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Abstract

The d-process generates a graph at random by starting with an empty graph with #n vertices, then adding
edges one at a time uniformly at random among all pairs of vertices which have degrees at most d — 1
and are not mutually joined. We show that, in the evolution of a random graph with 7 vertices under the
d-process with d fixed, with high probability, for each j € {0, 1,...,d — 2}, the minimum degree jumps
from j to j+ 1 when the number of steps left is on the order of In (n)*7~'. This answers a question of
Rucinski and Wormald. More specifically, we show that, when the last vertex of degree j disappears, the
number of steps left divided by In (1)*7~" converges in distribution to the exponential random variable of

mean L o3 furthermore, these d — 1 distributions are independent.

Keywords: Random graph; d-process
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1. Introduction

There are numerous models that generate different types of sparse random graphs. Among them
is the d-process, defined in the following way: start with n vertices and 0 edges, and at each time
step, choose a pair {u, v} uniformly at random over all pairs consisting of vertices which have
degree less than d and are not joined to each other by an edge. d could be allowed to change with
n, but for the rest of this paper d is always a fixed constant (this is also assumed in all relevant
citations). Rucinski and Wormald showed that with high probability, abbreviated “w.h.p.” (i.e.
with probability converging to 1 as n — 00) the d-process ends with |dn/2] edges [11]. There
is still much that is unknown about the d-process; for example, it is not known whether the d-
process is contiguous with the d-uniform random graph model for any d > 2; i.e. if any event that
happens with high probability in one happens with high probability in the other. A recent paper
by Molloy, Surya, and Warnke [8] disproves this relation if there is enough “non-uniformity” of
the vertex degrees (with an appropriate modification of the d-process for non-regular graphs); it
also contains a good history of the d-process. See ref. [7, Section 9.6] for more on contiguity.

A couple of notable results have been given for the case where d = 2: the expected numbers of
cycles of constant sizes were studied by Rucinski and Wormald in ref. [10], and in ref. [13], Telcs,
Wormald, and Zhou calculated the probability that the 2-process ends with a Hamiltonian cycle.
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In these works, the authors establish estimates on certain graph parameters, such as the number
of vertices of a certain degree, that hold throughout the process. This is done with the so-called
“differential equations method” for random graph processes, which uses martingale inequalities
to give variable bounds; in ref. [14] Wormald gives a thorough description of this method.

More recently, Rucinski and Wormald announced a new analysis of the d-process that hinges
on a coupling with a balls-in-bins process. This simple argument gives a precise estimate of the
probability that the d-process ends with |dn/2]| edges (i.e. the probability that the d-process
reaches saturation). This argument includes estimaes for the number of vertices of each degree
near the end of the process. This work was presented by Rucinski at the 2023 Random Structures
and Algorithms conference. Rucinski’s presentation included the following problem (which was
open at the time): when do we expect the last vertex of degree j (for any j from 0 to d — 2) to
disappear? The question was also stated earlier for d = 2 and j = 0 by Rucinski and Wormald [10,
Question 3]. In November of 2023, after the first release of the pre-print of this paper, Rucinski
and Wormald released a pre-print of their balls-and-bins argument which also included an answer
to Rucinski’s question [12]. Our main result uses the differential equations method (as described
in the previous paragraph) and gives a slightly stronger answer:

Theorem 1. Consider the d-process on a vertex set of size n, and for each £ € {0} U [d — 2], let the
random variable T be the step at which the number of vertices of degree at most £ becomes 0. Then
the sequence (over n) of random d — 1-tuples consisting of the variables

" g)(In (n))d-1-¢

converges in distribution to the product of d — 1 independent exponential random variables of
mean 1.

In this paper we use the differential equations method with increasingly precise estimates
of certain random variables; these estimates are known as self-correcting. Previous results that
use self-correcting estimates include [13], [6], [3], [4], [5], and [9]. There have been various
approaches to achieving self-correcting estimates; the approach in this paper uses critical inter-
vals, regions of possible values of a random variable in which we expect subsequent variables to
increase/decrease over time. Critical intervals used in this fashion first appeared in a result of
Bohman and Picollelli [6]. For an introduction to and discussion of the method see Bohman,
Frieze, and Lubetzky [3].

The proof of Theorem 1 is divided into four sections. In Section 2, we introduce random vari-

ables of the form Slg) which count the number of vertices of degree at most j after i steps, define

approximating functions sj(t) with the eventual goal of showing that S?) ~ ns;(i/n) for most of the
process, and derive useful properties of these functions. One such property is that, when there are
at most n¢ steps left for some constant ¢ < 1,

D _ 6 1n ()

Sj—1 (i/n)
for each jj this hierarchy of functions helps us to focus on each variable Sl(.] ) independently of the
others when it is near 0, which motivates the form of the limiting exponential random variables in
Theorem 1. At the end of Section 2 we introduce two martingale inequalities used by Bohman [2]
and make a slight modification to them to use later in the paper. In Section 3, we work with a more

‘standard martingale method” (without the use of critical intervals) to show that SEJ) ~ nsj(i/n)

until there are #n'=1/(1909) steps left. Here we allow the error bounds to increase over time. In
Section 4, we use a more refined martingale method (including the use of critical intervals) to show

)d—0.8

that Sfj ) ~ ns;j(i/n) continues to hold until there are In (n - steps left; here the error bounds
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decrease over time, and so are self-correcting. In Section 5, we complete the proof of Theorem 1
by using a pairing argument to show that, in the last steps of the d-process, the behaviour of the
random variable in question can be well-approximated by a certain uniform distribution of time
steps. Sections 4 and 5 are both parts of a proof by induction over a series of intervals of time steps,
though we give each part its own section as the methods used in each are very different.

2. Preliminaries

First, two technical notes: we use the standard notation of symbols 0, O, ®, w, 2, <, >, and ~ to
compare functions asymptotically (e.g. see pages 9-10 of [7]). We also note that, throughout the
paper, we assume # to be arbitrarily large.

In this section we set up sequences of random variables, describe how the evolution of the
d-process depends on these, and deduce properties of certain approximating functions; such func-
tions are used to estimate the number of vertices of given degrees throughout the process (much
of this is also described in ref. [13] with similar notation; the one major difference is that we use i
instead of t for the number of time steps, and ¢ instead of x for the corresponding time variable).
Consider a sequence of graphs Gy, Gi, . . ., G dn/2|> Wwhere Gy is the empty graph of n vertices, and
for i € [n], let G; be formed by adding an edge uniformly at random to G;_; so that the maximum
degree of G; is at most d (in the unlikely event that there are no valid edges to add after s steps for
some s < |dn/2], let G; = G; for all i > s). Next, we define several sequences of random variables:

For all 4, , j1, j2 such that 0 <i < L%J, 0<j<d,and 0 <j; <j, <d— 1, define:
Yi(] )= the number of vertices in G; with degree j
Sl(.]) := the number of vertices in G; with degree at most j

Z;j 172 .— the number of edges {v}, v,} in G; for which

min{deg (v1), deg (v2)} =j1 and max{deg (v;),deg (v2)} =j2

Zi= Z ZEJI’JZ).

0<j1<jp<d-1
By definition and by edge-counting we have

d d
Yov?=n  and Y v =2
j=0 j=1
Combining the equations above gives us
-1 d-1 ‘
Y s =N" -y =dn—2i (1)
j=0 j=0

One can also quickly verify from (1) and by definition of Sfdfl) , ij 192 and Z;, that
sV > max(27;,dn—2i)  and  jY? > 3 78 3 709, @)
k<j k>j

Throughout the process we will keep track of the variables S¥) using martingale arguments.
This is sufficient for us, as the Y variables can be derived from the S variables, and because
none of the Z variables will have any significant effect in any of our calculations, as we will see
later.
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Our next step is to estimate the expected on-step change of SEJ ), known as the “trend hypothesis”

in ref. [14]. Note that Sl(-j - S,(.j )1 equals the number of vertices of degree j that are picked at the
i+ 1 time step; hence, for all j € {0} U [d — 1]:

D (s 1) 4 302 4 30 2

() G _ k=<j k>j
E [Si-i-l =S| Gi] = (Sgd—l)) s
2 1
0
-2, 1

_f#”)0+o(ﬁ—%)) by (2) 3)
2y of 1 )
sl O\ —2) “)

For j € {0} U [d — 1] we define approximating functions y;:[0, d/2) — R and s;:[0,d/2) — R:

let y;(t), s;(t) be functions such that s; = ZJI;ZO Yk ¥0(0) =1 and yx(0) =0 for all ke [d—1]
(equivalent to 5;(0) = 1 for all j), and (assuming the “dummy functions” y_1(t) = s_1(t) = 0):

dsi =2y 2(s-1 =) & 2051 =) %)
dt o Sd—1 - Sd—1 dt a Sd—1 '
By (5) and the chain rule, for allj € [d — 1]:
bi %y
dyo  yo Yo
Since the above equation is first-order linear, we have, for some constant C;:
i—1
w=m<—/&7@m4ﬁ.
Yo
Using the above recursively with initial conditions, we have, for all j € [d — 1]:
(—1In (yo)y
yj= u. (6)
!
To solve for an explicit formula relating yo and ¢, note that, by (5):
d—1
g (= 22y
i=0
il deiwy: | = 1=/ _ -2,
dt Z ( ])y] Sd—1
j=0
hence, using initial conditions (note the resemblance to (1)):
d—1 d—1
(d—jyj=d-2t (7)

D 5=
L9

—0

Equations (6) and (7) together give us a complete description of the functions y; and s;. We
will now prove some useful properties of these functions. To start, we can combine (6) and (7)
to get

g pol= GV —)) _,

i — 2t. (8)

j=0
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Note that, by continuity of yp and by (8), yo > 0 over its domain. Next, by summing up (6) over
j€{0} U [d— 1] ((6) holds for j = 0 also) one can see that s;_1 is positive if yy < 1. This, combined

with %o = ;dzio , tells us that yy is decreasing and s;_; is positive. It follows from yp € (0, 1] and

(6) that each y; is positive for ¢ # 0. In turn, this implies that 0 < y; <s; <s4_; for each j. From
this it follows that ds;_; is at least the left expression of (7), so sz_1 > 1 — % We make a special
note of the last couple of properties mentioned:

2i
0<yj<sj<sq_jforallj and Sd—l(i/”)Zl—d—- 9)
n
Next, we want to understand the behaviour of each function when t is close to ‘51, as this is the

_ -1
most critical point of the process. Consider again. As t — 2,y9 — 0, so 2——2~"— will be

t critical point of the p Consider (8) again. As t — 4,y — 0, so 2RO ill b
the most dominant term on the left; hence,

(d—1)(d —21)
(—1In(d —2t))d-1"
This, combined with (6) gives us, for all j € {0} U [d — 1]:
(d—1(d—21)
ji(=1In (d — 2t))d-1-i"

d
t—)z = Yo~

d
t— 2 = yj(t) ~sj(t) ~ (10)
For large enough ¢ (and hence, for a large enough step i), we can approximate the above
expression:

d (a
i> 711 — pl=1/000d) nyj(i/n) ~ nsj(i/n) = © <ln (n)~+14 (; - 1)) . (11)
One can now see that, near the end of the process, sj/sj—1 = ®(In (1)), as mentioned in the
introduction.
Finally, we introduce two martingale inequalities from a result of Bohman [2] which will be
used in Section 4 in a slightly modified form. The original inequalities are as follows:

Lemma 2 (Lemma 6 from [2]). Suppose a,n, and N are positive, n <N /2, and a <nm. If 0 =
Ao, A1, . .., Ay is a submartingale such that —n < Ajy1 — A; < N for all i, then

u2
PlA,, < —a] <e 3Nm,

Lemma 3 (Lemma 7 from [2]). Suppose a,n, and N are positive, n <N/10, and a < nm. If 0 =
Ao, Ay, ..., Ay is a supermartingale such that —n < Aj11 — A; < N for all i, then

a2

PlA,, > a] <e 3Nm,

We present the following modification, which removes the requirement a < nm and modifies one
of the inequalities slightly:

Corollary 4. Suppose a, n, and N are positive, and n <N /2. If0 = Ay, Ay, . . ., Ay, is a submartin-
gale such that —n < Ajy1 — A; < N for all i, then
a2
PlA, < —a] <e 3Nm,
Corollary 5. Suppose a,n, and N are positive, and n <N/10. If 0= Ao, A1, ..., Ay is a super-
martingale such that —n < Ay — A; < N for all i, then

a2

PlA,, >a] <e 3Nm e,
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Corollary 4 is nearly immediate from Lemma 2: first, one can extend the result to include a =
nm by using left-continuity (with respect to a) of both sides of the inequality; we hence assume
a > nm. Since Aj+1 — A; > —n > —a/m, then A,, = A, — Ag > —a. We now derive Corollary 5
from Lemma 3: assume a > nm, and let m’ € Z* such that a < nm’ < 2a. Extend the martingale
by adding variables A, 11, ..., A,y which are all equal to A,,. Apply Lemma 3 with m replaced
with m’, and use nm’ < 2a to get

P[Ay, > al =P[A,y >a] <e @,

Combining the case a < nm from Lemma 3 and the case a > nm above gives Corollary 5.

3. First phase
Let itrans = LdT" —nl-V (IOOd)J. The objective of this section is to prove the following Theorem:

4d
Theorem 6. Define Efy (i) := n® (ﬂ) . With high probability, for all i < itays and all j €

dn—2i
{oyu[d—1]:
s —ns (;)‘ < By (i) (12
Now we define two new random variables for each j:
S(])+ S(I) nsj(i/n) — Efr (i)

SV = s — nsi(i/n) + Egrg ().

Next, we introduce a stopping time T, defined as the first step i < itups for which (12) is not
satisfied for some j; if (12) always holds, then let T' = co. Although this stopping time is not neces-
sarily needed to prove Theorem 6, it does make some calculations easier, and moreover, a similar
stopping time will be necessary for the following section; hence, this serves as a good warm-up.
Let variable name W be introduced to equip this stopping time to variable S, i.e.
0+ S?H_, i<T - S?)_, i<T
W= 0 w7 o= S
s isT sV i>T.

Note that W(j & corresponds to the upper boundary and W(j )™ to the lower one in the sense
that crossing the corresponding boundary will make the correspondlng variable change signs;

furthermore, the inequality of Theorem 6 holds if and only if W(J * . <0and W(’)_ > 0 for each j.
We now state our martingale Lemma:

Lemma 7. Restricted to i < itpans, for all j, (Wi(j)_)i is a submartingale and (WiOH)I. is a super-
martingale.

Proof. Here we just prove the first part of the Lemma; the second part follows from nearly
identical calculations. Fix some arbitrary i < is,,s; we need to show that

E[wl -w 1G] =0
Also assume that T>i+ 1, else ng - W(]) =0 and we are done; it follows that W-(j)_ =
Sl(.] . Wff:l_ = S(] )1 , and (12) holds for the fixed i. By (4) and (5) and using Taylor’s Theorem,

we have, for some ¥ € [i,i+ 1]:
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() ; 2
G)— G)— —2Y; 1 2y;(i/n) d nsj(u/n)
E|SY, —S; G| = o) _

[ i+l i ] Sl(dfl) + (dn —2i + sg—1(i/n)  du? 2 ‘,u,zl//

+ (Eﬁrst(i +1)— Eﬁrst(i)) .

We split the above expression (excluding 0] (m) ) into three summands.

1. Here we make use of the fact that Yi(j) = Sl(-j) - S?_l) and y;j(t) = sj(t) — sj—1(t). We have
(putting s;—; and Sg_l) =0):

—ZYIQ) 2yii/n) —28?) + 2ns;(i/n) + Zng_l) — 2nsj_1(i/n)

Sgdfl) sa—1(i/n) nsq_1(i/n)
) 1 1
2Y; —
i <nsd_1(i/n> sgdU)
—4Ef;g(i) 0) 1 1
—— 4+ 2Y; — by (12 di<T
= n5a1 (/) +2Y; nsq_1(i/n) Sgd_l) y (12) and i <
. G) .
—4E 2YYE
> ﬁrs_t(l) - i B () by (12)andi< T
nsa-1(i/n) D (nsy_y(i/m))
_6Eﬁrst(i)

> .
~ nsg_1(i/n)

_d (nsj(u/n)> ‘ 2 (Sd—l(w/n)(yjl(llf/n) —yi(y/n) +yj(1/f/n)yd_1(1/f/n)>
du? 2 p=p  n (sa—1(/n))?

1
=0 (dn—2i> by ©)-

3. Forsome ¢ € [i,i+ 1]:

. ~  dEga(n)
Eﬁrst(l +1)— Eﬁrst(l) = ﬁd;,l:|u=¢
— 8d4d+1n4d+0'6 (dn . 2¢)—4d—1
SdEﬁrst(i)
= 1)) ———. 13
(1+o()—L (13)
Now we put the three bounds together:
— _ 7dEﬁrst(i) 6Eﬁrst(i) 1
E|lY.,—-Y |G; - o\ ——
[ i+l i | l] = dn—2i  nsz_i(i/n) (dn — 21')
dEfi«(i) + O(1)
_— by (9
= dn —2i v ©)
> 0. 0
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Next, we need a Lipschitz condition on each of our variables. Note that 5521 — S?)

—2,—1, or 0; also, one can quickly verify that [s;((i + 1)/n) — s;(i/n)| < % by (5) and (9), and
|Eﬁ,$,(i +1)— Eﬁm(i)} = 0(1) by (13). Hence, we have, for all i < i4,s and all j:

is either

(+ (+
Wisi =W,

wily —wi |} <s. (14)

max i ‘ i+1

>

We conclude the proof of Theorem 6 by noting that, by Lemma 7 and (14), we can use the

standard Hoeftfding-Azuma inequality for martingales (e.g. Theorem 7.2.1 in [1]) to show that
P |:W1(;Ir)a—r’z_s > 0] and P |:Wl(£z; < O] are both o(1). For example, for the variable Wf] A one would

get
12

P [Wl(::; > 0] <exp {— } =o(1).

5Oitmns

4. Second phase

The second phase is where the more sophisticated tools will be used, including the use of critical
intervals, self-correcting estimates, and a more general martingale inequality. Furthermore, this
phase is broken up into d — 1 sub-phases, in relation to when each of the d — 1 sequences S¥) (for
j <d —2) terminate at 0. First, a few definitions: for all k € {0} U [d — 2], define

dn o
iafter (k) = \;7 —In (n)?-101 kJ ‘
These step values will govern the endpoints of the sub-phases: define for all k € {0} U [d — 2]:

Lo [itrans + L iafeer(0)] , k=0
[iafier(k — 1) 4+ 1, iapre,(K)], k> 0.
Next, for all 4, j, k such that 0 <j < d, 0 <k < d — 1, and i € I}, define error functions
E;(i) = E;(i) := 2% In (n)*% (ns;(i/n))"".
Note that, by (11), we have

0.7
Ei(i)=© (m (n) =074 H075+07] (% - i) ) . (15)

Finally, for any r € R4 and £ € [d — 2], define

N ¢ d-1-¢
i(r,£) = 5 (z(d_l)!)r(lnn) .

The following Theorem will be proved by induction over the d — 1 sub-phases governed by the
index k:

Theorem 8. For each k € {0} U [d — 2]:

1. With high probability, for all integers j € [0,d — 1] and i € Ij:
0) i
S;" — ns; (;)
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s
Lafte
(R U {0)*HL:

(=0 with high probability. Furthermore, for any k+ 1-tuple {ro,r1,...,1¢} €

k k
0
Pl (Spw 0= 0) —exp 1= n

=0 =0

In the end, it is only the second statement with k = d — 2 that matters for proving Theorem 1.
We make the connection here:

Proof of Theorem 1 from Theorem 8. First, note that S(Lf()rz 0= 0 is the same as Ty < i(ry, £),
hence by Theorem 8:
d—2

ﬂ (Ty <i(re, £)) | = exp{— Z e
£=0

£=0

Using the Principle of Inclusion-Exclusion plus a simple limiting argument, one can derive
d-2 d-2 d—2
(d—D!(dn —2Ty) ) ,
P < =P T > i(re, £)) | — 1

(d=1)!(dn—2Ty)
£!(1n (n))d-1-¢
distribution to the product of d — 1 independent exponential variables of mean 1. U

hence the d — 1-dimensional random vector with entries V. = converges in

The rest of this section is for proving the first statement of Theorem 8 (for some fixed k using
induction), and Section 5 will be for proving the second statement (again, for some fixed k using
induction, assuming the first statement holds for the same k). Hence, for the rest of the paper we
will fix some k € {0} U [d — 2].

First, we note that (16) holds w.h.p. for all j <k by a simple argument: by induction on the

second statement of Theorem 8, w.h.p. if i € I; then S] =0. By (11) and by definition of E;(i), if
i € Ii then ns;j(i/n) < Ej(i), completing the argument.
Next, we prove that (16) holds for j = d — 1 if it holds for all other values of j: by combining (1)

and (7), we have
i 20 i
0 ()= 5 (- (7))
n = n

< 4E;(i) by (16) forj <d —2

Il
VN
%

S
|
2
»

<4E; _1(i) by (15).

Hence, for the rest of this section, we need to show the first statement of Theorem 8 for j €
[k, d — 2]. From now on we always assume j to be in this range. We will also assume that, for all

A<k, SEM =0 if i € I (which holds w.h.p. from above).
()
S

In this section we will make use of so-called critical intervals, ranges of possible values for S;
in which we apply a martingale argument. The lower critical interval will be

[nsi(i/n) — 4E;(i), ns;(i/m) — 3E;(0),
and the upper critical interval will be

[ns;(i/n) + 3E;(0), nsj(i/n) + 4E;(i)].
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Our goal is to show that w.h.p. SE’) does not cross either critical interval; however, we first need

to show that Sl(-] ) sits between the critical intervals at the beginning of the phase (this is the reason

why E;(i) has the 2k factor; it makes a sudden jump in size between phases to accommodate a new
martingale process), which is the statement of our first Lemma of this section:

Lemma 9. W.h.p., for all j € [k, d — 2] (putting iafe;(—1) = itrans for convenience of notation):

j i k—1)+1
S(J) s after( )
iafter (k—1)+1 7 n

) ’ < 3Ej(iaﬁer(k —1)+1).
Proof. First, recall that 55]3_1 — ng) €{-2,—1,0} and |ns;((i + 1)/n) — ns;(i/n)| < 2 for any i and j
(see paragraph above (14)). Second, consider the change in the bound itself between iaﬁer(k —1)
and iaﬂer(k— 1) + 1: by definitions of ity Efirst> Ej» and by (15), we have 1 K Efsrst (itrans) =
O (1) , Ej(inans + 1) = (n°%), and 1 < Ejligger(k — 1)) ~ L(Ey(inger(k — 1) + 1) for k> 0.
Hence, by induction on the first statement of Theorem 8 and by Theorem 6, the statement of
the Lemma follows. O

Next, like in Section 3, we define two new random variables for each j and i € Ij:

Sin — Slgj) — nsj(i/n) — 4E;(i)
SV = SV — nsi(i/n) + 4E;(i).

We also re-introduce the stopping time T, now defined as the first step i € Iy for which (16) is
not satisfied for some j; if (16) always holds, then let T = co. Let variable name W be introduced
to equip this stopping time to variable S, i.e.

D+ . G)— .
Wi+ . S ,i<T Wi . S ,i<T
’ sVt i T ' sV7,i=T.

Note that Wi(j)+ corresponds to the upper critical interval, and Wi(j)f to the lower one.

Furthermore, the inequality of Theorem 8 holds if and only if Wi(’;t* (o <0and Wi(j;:(k) >0 for

each j (here we must make use of our assumption that Sl()”) =0 for all A < k). The next Lemma
states that, within their respective critical intervals, they are a supermartingale and submartingale

respectively:
Lemma 10. For alli € I and for all j € [k,d — 2], E [Wl(fﬁl_ _ Wz'(j)_ | Gi] > 0 whenever Wi(j)_ <
E;j(i), and E [Wfﬁf - Wi(j)Jr | G,-] < 0 whenever Wi(j)Jr > —E;(i).

Proof. Here we just prove the first part of the Lemma; the second part follows from nearly identi-
cal calculations. By the same logic as in the proof of Lemma 7 we work with $¥~ instead of W)~
and assume that (16) holds for all j. We also have the same expected change as in Lemma 7, except
with Ej(i) replaced with 4E;(i):

0 . .
- _ - -] 2 1 yi/n) — d* (nsi(u/n)
E [S,-+1 s | Gz] = +0 <dn - 2i> s (e ’u=1ﬁ

+ 4(Ej(i 4+ 1) — Ej(i)).
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) ) into three summands, assuming SEJ )= <
1)

We split the above expression (excluding @) (ﬁ

Ei(i) <= S?) — nsj(i/n) < —3E;(i) (for convenience, for the case j =0, we put Sl('jf
Ej_; all equal to 0):

»Sji—1, and

1.
—2v?  2yti/m) 28V 4 2nsi(i/m) + 280 — 2ni 1 (i/n)
Sl(.d_l) sa_1(i/n) nsq_1(i/n)
0) 1 1
2Y! -
o (nsd_la/n) sgdU)
N em (s ) ,
- 6E](1) 8‘E]71(1) _ dslsi Ed—l(l) bY (16)
nsq—1(i/n) S,(. Dnsy_1(i/n))

SOE() 95 Ear() »
Z i) sy Y (19 (16). (1), and i < dygier (k)

5.9Ej(i) B 9(f’lSj(i/i’l))Ed,1(i) _ 36Ej(i)Ed,1(i)

by (16
o7 R P o770 A e 7 R A
B ( E;(i) ) 599 ( si(i/n) )03 ~ 365 2KIn (n)0°
— \nsg_1(i/n) ' sq—1(i/n) (nsg—1(i/n))°3
M by i < i p.(k) and (11)
= nsq_1(i/n) V1= lafter '
2. Just as in the proof of Lemma 7:
d? I’lSj(/L/i’l) _0 1
_d_;ﬁ( 2 )‘,m/,_ (dn—zz')'
3.
. . dE;(u) .
4(E;(i+1) — Ej(i)) =4 m ‘M:(b for some ¢ € [i,i+ 1]
_ k1 0.05 0.7 ) <_2J’J'(¢/”)) b
(DI ) ((nsj<¢/n)>°~3 aem) YO
_ k 0.05 0.7 —25j(¢/’1)>
= ez <<nsj(¢/n>)°-3> (5 am) oo
_ —(5.6 + 0(1))Ej(¢) _ —(5.6 + 0(1))Ej(1’) 1)
 onsg(g/n) msgifn)

Now we put the above bounds together (using (11), (15), and i < igfre, (k) < iafrer()):

e 0.01E;(i 1
E[s) -5V |Gi]z—1(l)+o< )

1 nsy_1(i/n) dn —2i

>0.
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i
y4 - Z‘after (k)

Figure 1. Visual representation of event SgH.

We introduce the next Lemma to get sufficiently small bounds on the one-step changes in each
time step (this is known as the “bounded hypothesis” from [14]):

Lemma 11. Foralli € Iy and allj € [k, d — 2],

-3< W,(f:“i — Wi(j)g < In (n)~HH1.064]

« »

where “€” can be either “+” or
Proof. Like in the proofs of Lemma 7 and 10, we assume that W& =80E (£ is 4+ or —), else
Wf_H — Wf = 0. Again, we have —2 < Sl(»?_l — S?) < 0. Secondly, we have

| — nsj((i + 1)/n) + nsj(i/n) — CE;(i + 1) + CE;(i)|

<|—nsj((i+1)/n) + nsj(i/n)| + | — CE;(i + 1) + CE;(i)|

o ( y;(i/n) N E;(i)

sq—1(i/n) ~ nsg_1(i/n)

) by (5), (11), and (17)

=0 (ln (I’l)_d+1'06+j) by (11), (15), and i < iafter(k) = iafter(j)-
Combining the inequalities completes the proof. 0

To put this all together to prove the first part of Theorem 8, we introduce a series of events: first,

let EM* denote the event that Wi(];,—i_(k) > 0 and £~ denote the event that Wi(];t_(k) <0.Let & =

(szk EUH) U (szk 5(7)7) ; we seek to bound IP[£], since £ is the event that (16) doesn’t hold for

some i € I;.. Next, for all £ € I, let Hg” be the event that Wéjz—; < —Ej(£ —1)and Wéj)+ > —E;(¢),
and let

e = u) Wi = —pi foralliz e} 0w o).
(see Fig. 1 for a visual representation of event £ éj )+>

Similarly, for all £ € I, let Hg )~ be the event that Wgz_l > E;(€ — 1) and Wéj )= < Ej(£), and let

M= ._ 4,0 (G)— . ) (M-
& =M, N {Wi < E;j(i) forall i > Z} N {Wiaﬂer(k) < 0} .
Finally, note that, by Lemma 9, with high probability we must have
o+

. H— .
Wiaﬁer(k—l)+1 < —Ej(igfter(k —1) + 1) and Wi(ifter(k_l)"rl > Ej(igfter(k — 1) + 1).
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Furthermore, assuming these two inequalities hold (and, once again, assuming that S =0 if » <

k), then if Wi(]}j(k) > 0 for some j, one of the events Eéj I must happen; likewise, if Wi(];,_(k) <0

for some j, one of the events 55)7 must happen; hence, E0+ = U 5?” and £V~ = U 53)7.

¢ ¢
We are now ready to prove the first statement of Theorem 8 in full.

Proof of the first part of Theorem 8 with fixed k. First, we fix an arbitrary j (in [k, d — 2]). We
prove that IFD[E (j)’] =exp { — Q( In (n)*036) }; the proof for bounding IFD[E UH] is nearly identical.

We will use Corollary 5 to bound ]P’[Sé] )_] for each fixed £. Given a fixed £, we define a modified
stopping time

Thod =  min {Wi(j)_ > Ej(i)ori= T}
ie[zaiafter(k)]
(letting T4 = 0o if the condition doesn’t hold for any i in the range). Let variable W be the

variable Wi(j )™ defined justoni € [£, igfer(k)] equipped with this stopping time (we drop the “(j)—"
here for convenience); i.e.

Wi < Thoa

1

M-
Wi']'mada 1 Z Tm0d~

Note that (Wf)i (overie[t, iafte,(k)]) is a submartingale by Lemma 10, since our new stopping
time negates the need for the condition Wl(] )= < Ej(i); also, (Wf)i satisfies Lemma 11. Since we

want an upper bound for P[Se(j )7], we can condition on event Hg)i, as Héj)i ) 5(? )~ Now let

Ai= _W£+i + Wf’
n= In (n)fd+1.06+j)

N=3,
m= iafter(k) -4,
a=0.9E;(0).

Note that the conditions of Corollary 5 are satisfied: 0=A( and 7 < N/10 are obvious,
Lemma 11 gives us —n < A;y; — A; <N, and (A;); is a supermartingale since (Wf)i is a sub-
martingale. We therefore implement Corollary 5, using m < % — € <dnsz_1(£/n) (by (9)), (11),
and (15):

P[A,, > a] < 673,7% 4 e d = ¢~ Qn () (msi(e/m)™) 4 =(In (m)*P(msi(e/m)°7) (18)

To bound P[€ éj )_], we show that £ éj a C {A;; > a} and apply (18) while conditioning on Hg -,
Given Hg)f happens, we have W} = Wg)f > 0.9E;j(¢£) = a by (15), Lemma 11, and i < igger(j).

Therefore Séj)_ = Héj)_ N {W.e 0 < 0} C {A,; > a}, hence

Lafter

P [527‘)*] — = QIn () (nsi(e/m)**) 4 = (In () (nsj(e/m)*7)
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We now take a union bound to bound IP’[S (j)_] (using (11) where appropriate):

iaﬁer (k)

Pe]= Y p[e]

Zziazfter(k*l)‘i’l

iaﬁer(k)

= Z (exp {—SZ (ln (n)0'04(nsj(E/n))O'4)} + exp {—Q (ln (n)o'os(nsj(ﬁ/n))0‘7)})

L=itrans

iafter ()

(dn — 20)%4 (dn —20)%7
= > (exp {—Q <ln (n)0‘4d0'440'4j)} +exp {_Q (ln (n)0.7d().750‘7j> })

L=itrans

[”171/(10011)"

p0.4 p0_7
= ) } (eXp {_Q (ln (n)0.4d—0.44—0.4j>} +exp {_Q (ln (n)0.7d—0,75—0.7j> })

p=LIn (m)?=101]

=In (”)d—l.ol—j Z (exp {_Q (q0.4 In (n)0.036)} + exp {—Q (q0.7 In (n)0'043)})
q=1

=exp {—Q (ln (n)0‘036)} .

We give a note for the aspects of the proof of bounding P[£()F] that are different from the

above: use the variable W(J )+ instead of W(’) , events &, G+ instead of &, G- ,and 7—[(] + instead of

g) . Define T,,,,, instead as

Timod:= __min {Wi(j)+ <—Ej(i)ori= T} .
ie[[’iaﬁer(k)]

Finally, use Corollary 4 instead of Corollary 5 (which will be slightly easier to implement). [

5. Final phase

We continue our proof by induction of Theorem 8 with our fixed index k; now we prove the
second part. We assume the first part of Theorem 8 to hold, as well as the second part of
the Theorem for lesser k; for example, we have S(k l()k =0 w.h.p. In this section we focus on

the d-process for a narrow domain of i. Let

We will consider the d-process starting at step ipefore(k) assuming that (16) holds at i = ipefpre (k);
we do not need the first part of Theorem 8 in this section otherwise. We do not use martingale
arguments here, but rather we show that the distribution of the sequence of time steps at which a
vertex of degree k is chosen from the d-process is similar to a uniform distribution over all pos-
sible such sequences. Theorem 8, (10), and (15) tell us that w.h.p. we will have ~ Z(dk, D n (n)%2
vertices of degree at most k (or degree equal to k; they are the same here) left when there are
LIn (n)4-0-8=k) steps left; hence, the average distance between steps at which we remove vertices

of degree k is d Ty In (n )#~1-k_ When there are this many steps left times r, we expect r such
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vertices to remain, and for the probability that there are no vertices of degree k to be e™". Most of
this section will build towards proving the following Theorem:

Theorem 12. Let L(n) be an integer-valued function so that L(n) = ©(ln (n)%?) and let J(n) =
L%J — ibefore(k) ~In (n)3=98=k Let H be any graph with iyefr (k) edges which satisfies (16) at i =
ipefore(k), has no vertices of degree at most k — 1, and has L(n) vertices of degree k. Also, let r € R*
be arbitrary. Then

k _
]P) [ST_%‘U(")J = 0 ‘ Gihefore(k) = H} —e r'

L(n)
First, we note that, given that (16) holds for i=1ippr(k) and by (1), that
. d— d _z'eare . d—
w.h.p. d"—Z’before(k)—sg,,ffo:(k)=O(%) <c0n51der Sgbefoizk); hence, for all
i€ [ihefore(k)) iafter(k)]:

dn — 2i 1
(d—1) _ Y before \ Y
S; =dn—2i+0 <—ln ) ) = (dn — 2i) (1 + 0 <—ln (n)0~79)) . (19)

Let tsqr = ibefore(k) and t,,g = |dn/2 — rJ(n)/L(n)]. Consider the d-process between f+ and
tend> given that Gy, = H. At each step two vertices are chosen; now assume that the pair at each
step is ordered uniformly at random, so that a sequence of 2(t,,q — tar:) Vertices is generated.
We also generate a binary sequence simultaneously, each digit corresponding to a vertex: after a
pair of vertices is picked for the vertex sequence, for each of the two vertices (in the order that
they are randomly shuffled) append a “1” to the binary sequence if the corresponding vertex had
degree k just before it was picked, and append a “0” otherwise. Let P:{0, 1}>(end—tstart) — [0, 1] be
the corresponding probability function that arises from this process (note that, if y is a string with
more than L(n) “1”’s, then P(y) = 0). Note that P depends on the graph H. We compare this
to a second probability function Q:{0, 1)2\fend—tstart) — [0, 1], which is defined by picking a binary
string with L(n) 1’s and 2J(n) — L(n) 0’s uniformly at random, then taking the first 2(¢,,,4 — fstart)
digits.

For any binary sequence y with ¢ digits, and I C [£], let y; be the subsequence with indices
from I; for example, y[,) would be the first a digits of y, and yy,) would just be the a-th digit (for
notation’s sake, let “y|g)” be the empty string). Also let ||y || denote the number of I's in y. We
now present the following Lemma:

Lemma 13. Let « be an arbitrary 2(t,,q — tstart) length binary sequence with at most L(n) 1’s, and let
v be the random binary sequence according to either P or Q. Let i € [2(tonq — tstart)]. Then (letting
aq0) = 1 for sake of notation):

=140 (W) ifOl{j} =0 andoz{,;l} =0
0.4
=1+0 (") if sy = 0 and a1y = 1
Py = o | Vi) = i) O T oy =0 and o)
Polvin = am | Vi1 = i .
olvi =iy | vii-1) = i1} =1+O(1n(nl>0»79) ifag =1anda;_1; =0
<140 <m) ifagy=1and oy =1.
Proof. First, we consider the cases where a(;; = 1. We have
L(n) — llogi—y|l
P h=1|yi—y=9al-1]l=———-"7"+. 20
olviy =11vi-y =afi-1] -G (20)

For the probability space P, we need to consider three subcases: we need to consider whether i
is even or odd, and if it is even, whether ay;_1} is 0 or 1, since each step of the d-process outputs
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two digits of the binary string. Let’s say that t corresponds to the last step in the d-process before
the i-th binary digit is generated (recall that pairs of digits are generated together). Then if i
is odd:

1 k
Pplym =11y =opi—1] = _EE [Ss:—'?-l - S'([k)|Gr:|

s 1
=" _(1+0 by (3
o (o(amm)) wo

sk 1
= 2dn/2— 1 (1 +0 <1n(n)°~79)> by (19)

_ L0 = Nyl 1
C2J(m)—(i—1) (1 +0 <ln (n)0-79)> : 1)

If i is even and -1y =1, then S(rk):L(n)—Hoz[i_l]H—}-l. At step t there are

(k) (d—1) . . S(fk)
S¢Sy + O(1) ) ordered pairs of vertices whose first vertex has degree k, and at most 2( 5 )
ordered pairs of vertices both with degree k; hence:

S0y
sV 1 o)

sH -1 1
= 22— (1 o <1n (n)°-79)> br(19)

_ L) — gyl 1
S 2J(m)—(i—1) (1 +0 <ln (n)0-79>> : (22)

Hence the final inequality of the Lemma holds by (21) and (22).
Next, consider the case where i is even and «;_1y = 0; here, S(Tk) = L(n) — |lofi—1) || once again.
At step 7 there are <S(fd_1) - S(,k)> (S(fd_l) + O(l)) ordered pairs of vertices whose first vertex has

degree greater than k, and S(rk) (S(Td_l) — (tk) + O(l)) ordered pairs of vertices for which the first

Pplyi =11 yji—1) = afi-1]] <

vertex has degree greater k and the second vertex has degree k (one can “pick the second vertex
first” to see this). Hence:

(k)
S 1 . _
Pplym =11 yi—1 =api-11]l = ﬁ <1 +0 <W>) since S(Td D S(Tk) there
T T

& 1
~ 20dn/2—1] (1 +o (W)) by (19)

_ L(n) = llai—y | 1
C2Jm)—(i—1) (1 9 (ln(n)°'79)) ’ @)

hence the third equality of the Lemma holds by (21) and (23).
Now consider «y; = 0. By modifying (20) to accommodate yy;y = 0, we have
_ L(n) — llegi-yl
Jm) —@(i-1)"
Similarly, by modifying (21) and (23), if a;;_1; = 0 then

L(n) — llagi—y |l 1
Pplyi =01 yi—n=oapi—nyl=1- m (1 +0 (W)) . (25)

Polyiy =01 yji—y=a-—yl =1 (24)
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By modifying (21) and (22), if aj—1} = 1, then

L(n) — |legi—y | 1
Pplyy =01yi-y=ap-nl=1- =t (1+0 In ()07

2J(n) — (i—1)
_ L(n) — |lafi—|l
_1+O<2J(n)—(i—1)>' .

Since L(n) = ©(1ln (1)%?) and
2J(n) — (i—1)=2]dn/2 — ] = Qdn/2 — teng) = QU(n)/ In (n)°?),

then LW leiull _ (hl(”)m). Therefore the ratio of (25) and (24) is 1+ O (W), veri-

2J(n)—(i—1) J(n)
fying the first inequality of the Lemma, and the ratio of (26) and (24)is 1 + O (%), verifying
the second inequality of the Lemma. u

Proof of Theorem 12. First, let o be an arbitrary string which satisfies the criteria in Lemma 13.
By using the Lemma 13 recursively:

Pply =«a] 1 1 In (n)%4
Poly —=a] =P {O (] ) Gy Gy T <1n om0 )>}
=1+o0(1), (27)

and if « is an arbitrary string with no two consecutive 1’s which satisfies the criteria in Lemma 13,
then by similar logic,

Pply =a]
Poly =a]
Let C be the event that y has two consecutive 1’s; we consider P[ C | Gy,,,,, = H]. We consider

probability space Q first. Recall that « is a string that has ~ 2J(n) = Q(In (n)1?) characters and at
most L(n) = O(1In (1)%2) I’s. Because Q is a truncation of a uniform distribution, the probability

of having two consecutive 1’s will be O (M> = O(In (n)~%%). Hence, by (27) we must have

=1+o0(1). (28)

J(n)
Pp[C |Gy, =H]l=0(1) and Pg[C | Gy,,, = H] =o(1). (29)

We now combine (28) and (29) to prove Theorem 12 (for ease of notation, assume we are given
Gt:tart =H):

P [S(L’;}_,M J =0} =Ppllly| =L(n)]

L(n)

=Pp[llyll=L(n) | CIPp[C] + Pp[llyll = L(n) | CIPp[C]

=Po[llyll=L(n)]+0(1)  by(28)and (29)

B (Z(tenz(_rll;start))

AW
(P H{f)”)/”””))

(Zon)

_ (4 _ o)
_<1— ) ) +o(1)

+o(1)

+0o(1)

=e " +o0(1).
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We can now complete the proof of the second statement of Theorem 8 at value k. Roughly

A=D1 g dn iy, k) ~ ). First, note

speaking, we will use Theorem 12 with L(n) ~
that S(k) L =0 h.p.) comes automatically when the rest of the statement is proved (by putting
re=0 for ¢ < k and having r; — 0). Let G, be the event that S I(r o= =0and G = ﬂkk Go, let F
be the event that (16) holds for i = ipefor (k) and Sfi)f o = =0forj<k andlet A=FN(),_;Ge.
Also, let

T = [ns(ipefore(k) /1) — 4Ex(iefore (k) nsk(ibefore (k) /1) + 4Ek (ipefore (K))]-

Note that, by part 1 of Theorem 8, by induction on the second part Theorem 8, and since
ibefore(k) > iafter(k — 1), F happens with probability 1 — o(1). Therefore:

P[G] =P [GxN Al + o(1)

= Z P |:g ‘ A ﬂ f:;o,e(k) _p>i| P [A N (nge)fore(k) :p)] + 0(1)_

pel
We can now apply (10), (15), and Theorem 12 to get

: [g ‘ An (Sg;mak) ZP)} =e " +ol)

for p € Z. We note that all o(1) functions in the sum can be made to be the same by carefully
reviewing the proof of Theorem 12. Therefore:

PGI=)" (" +o)P[AN (P =p)]+0)

pefore (k) -
pel

= ZIP’[AH( W 0 =P)]+om

— e P |:ﬂ g{| +0(1) by Theorem 8

<k

= exp Z e "t 4 o(1) by induction on Theorem 8,

proving Theorem 8.
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