *
<(1- Smm{Azﬁ,Ala}) (o —w @)1 + 1160 - 6°1)

+ 32(4R0 pmax

max

3202 2ﬁ 2a >1+(/€—l)pT1

2 _
/\56 + 26 + N + 3 T(1—-p)M tz: (1 — < min{A2/3, /\104})

o (S5
< (1 Fmnts v (1o - 90)H2+H90—9*||>
)

256(4R9pmax + rmax 320[ 2 1+ (FL - 1)[)
2 — _ 2
min {6, Mo} ( W5 2 ) 29)

which implies

T
Bllor ~ 0°13) < (1~ gmingaas b ) (o 0 @)l + 105 - a*ni)

256(4R9pmax + Tmax) 32@ 25 2 2a 1+ (H - 1)p
Y. SR )P
min{ A28, \ya} Jr Jr Gty tie (1-pM

33 A (30)

O

B Convergence Analysis of Two Time-scale Nonlinear TDC

Before we present our technical proof of Theorem [2] we first introduce some notations and definitions. Recall that

1

SVI(0:) = ~E[8(0:) b0, (5)] — VE[ge, (") de, (5) T Jw(0e) + h(0r, w(0y)).-

2
For any x; = (s;,a;,sj4+1), we define

9(0r,w, ) = —6;(6:) b, (55) — V0, (35+1) 0, (55) T w + h(0p, w, z)),
where h(0:,w,x;) = (6;(6:) — qﬁgt(sj)—rw)Vgt Vo, (sj)w. We also define the mini-batch gradient estimator as
g(0, w, By) = ﬁ ZjeBt g(0,w, x;), where By = {is,4s + 1, -+ iy + M — 1},

For critic’s update, we define Ay, ., = —¢gt(sj)¢9t(sj)T, bo,z;, = 0;(0:)be,(55), A5, =

le'if,fw "o, (57)00, ()T, bors, = 27 Sr T8 (00) e, (s5), Ag, = —Euwkﬁet(smet(sm and by, =
1 [0 (Qt)mt( ). We also define fo,(w),x;) = Ao, o,wy, + bo,z;, fo,(wy,Br) = Ao, B,w), + by, 5, and

fgt (w},) = Ag,w},+bp,. It can be checked easily that for all § € R%, we have w(f) < R, where R,, a"(rj\i’;ﬁc)
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B.1 Preliminaries

In this subsection, we provide some supporting lemmas, which are useful to the proof of Theorem [2]

Lemma 3. Suppose Assumptions hold. For any t > 0 and j, we have ||g(6;, w(0;),;)||, < Cy, where
Cy = [rmax + (v + D)Cu]Cy + YCZ Ry + [rmax + (7 + 1)Cy + Cy Ry Dy Ry,
Proof. According to the definition of g(;,w;,z;), we have

(0, w(Br), )5 < 11;(8:) o, (57l + v [ b0, (s541) e, (55) Tw(B)],
+[1(0(6e) — @6, (55) Tw(0:) Vi, Vo, (5, w(Br) |,
< 16;(8)l | de, (55)ll5 + v [ de, (s5+1)l5 1Pe, (s5) 15 1w (B2)l,
+ (18500 + |06, (s7) "w(00)] ) |V, Ve, (5), lw (@)l

(@)
< [Pmax + (v + 1)Co]Cy + YCZ Ry + [Fmax + (v + 1)Cy 4+ CyRy] Dy Ry

where (7) follows from the fact that w(f;) < R,,. O

Lemma 4. Suppose Assumptions hold, for any 0,0" € RY, we have ||w(0) —w(0')||ly, < Ly, |0 — 0'||,, where
Loy = { 2582 rimax + (14 9)Co] + = [LuCo(1+7) + Ly(rmax + (1L +7)C)] |-

Proof. According to the definition of w(6), we have

lw(0) — w(0)|l, = || Ay "bo — A bor ||, = || Ay "o — Ay be + Ayt by — Ap by
< || A" be — Agtbol|, + || Ag b — Agber
= || Ay  Ag Ay by — Ayt Ag Ay M be
= || 45 (Ag — Ag) Ay by

}2 2

2
[+ |45 b — Ag b
+ || Az (bo — ber)

2

I, B

< [|Ag 15 1Ae = Aally || A5 |, 1Belly + |4 ||, 1160 — borll,
Tmax + (1 +7)C, 1
< &2 7) |Agr — Aglly + W lbo — bor||5 - (31)

Considering the term ||Ag — Ag||,, by definition we can obtain

Ao — Aglly = |[Elpodg | — Eldo dg/]||, = ||Elpods | — Elderdg ] + Eldo dg ] — Eldordg/]
< ||Elgo¢g | — Elpo b || o + || El¢or b6 | — Elor b4 ]|
< 2E[[lpg — dorlly 190 ll,] < 2CyLg |60 — 0|, . (32)

2

Considering the term ||by — ber||,, by definition we obtain

16 — bor |, = IE[6(6)po] — E[6(6")dar]ll, = IE[0(68)po] — E[5(8") o] + E[S(6")da] — E[0(6")ber]ll
< |[E[5(0)¢a] — E[5(6")dolll5 + IE[6(6")po] — E[6(6") o]l
< E[|6(6) — 6(6")] I¢oll] +E[6(6")] I¢or — doll,]
=E[|(yV(s',0) = V(s5,0)) = (YV (5", 0') = V(s,0))] Il ] + E[16(6")| | ¢or — oll]
< [LoCy(1+7) + Lo (rmax + (L +7)Cu)] |0 = €', - (33)

Substituting eq. and eq. into eq. yields

[w(@) —w(®)],
< {2 et (L) + 3 1LaCa(L4 )+ Ll + (LN 0~ .

v
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Lemma 5. Suppose Assumptions hold. Consider the iteration of wy in Algorithm [3. Let the stepsize
. . 96CH[1—(r—1
B8 < mln{B)EJ(i,)\%} and a < Sﬁ?wLeﬂ and the batch size M > (% + 26)%, For any t > 0, we have

E[|[w; — w(6:)]]5]

2 012 2 1 K —
< (1-%08) Bllurcs - w13 + 2525 ElIv 6 + 2D

7

2 2 2
where Dy = % + 40? (% + 252).

Proof. We proceed as follows:
[[we — w(9t71)\|§
= ||lwi1 + Bfo,_, (wi—1, By) — w(et—l)Hz
= |lwi—1 — w(O—1 H§ +268(wi—1 — w(bi-1), fo,_, (wi—1,B;)) + 52 ert_l(wtflth)Hz

)
= llwi—1 — w(O—1)ll5 + 28(wi—1 — w(B-1), fo,_, (wi—1))
+2B(wi—1 — w(0i-1), fo,_, (wi—1,Bt) — fo,_, (wi—1))

+ B2 || for (wimr, Be) — fo,_y (wim1) + fo,_, (wem)|2
< (1 2008) s — 0B} + 28y — i), Fo (001, B) — o ()
+ 82 || for, (wim1, B) = fo,_, (wim1) + fo,_, (win)||;
< (=208 ot = 0O+ Ao i = 0O + 4 (01,50 = o ()]
+262| for_, (wie1, Be) = for_y (wi) |y + 26 || for_ (we—r)||2
g

D (1= 205+ 2088 s — wO)I+ (1 +26) oy, B) = oy () (34)

where (i) follows from the fact that

(W1 — w(O-1), fo,_, (wi—1)) = (wi—1 — w(0r-1), Ag,_, (Wi—1 — w(0¢-1)))

< Ny lwimy — w(B_1)|)?

(i) follows from the fact that (a,b) < 2ra® + s 0% and (iii) follows from the fact that ’|f9t71(wt_1)H2 =
| Ag,_, (wi—1 — w(&t,l))Hz < Cjllwe—1 — w(9t,1)\|§. Taking expectation on both side of eq. yields

E[|Jwe — w(B-1)|3]

< (1= Ao +203°)E[||lwe—1 — w(6s-1)[l3] + (f + 252> E | fors (Wi, B) = foy (w3 (35)

Next we bound the term E {Hfgtfl(wt,l,l?t) - fgtfl(wt,l)Hﬂ in eq. as follows:

E [[lfo,-, (wi-1,80) = fo_ (o)}

-E [||(A9t717,3t71 — Ag, w1 +bo, 5, — bo,_, |}§}

=E [H(Aet,l,st,l —Ag, )(wi—1 —w(;-1)) + (Ae, .8, , — Ao, )w (1) +bo, , 5, , —bo,_, Hﬂ
<3E [H(Aet_l,&_l —Ag,_, ) (wi—1 — w(at,l))Hi] +3E |:||(A9t—lvBt—1 - Aat_1>w<0tf1>||§}

+3E [ [Jbo,-8,-0 — bo, 3] .
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From Assumption [2, we have HAQ,“IJ. HF < Cq% and Hbet’wj ||2 < Cy(Tmax + 2C,). Following from Lemma we can
obtain the following two upper bounds:

8C[1 — (k= 1)p]

2
E |:H(A9t—176t—1 - Aet—l)Hg] < (1 — p)M ) (37)
and
21 8C3(rmax +2Cy)%[1 — (k= 1)p]
E [y\bgt,l,,gt,l - bQHHZ} < T . (38)
Substituting eq. and eq. into eq. yields
E [ertfl(wt—l,gt) - fetfl(wt—l)Hﬂ
o 240;[1 - ("i - 1)P] 2 24[C§(rmax + 2071)2 + Cng][]- - ("i - 1)p]
(1 — p)M E[Hwt—l - w(et—l)”Q] + (1 — p)M . (39)
Substituting eq. into eq. yields
E]|w; — w(0:1)|3]
24C41 — (k — 1)p]
< (1 ~n 208 (v ae) T )Enwt_l B
8 5\ 24[C2(rmax +2C0)* + C4Ry][1 — (k — 1)p)]
+<Av+w> (1-pM
(4) Ao 4C¢[1 - (k=1
< (1= 0Bl - wol) + (4 207) L=, (40)

4
where (7) follows from the fact that § < SACQ and M > (3+ + Qﬁ)w, and here we define Cy =
¢ v v

6[C’§(rmax +2C,)% + C(‘;Rw]. By Young’s inequality, we have
E[||w; — w(6:)]3]
< (1 + 2(2/()\:@_1)) Ef[Jwe — w(B-1)[3] + (1 + 2(2/(AoB) — D)E[|[w(B—1) — w(By)]|3]
)

@) (4/(A,8) — 1 2, 4 2
< (W) Effjwi—1 — w(f-1)l5] + WE[HU}(@—Q —w(0)]3]
+<4/(>\ o) — >< 4 op? 4C 1—|— H—l)]

B 2

< (1 28 Ellus — i) + 4L3’E[||9f -
(5 )

< (1= 2 8) Bl — w01 + 22 B v 0,1

where (i) follows from eq. and (i) follows from Lemma [l We next bound the third term on the right hand
side of eq. as follows

2

2‘|

1
ngt—l,wt—l, Bi—1) — §VJ(9t—1)
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<2E {Hg(atfl;wtfl»lgtfl) - g(atflaw(atfl);Btfl)Hg] +2E

1
Hg(etlvw(etl)algtl) - §VJ(9t71)

2
2‘|
(i) 16C2[1 + (k — 1)p)]

< 212 - 2
< 2L [Jwi —w@)IE] + (42)
Substituting eq. into eq. yields
E[|w; — w(6)]|3]
Ay 16L2 L2a? 212 a2
< (1- 225+ BEE Y By - w0 )+ 22 B 90l
12812 C2a? B 14 (k—1)p]
w™~'g 4 2 ( 7 2 2
Tl T (Av 20 ) M(1— p)
® Ay 9, 2L2a? 9, Di[l1+ (k—1)p]
< (1 - 85) Efllwe—1 — w(0r—1)|l5] + W E[[|VJ(0:-1) 2] + T MO—p) (43)
where (7) follows from the fact that a < st I B and we define D = % + 4Cf( +2532). O
B.2 Proof of Theorem [2]
Since J(0) is Lj-gradient Lipschitz, we have
E[J(6¢11)]
L
< E[J(0:)] + E[(VJ(0:), 0141 — 04)] + %]E[H@tﬂ — 6:]3]
o 9 1 Lja? 2
=E[J(00)] = SElIVI(0)l5] = aBE[V I (62), 9(0r, we, Be) — 5V I (00)] + Elllg(6r, we, B3]
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where (i) follows from Assumption [5|and Lemma [2} Rearranging the above inequality and summing from ¢ = 0 to
T — 1 yield
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Now we upper bound the term ZtT:_Ol E ||Jw; — w(Gt)H;. Applying the inequality in Lemma [5| recursively yields
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Dividing both sides of eq. by T and using the fact that § — LJ8Q2 - 32L3“L%a23é§+LJa) > &, we have
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C Convergence Analysis of Two Time-scale Greedy-GQ

We make the following definitions. For a given 6, we define matrices Ag = E,,_ [(vEx,[¢(s)[s] — #(s))p(s)T],
Bg = E,,, [Enx, [#(s)]s]o(s)T], C = ~Ey,, [#(s)¢(s)T] and vectors by = Ep., [Ery[r(s', s)ls]o(s)], w*(0) =
“1(Apf+1by), 6* = —A 'bg. We also define the stochastic matrlces Ay = \Btl > ien, 100, (S5 a;)p(sj41)b(s;) T —
( )@ ( 0T, By = \Btl > jes, Po. (85, a5)0(s541)9(s O G = \Btl >jen, P(s ;)9(s;) T and stochastic vector
be = 157 2 jen, Po. (55, a)T (5541, 57)8(5;).
We also define the full (semi)-gradient as follows:

1
—5VJ(0) = g(6) = (Ao — ByC ™" Ap)0 + (bo — BaC ™ 'by), (49)
f(w) = Cw —w(0)), (50)
and stochastic (semi)-gradient at step t as follows:
9¢(0:) = (Ay — ByC~" Ag,)0; + (by — B,C~ by, ), (51)
fi(wi) = Ci(wy — w™(61)), (52)
hi(0:) = (Ay — CLO ™1 Ap, )0, + (b — C:C ™ 1bg,). (53)

We first consider the induction relationship for the fast tlme—scale variable w;. Following similar steps from
eq. to eq. ; letting M > 128 (pmax + A2) L{e—l)p 1)” max{1, 327 (Qf +24%)} and 8 < 22, we obtain

E[|wes1 — w* (Br41)]3]
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where (i) follows from the fact that a < ’\22‘/E B and [|6; — 6*]|, < A1 ||V J(6;)], according to the definition
of V.J(6) in[49] We next consider the induction relationship for the slow time-scale variable ;. Since .J(f) is
L j-gradient Lipschitz, we have
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where (i) follows from Young’s inequality and (i¢) follows from the fact that Hgt(Ot)HQ < %HVJ(@t)HQ +
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where Co = 32[2(pmax + 1) R + (rZ . + 1)p2 ). Substituting eq. into eq. , rearranging the terms and
summing from t =0 to T — 1 yield
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Then, we bound the term ZtT;()l E |Jw;

- w(@t)||§. Applying eq. iteratively yields:
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Substituting eq. into eq. yields
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Letting o < min{i, %}, we obtain
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Dividing both sides of the above inequality by - L vields
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