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Abstract

Coloring a k-colorable graph using k colors (k > 3) is a notoriously hard problem. Considering
average case analysis allows for better results. In this work we consider the uniform distribution
over k-colorable graphs with n vertices and exactly cn edges, ¢ greater than some sufficiently large
constant. We rigorously show that all proper k-colorings of most such graphs are clustered in one
cluster, and agree on all but a small, though constant, portion of the vertices. We also describe a
polynomial time algorithm that whp finds a proper k-coloring of such a random k-colorable graph,
thus asserting that most such graphs are easy to color. This should be contrasted with the setting
of very sparse random graphs (which are k-colorable whp), where experimental results show some
regime of edge density to be difficult for many coloring heuristics.

1 Introduction

A k-coloring f of a graph G = (V, E) is a mapping from its set of vertices V to {1,2,....,k}. fisa
proper coloring of G if for every edge (u,v) € E, f(u) # f(v). The minimal k s.t. G admits a proper
k-coloring is called the chromatic number, commonly denoted by x(G). In this work we think of
k > 2 as some fixed integer, say k = 3 or k = 100.

1.1 Phase Transitions, Clusters, and Graph Coloring Heuristics

The problem of properly k-coloring a k-colorable graph is one of the most famous NP-hard problems.
The plethora of worst-case NP-hardness results for problems in graph theory motivates the study of
heuristics that give “useful” answers for “typical” subset of the problem instances, where “useful”
and “typical” are usually not well defined. One way of evaluating and comparing heuristics is by
running them on a collection of input graphs (“benchmarks”), and checking which heuristic usually
gives better results. Though empirical results are sometimes informative, we seek more rigorous
measures of evaluating heuristics. Although satisfactory approximation algorithms are known for
several NP-hard problems, the coloring problem is not amongst them. In fact, Feige and Kilian [16]
prove that no polynomial time algorithm approximates x(G) within a factor of n'=¢ for all input
graphs G on n vertices, unless ZPP=NP.
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When very little can be done in the “worst case”, comparing heuristics’ behavior on “typical”, or
“average”, instances comes to mind. One possibility of rigourously modeling such “average” instances
is to use random models. In the context of graph coloring, the G, , and G, ,, models, pioneered by
Erdés and Rényi, might appear to be the most natural candidates. A random graph G in G, ),
consists of n vertices, and each of the (g) possible edges is included w.p. p = p(n) independently
of the others. In G, ,,, m = m(n) edges are picked uniformly at random. Bollobés [9] and Luczak
[24] calculated the probable value of x(Gnp) to be whp ' approximately nln(1 — p)/(21In(np)) for
p € [Co/n,0.99]. Thus, the chromatic number of G, , is typically rather high (roughly comparable
with the average degree np of the random graph) — higher than %k, when thinking of k as some fixed

integer, say k = 3, and allowing the average degree np to be arbitrarily large.

Remarkable phenomena occurring in the random graph G, ,, are phase transitions. With
respect to the property of being k-colorable, such a phase transition takes place too. More precisely,
there exists a threshold dy = di(n) such that graphs with average degree 2m/n > (1 + £)d;, do not
admit any proper k-coloring whp, while graphs with a lower average degree 2m/n < (1 — ¢)dj, will
have one whp [1]. In fact, experimental results show that random graphs with average degree just
below the k-colorability threshold (which are thus k-colorable whp) are “hard” for many coloring
heuristics. One possible explanation for this, backed up by partially non-rigorous analytical tools
from statistical physics [27], is the surmise that k-colorable graphs with average degree just below the
threshold show a clustering phenomenon of the solution space. That is, typically random graphs
with density close to the threshold dj have an exponential number of clusters of k-colorings. While
any two k-colorings in distinct clusters disagree on at least en vertices, any two k-colorings within
one cluster coincide on (1 — ¢)n vertices. Furthermore, each cluster has a linear number of “frozen”
vertices (a subset of vertices U C V is said to be frozen in G if in every proper k-coloring of G all
vertices in U receive the same color. A vertex is said to be frozen if it belongs to a frozen subset
of vertices). Recently some supporting evidence for this theory was proved rigorously for random
k-SAT, k > 8 [25, 5, 26]

Now, the algorithmic difficulty with such a clustered solution space seems to be that the algorithm
does not “steer” into one cluster but tries to find a “compromise” between the colorings in distinct
clusters, which actually is impossible. By contrast, the recent Survey Propagation algorithm can
apparently cope with the existence of a huge number of clusters [11], though no rigorous analysis of
the algorithm is known.

In this work we consider the regime of denser graphs, i.e. the average degree will be by a constant
factor higher than the k-colorability threshold. In this regime, almost all graphs are not k-colorable,
and therefore we shall condition on the event that the random graph is k-colorable. Thus, we consider
the most natural distribution on k-colorable graphs with given numbers n of vertices and m of edges,

namely, the uniform distribution Q;L“;lrfo,gm For m/n > Cy, Cy a sufficiently large constant, we are

able to rigorously prove that the space of all proper k-colorings of a typical graph in Q,‘;r;}fo,gm has

the following structure: an exponential number of proper k-colorings arranged in a single cluster.
We also describe a polynomial time algorithm that whp k-colors Q;L”;‘,fo,gm with m > Cyn edges .

Thus, our result shows that when a k-colorable graph has a single cluster of k-colorings, though
its volume may be exponential, then typically the problem is easy. This in some sense complements in
a rigorous way the results in [27, 12] (where it is conjectured that when the clustering is complicated,
more sophisticated algorithms are needed). Besides, standard probabilistic calculations show that
when m > Cnlogn, C a sufficiently large constant, a random k-colorable graph will have whp only
one proper k-coloring; indeed, it is known that such graphs are even easier to color than in the case

"When writing whp (“with high probability”) we mean with probability tending to 1 as n goes to infinity.



m = O(n), which is the focus of this paper. A further appealing implication of our result is the
fact that almost all k-colorable graphs, sparse or dense, can be efficiently colored. This extends a
previous result from [29] concerning dense graphs (i.e., m = ©(n?)).

1.2 Results and Techniques

In this section we state our main results precisely. First, we discuss the structure of the solution
space (i.e., the set of all proper k-colorings) of ggr;;fogm. Formally we prove:

Theorem 1.1. (clustering phenomena) Let G be random graph from g;f;gogm, m > Co(k)n, Co(k)
a sufficiently large constant that depends on k. Then whp G enjoys the following properties:

1. All but e=®™/™p yertices are frozen.

2. The graph induced by the non-frozen vertices decomposes into connected components of at most
logarithmic size.

3. Letting B(G) be the number of proper k-colorings of G, we have %log B(G) = e Om/n),

Notice that property 1 implies in particular that any two proper k-colorings differ on at most
e=©(m/n)y vertices. The above characterization of the solution space of g;r;;fogm leads to the fol-
lowing algorithmic result:

Theorem 1.2. (algorithm) There exists a polynomial time algorithm that whp properly k-colors a
random graph from Q;;r;}lfogm, m > Cy(k)n, Ci(k) a sufficiently large constant that depends on k.
Specifically, we prove that the polynomial time algorithm in Theorem 1.2 is the one presented by
Alon and Kahale [6] (more details in Section 4). Our analysis gives for Cp, C; = O(k*), but no
serious attempt was made to optimize the power of k.

The Erdés-Rényi graph Gy, , and its well known variant G, ,, are both very well understood and
have received much attention during the past years. However, the event of a random graph in G, ,,
being k colorable, when k is fixed and the average degree 2m/n is above the k-colorability threshold,
is very unlikely. Therefore, the distribution Q;ﬁf"ém differs from G, ,, significantly. In effect, many

techniques that have become standard in the study of G, ,, just do not carry over to g;f;jfogm —at

uniform

least not directly. In particular, the contriving event of being k-colorable causes the edges in Qn ek

to be dependent. The inherent difficulty of gumform has led many researchers to consider the more
approachable, but considerably less natural, planted distribution introduced by Kucera [23] and
denoted throughout by inlféltk In this context we can selectively mention [6, 8, 10, 13, 22]. In
the planted distribution, one first fixes some k-coloring (that is a partition of the vertices into k
color classes), and then picks uniformly at random m edges that respect this coloring. Due to the

“constructive” definition of gpla“t

gplan

the techniques developed in the study of G, ,, can be applied to

' immediately, whence the model is rather well understood [6].

Of course the gf;l;jfk model is somewhat artificial and therefore provides a less natural model

uniform
n,m,k

uniform

n,m,k
paper we show that g,gl;;fogm and actually share many structural graph properties such as the

existence of a single cluster of solutlons As a consequence, we can prove that a certain algorithm,

designed with Qslz?tk in mind, works for g;l;;fogm as well. In other words, presenting new methods

. Nevertheless, devising new ideas for analyzing G
gplan

of random instances than G , in this



for analyzing heuristics on random graphs, we can show that algorithmic techniques invented for the
somewhat artificial Qplan i model extend to the canonical g;;r;;fogm

To obtain these results, we use two main techniques. gglzftk (and the analogous gp ar}C in which
every edge respecting the planted k-coloring is included with probability p) is already very well
understood, and in particular the probability of some graph properties that interest us can be easily
estimated for lezftk using standard probabilistic calculations. It then remains to find a reasonable

gplant

“exchange rate” between . and g;;f;j{ogm. We use this approach to estimate the probability of

“complicated” graph properties, which hold with extremely high probability in gglj‘,‘;‘; The other

method is directly analyzing Q“mform, crucially overcoming edge-dependency issues. This method
tends to be more complicated than the first one, and involves intricate counting arguments.

1.3 Related Work

The k-colorability problem exhibits a sharp threshold phenomena in the sense that there exists a
function dj(n) s.t. a random graph from G, ,, is whp k-colorable if 2m/n < (1 — €)di(n) and is whp
not k-colorable if 2m/n > (1+¢)dy(n) (cf. [1]). For example, it is known that d3(n) > 4.03n [3] and
ds(n) < 5.044n [2]. Therefore, a typical graph in G, ,, with m = cn will not be k-colorable (when
thinking of k as a fixed integer, say k = 3, and allowing the average degree ¢ to be an arbitrary

constant, say ¢ = 100, or even a growing function of n). Thus, when considering relatively dense
plant

random graphs, one should take care when defining the underlying distribution, e.g. consider G, "

or gunlform .

Almost all polynomial-time coloring heuristics suggested so far were analyzed when the input
graph is sampled according to gg};f}j, or various semi-random variants thereof (and similarly for
other graph problems such as clique, independent set, and random satisfiability problems). Alon and
Kahale [6] suggest a polynomial time algorithm, based on spectral techniques, that whp properly k-

colors a random graph from gpla ! np > Cok?, Cp a sufficiently large constant. Combining techniques
from [6] and [13], Bottcher [1()] suggests an expected polynomial time algorithm for g};’ljf}j based on

SDP (semi-definite programming) for the same p values. Much work was done also on semi-random
variants of Qslzr};, e.g. [8, 13, 17, 22].

On the other hand, very little is known on non-planted distributions over k-colorable graph, such
as ggf;i,fogm In this context one can mention the work of Promel and Steger [28] who analyze gumform

but with a parameterization which causes Q“mfokrm and gpla“ to coincide, thus not shedding light on
the setting of interest in this work. Slmllarly, Dyer and Fr1eze [15] deal with very dense graphs (of
average degree (n)).

1.4 Paper’s Structure

The rest of the paper is structured as follows. We first discuss in Section 2 some general proper-
ties that a random graph in ggf;irfogm typically possesses. Then in Section 3 we discuss some more
properties that correspond to the 7clustering phenomena — this in turn will imply Theorem 1.1. The
algorithmic perspective is discussed in Section 4 along with a proof of Theorem 1.2. Concluding
remarks are given in Section 7. Sections 5 and 6 complete the technical details missing in Sections

2 and 3.
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2 General Properties of G

In this section we discuss general properties that a random graph in g;f;irfogm typically possesses.

These properties are not particular to g;f;jfogm, rather are common (maybe in a slightly different

formulation) to many graph distributions, for example G, ;, and G, .

We start by discussing the discrepancy property (such discussions are ample for G, , and g;jf;f};,
e.g. [6, 19, 20]). This discussion may be of interest of its own, as generally discrepancy properties
play a fundamental role in the proof of many important graph properties such as expansion, the
spectra of the adjacency matrix, etc, and indeed the discrepancy property plays in our case a major
role both in the algorithmic perspective and in the analysis of the clustering phenomena. Therefore,
the new approach taken here in establishing the discrepancy property may be of use in other settings
where edges are dependent. For another example of proving discrepancy in a model where edges are

dependent the reader is referred to [7].

uniform

Proposition 2.1. Let G be a random graph in gmm’k ,m > Cok'On, Cy a sufficiently large constant.
Then whp the following holds for every proper k-coloring ¢ of G. Let Vi,..., V) be the k color classes

of ¢, and set p = p(p) s.t. m = (ZK]- |VZ||V]|) p holds. Let G’ be the graph obtained from G by

remouving vertices with degree greater than 10np. There exists a constant ¢ s.t. for every two sets of
vertices A, B, |A| = a < |B| = b, at least ones of the following two conditions holds for G':

e ¢(A,B) <c-u(A,B),

e ¢(A,B)- ln(z((‘::g))) <c-b-Inf,

where u(A, B) = |A||Blp.

Note that if A and B in Proposition 2.1 are disjoint then pu(A, B) is the expected number of

ant

edges between A and B, had the underlying probability space been ggl . With ¢ as the planted

m
assignment. Otherwise, p(A, B) is an upper bound on that value.

The proof of this proposition is an example of the direct analysis approach. That is, overcoming
the edge-dependency issue, using an intricate counting argument, we directly analyze g;r;;fogm.

As a corollary of Proposition 2.1 we get the following fact — Corollary 2.2. This fact (in a
somewhat different formulation) is proved e.g. in [6] for the planted setting, and is common in the
study of random graphs in general.

uniform
n,m,k

m > Cok*n, Co = Co(8) a sufficiently large constant. Then whp there exists no subgraph of G on at
most on/(1000k) vertices in which the average degree is at least dm/(nk).

Corollary 2.2. Let § € (0,1] be some positive number. Let G be a random graph in G

The next property, whose proof builds upon the discrepancy property just stated, concerns the
spectral properties of the adjacency matrix of a typical graph in ggf;jfogm. Let us start by giving
some intuition for considering the spectrum of the graph. For the sake of simplicity assume k = 3.
Suppose that every vertex in G had exactly d neighbors in every color class other than its own.
Let F be the 2-dimensional subspace of all vectors @ = (x, : v € V) which are constant on every
color class, and whose sum is 0. A simple calculation shows that any non-zero element of F' is an
eigenvector of A = A(G) (A being the adjacency matrix of G) with eigenvalue —d. Moreover, if E is

the union of random matchings, one can show that —d is whp the smallest eigenvalue of A and that



F is precisely the eigenspace corresponding to —d. Thus, any linear combination ¢ of e,_1 and e, is
constant on every color class (e,—1, e, being the two smallest eigenvectors of A). If the median of ¢
is 0 and its lo-norm is v/2n, then t takes the values 0, 1 or -1 depending on the color class, and this
gives a proper coloring of GG. In our model these regularity assumptions do not hold, and therefore
the spectral step only gives an approximation of some proper k-coloring. A further complication in
our setting is the fact that the edges of G are not independent, which is the usual assumption in
papers where the spectrum of random graphs is analyzed, for example [6, 19, 20]. Therefore the
analysis in our case is more complicated.

Notation. Let G = (V, E) be distributed according to G™™  Let dy,, = 2m/n be the average
degree in G, G’ = (V', E’) be the graph obtained from G by7 deleting all vertices of degree greater
than 2d,,g, and A’ be the adjacency matrix of G’. For a symmetric matrix M € R?%9, denote by
A1 > Ay > ... > )\, the eigenvalues of M, by ey, e, ..., e, the corresponding eigenvectors, chosen so
that they form an orthonormal basis of R?, and ||M| = max;|\;|. Given a n x n matrix M that
corresponds in some way to a m-vertexed graph, we usually index the rows and columns of M by
the vertices of the graph. For example, given two vertex sets V;,V; C V, we let Jy,xy; be the n x n
matrix whose entries are J,, =1 if (u,v) € V; x V}, and J,, = 0 otherwise.

uniform

Proposition 2.3. Let G' be a random graph in G709, m > Cok'0n, Cy a sufficiently large constant.
G’ has whp a k-coloring Vi,...,V} such that the following holds. Let A’ be the adjacency matriz of

G, p=mt i ViV, and M' = (Z#ij‘/iX‘/j) — A", Then ||M'|| < (davg/k)?. Moreover,
VAV < n/davg.

Let us sketch how Proposition 2.3 completes the motivation we just gave. For a k-coloring
Vi,..., Vi of G we let 1y, € R™ denote the vector whose entries are 1 for V; and 0 otherwise, 1 be the
all-one vector, and £(7) = 1y, — 1y,. Generalizing the above discussion for any fixed k (assuming
again that every vertex in G has exactly d neighbors in every color class other than its own), then
one can easily verify that the £¢(7)’s are eigenvectors of A(G) with eigenvalue —d. Furthermore,
together with the all-one vector, 1, they span a k-dimensional subspace K C R". It is also easy
to verify that K LM’ (M’ as defined in Proposition 2.3). Therefore, M’ is a shift of A" so that the
k eigenvectors corresponding the to largest eigenvalues (in absolute value) — are projected out. If
we further assume that d = dye/(k — 1) (that is, every vertex has the same number of vertices in
every color class other than its own), then |[M’|| < (davg/k)*? tells us that the other eigenvalues
of A, the ones perpendicular to K, are negligible w.r.t. to the ones corresponding to K. Therefore
the “dominant” part of A corresponds to the eigenvalues of the proper coloring, even when these
eigenvectors are somewhat distorted due to the “noise” coming from the irregularly of the graph.

3 The Clustering Phenomenon

In this section we analyze the solution space (proper k-colorings) of a typical random graph in
g;f;;fogm, m > Cyn, Cy a sufficiently large constant, and prove Theorem 1.1. Our techniques should
be contrasted with the techniques used to analyze the solution space of near-threshold (both above
and below) instances. In this context one can mention the work in [25, 4, 5, 26], where the structure
of the solution space was analyzed directly (mainly using second moment calculations). This is
possible due to the fair simpleness of the underlying probabilistic model (edges are chosen uniformly
at random, in G, ,,, or independently of each other in G, ;). In our setting, ggf;i,fogm, the edges are
far from being independent of each other, and therefore trying to characterize ({iréctly the relations



between the different k-colorings may lead to a dead-end. In this paper we take a different approach.
We start by studying the structure of a typical graph in ggr;i,fogm. We are able to characterize such
graphs in a manner which reveals the geometrical structure of the solution space. In particular, this

suffices to prove Theorem 1.1.

We describe a subset of the vertices, referred to as the core vertices, which plays a crucial role in
understanding Qg‘;f};m, both algorithmically and w.r.t. the clustering phenomena. To get intuition,

first consider the distribution gﬁliftk, and the case k = 3 (that is, 3-colorable graphs with exactly m
edges). Every vertex v is expected to have m/n neighbors in every color class other than its own.

Suppose indeed that this is the case. To complete the discussion we need two extra facts.

Fact 3.1. Let G be a random graph in gg}fﬁ%, m/n > Cy, Cy a sufficiently large constant. Then
whp there exists no subgraph of G containing at most n/1000 vertices whose average degree is at
least m/n.

Fact 3.2. Let G be a random graph in gplant m/n > Cy, Cy a sufficiently large constant. Then

n,m,3’
whp there exists no two proper 3-colorings of G at distances at least n/1000 from each other.

“Distance” should be interpreted in the natural sense, a precise definition is given later on. Fact
3.1, with somewhat different constants is proven in [6] (and also in this paper — Corollary 2.2 for
the uniform setting), and Fact 3.2 is proven using first moment calculations (similar arguments to
Lemma 6.18 ahead).

Now suppose that these two facts are indeed true (which is typically the case), and further assume
that every vertex has the expected number of neighbors in every color class (which is typically not
the case when m/n is constant). Then we claim that the graph is uniquely 3-colorable. If not, then
let 1) be a proper 3-coloring of the graph, not equal to the planted 3-coloring . Let U be the set
of vertices that are colored differently in ¢ and ¢. Every u € U, say 1(u) = ¢, must have at least
m/n neighbors in G[U] — the neighbors of u in G which are colored ¢ according to ¢. However,
|U| < n/1000 due to Fact 3.2, but the minimal degree in G[U] is at least m/n, contradicting Fact
3.1.

Observe that if this is the case, then all vertices of the graph are frozen. When m/n > Cylogn,
then whp every vertex in G has roughly m/n neighbors in every color class other than its own, and

combined with the two facts, one derives that typically such graphs in g};}f;ﬁ ts are uniquely 3-colorable.

However, when m/n = O(1) this is whp not the case. In particular, whp e=0(m/n)y vertices will be
isolated (degree 0). Nevertheless, in the case m/n = O(1) there exists a large subgraph of G showing
a very similar behavior to the aforementioned one, both in the planted and the uniform setting. The
set of vertices inducing this subgraph is called a core. A similar notion of core, though in a different

context, was first introduced by Alon and Kahale [6].

Definition 3.3. A set of vertices H is called a d-core of G = (V, E) w.r.t. a proper k-coloring v of
the vertices of G with color classes Vi, ..., Vi, if the following properties hold for every v € H.:

e v has at least (1 — 0)|Vi|p; neighbors in H NV, for every i # ¥ (v).
e v has at most or neighbors from V \ 'H,

2m

1
where p; = =% - il and r = max; |V|p;.



We proceed by asserting some properties that a core typically possesses. Before doing so, we
assert two facts that do not concern directly the core, but play an important role in proving the
core’s properties. A graph G is said to be e-balanced if it a admits a proper k-coloring in which
every color class is of size (1 £ ¢)7. We say that a graph is balanced if it is 0-balanced.

In the common definition of gglf‘;“k all color classes of the planted k-coloring are of the same

cardinality, namely n/k. Therefore, all graphs in ggljjf; have at least one balanced k-coloring (the

planted one). In the uniform setting this need not be the case, at least not a-priori. However, as the
following proposition asserts, this is basically the case whp.

Proposition 3.4. Let m > (10k)*, then whp a random graph in ggf;jfogm is 0.01-balanced.

Propositions of similar flavor to Proposition 3.4 were proven in similar contexts e.g. [28], and
involve rather simple counting arguments. The second property to be established is the following. A
graph G in Qh‘r;gokrm is said to be c-concentrated w.r.t. a proper k-coloring ¢ of G if every coloring
at distance at least n/c from 1 leaves at least m/c?> monochromatic edges.
uniform
nm,k
m > Cok*n, Cy = Co(8) a sufficiently large constant. Then whp there exists a proper k-coloring ¢
of G w.r.t. which G is §/(1000k)-concentrated.

Proposition 3.5. Let 6 € [0,1] be some positive number. Let G be a random graph in G

We now proceed with the core’s properties.

Proposition 3.6. Let § € (0,1) be some positive number. Let G be a random graph in Q;L"‘;irf?gm,

m > Cok*n, Co = Co(9) a sufficiently large constant. Then there exist two constants ao(5),a1(8) > 0
(independent of m,n) so that whp there exists a proper k-coloring ¢ of G w.r.t. which there exists a
d-core H satisfying:

o |H| > (1— e ™/ (@nk))y,
e The number of edges spanned by H is at least (1 — e_m/(alnkg))m.

e Ewvery color class V; of ¢ satisfies 0.99n/k < |V;| < 1.01n/k.

As discussed above for the planted model, if the average degree is sufficiently high (at least
logarithmic), then typically H = V. This is also typically the case in Q;L”}lrfo,gm with m/n > Cylogn.
When m/n = O(1), this is no longer true (in either model), as for example whp there is a linear

number of vertices with degree d for every constant d (in particular d = 0).

uniform

Proposition 3.7. Let G' be a random graph in G 9™, m > Cok'0n, Cy a sufficiently large constant.
Let 'H be some §-core of G for which Proposition 3.6 holds, and let @ be the underlying k-coloring. If
G satisfies Proposition 3.5 w.r.t. ¢, and in addition G satisfies Corollary 2.2, then G[H] is uniquely
k-colorable.

Here and throughout we consider two k-colorings to be the same if one is a permutation of the
color classes of the other.

Proposition 3.8. If H,H' are §-cores of G, and both are uniquely k-colorable, then H U H' is a
d-core as well. Hence, whp there is a unique maximal §-core.



Proof. Let H, H' be two d-cores of G with corresponding colorings Vi,...,V; and V{,...,V/. We
denote by. By the uniqueness of the coloring it holds that every V; N 'H intersects exactly one Vj’ .
Therefore, w.l.o.g. we may assume that V; N'H C V/ for every i. Hence, it is easily verified that
H UH' meets the definition of a core (Definition 3.3) w.r.t. Vi,...,Vj (which equals V{,..., V). B

For the rest of the paper, when we refer to a J-core w.r.t. some coloring, we mean the maximal
(unique) one.
Proposition 3.9. Fiz § € (0,1) and let G be a random graph in Q;L“;irfogm, m > Cok'*n, Cy a
sufficiently large constant. Let H be a d-core of G, and let G[V \ H] be the graph induced by the
non-core vertices. If |H| > (1—e=©m/ (k) Yn then whp the largest connected component in G[V \'H]
is of size O(logn).

Some of the properties discussed in this section were proved in the planted setting gs}iﬂ, e.g. in
[6, 10]. Nevertheless, these proofs use the fact that the edges are chosen uniformly at random. This is
of course not the case in the uniform setting (as most choices of m edges uniformly at random result
in a graph which is not k-colorable). Therefore, a different approach is needed. One proof technique
which we use to prove the core’s properties is similar in some sense to the union bound. We first
bound the probability that a graph in g};ljfjtk does not have the desired property, then we find an

exchange rate between the probability of a certain “bad” event occurring in G° ff;tk VS. g;f;;jogm. This

technique can be applied to “bad” properties that occur with extremely low probability in gglm
(in the order of e®() as the exchange rate that we establish is exponential in n. A detailed
exposition of the exchange rate technique is given in Section 5. Unfortunately, some properties, for
example Proposition 3.9, hold only with probability 1 —1/poly(n) in lef:;tk. Therefore the exchange
rate technique is of no use. Crucially overcoming the edge—dependen’cy’ issue we directly analyze
the uniform distribution. This proof technique, employed e.g. in the proof of Proposition 2.1 and
Proposition 3.9, is technically involved, and exemplifies an analysis of a distribution where the events
(edge-choice in our case) are dependent, and this dependency seems rather difficult to quantify (and

therefore none of the “standard” probabilistic method tools are applicable, at least not immediately).

3.1 Proof of Theorem 1.1

Theorem 1.1 is now an easy consequence of the above discussion. Proposition 3.6 asserts that whp a

graph in Q;L”};fokrm, with the suitable parametrization, will have a big core w.r.t. some proper k-coloring

of the vertex set — namely, all but e=©("/™)n, vertices belong to the core. Proposition 3.8 then entails
that the core is uniquely k-colorable. Namely, in all proper k-colorings, the core vertices are frozen.
Furthermore, this also implies that there is only one cluster of proper k-colorings, in which every
two colorings differ on the color of at most e~ ©(™/™)p, vertices. Also, the number of different proper
k-colorings is bounded by exp{e~®(™/™n} (all the possibilities of coloring the non-core vertices).

Lastly, Proposition 3.9 asserts the “simpleness” of the subgraph induced by the non-core vertices.

4 The Algorithmic Perspective

In Sections 2 and 3 we implicitly proved that a typical graph in g;;f;;fogm and in gglj;‘; share many

structural properties: spectral properties of the adjacency matrix, the existence of a core, and some
properties that it typically enjoys, the non-existence of small yet unexpectedly dense subgraphs



(Corollary 2.2), and so on. In effect, it will turn out that coloring heuristics that prove efficient for
ggljjftk (e.g. [6, 13]) are useful in the uniform setting as well. In particular we shall prove that the
coloring algorithm given in [6], designed with the planted distribution in mind, also works in the
uniform case. Thus, one merit of our work is justifying the somewhat unnatural usage of planted-

solution distributions in average case analysis.

For the sake of completeness we start by giving a short description of Alon and Kahale’s algorithm,
and discuss the outline of their proof. When describing the algorithm we have a sparse graph in
mind, namely m/n = ¢, ¢ a constant satisfying ¢ > Cok* (in the denser setting, m/n = Q(logn),
matters actually get much simpler).

In the description of the algorithm we use the subprocedure SpectralApprox(G, k), which we
describe in Section 4.1.

Alon-Kahale(G, k):
step 1: spectral approximation.
1. SpectralApprox(G, k).
step 2: recoloring procedure.
2. for i =1 to logn do:
2.a for all v € V' simultaneously color v with the least popular color amongst its neighbors.
step 3: uncoloring procedure.
3. while Jv € V with less than m/(n(k — 1)) neighbors colored in some other color do:
3.a uncolor v.
step 4: Ezhaustive Search.
4. let U C Vbe the set of uncolored vertices.
5. consider the graph G[U].
5.a if there exists a connected component of size at least logn — fail.
5.b otherwise, exhaustively extend the coloring of V' \ U to G[U].

Figure 1: Alon and Kahale’s coloring algorithm

The following theorem is given in [6] (there it is stated with & = 3 but the authors point out that it
generalizes to any constant k):

plant
n,m,k’ m >

Theorem 4.1. The algorithm Alon-Kahale whp properly k-colors a random graph from G
Cok?n, Cy a sufficiently large constant.

The algorithm and Theorem 4.1 are originally presented for g}jl;“; , however as pointed out by

plant

the authors, and as Lemma 5.1 implies, one can safely state it for G, """ .

The proof of Theorem 4.1 (according to [6]) proceeds as follows. First, four graph properties
plant

nom. With the parametrization of

are described, and claimed to hold whp for a random graph in G
Theorem 4.1. The graph properties are:

P1. The matrix M’ defined as in Proposition 2.3 satisfies ||M’|| < d*?, where d = 2m/(nk).

P2. There exists no subgraph of G containing at most n/(1000k) vertices whose average degree is
at least m/(nk).

10



P3. There exists a 0.99-core H (w.r.t. the planted coloring) whose size is at least (1 — e~©/™)p

P4. The largest connected component in the the subgraph induced by the non-core vertices is of
size O(logn).

P2 is stated in [6] in a slightly different formulation, and arguably the proof of Theorem 4.1 is a
bit simpler when using P2 in our formulation.

Now call a graph that possesses P1-P4 typical. Alon and Kahale [6] first prove that indeed whp
a graph sampled from lezﬁ is typical. Therefore, one may restrict oneself to typical graphs when
proving Theorem 4.1. The proof of the theorem is composed of the following assertions, which are
also to be found in [6]. For a planted graph G, we denote by ¢ its planted k-coloring.

Proposition 4.2. Assuming G is typical, SpectralApprox(G, k) produces a k-coloring which differs
from ¢ on at most n/(1000k) vertices.

Proposition 4.3. Assuming G is typical and Proposition 4.2 holds, after the recoloring step ends,
the core is colored according to the planted k-coloring p.

Proposition 4.4. Assuming G is typical and Proposition 4.8 holds, the core vertices survive the
uncoloring step, and every verter that survives the uncoloring step is colored according to .

Proposition 4.5. Assuming G is typical and Proposition 4.4 holds, the exhaustive search completes
in polynomial time with a proper k-coloring of the entire graph.

The proof of Propositions 4.2-4.5, given of course in [6], relies only on P1-P4. Therefore to prove
Theorem 1.2 it suffices to prove that whp a graph in gﬁ%‘)ﬁm enjoys properties P1-P4. One delicate
point that needs to be discussed is the fact that an instance from Q;I}ifo,gm does not have a planted
coloring. Nevertheless, it suffices to show that there exists a proper lé—cbloring w.r.t. which P1-P4

hold (as the algorithm is not required to find any particular coloring, just a proper one).

P1 is given by Proposition 2.3, P2 by Corollary 2.2, P3 in Proposition 3.6, and P4 in Proposition
3.9. Propositions 3.6 and 2.3, as stated, do not guarantee a-priori that P1 and P3 should correspond
to the same proper k-coloring (which is required to prove Theorem 4.1). Nevertheless, going through
the proofs of these propositions it is easily verified that indeed this is the case.

Remark 4.6. Alon and Kahale analyze only the case k = 3, that is 3 colorable graphs. For k = 3
one can do with a rather simple procedure in the spectral step. Though the authors of [6] state that
their result generalizes to any fized k, no clue is given as for the extension of the spectral step to the
case k > 3. One contribution of this work is to explicitly fill out this missing detail — the procedure
SpcetralApprox. Thus, we also give a full proof of Proposition 4.2 in Section 6.3.

4.1 The procedure SpectralApprox(G, k).

Before presenting the procedure SpectralApprox(G, k) let us give some motivation. Suppose that
G has only one proper k-coloring with color classes Vi, ..., Vi, and let £ = Z#j pJvixv; (Jvixy; is
defined in the notation paragraph before Proposition 2.3 and p satisfies m = <ZZ < VillV; ]) p ). The

matrix &€ just reflects the coloring Vi,..., V. Namely, if we think of p as the “edge density” of the
bipartite graph consisting of the V;-Vj-edges (i # j), then € reflects the expected edge distribution
of the k-partite graph G. In fact, if we could compute £ efficiently then we could easily obtain the

11



coloring Vi, ...,V of G using the following simple greedy rule: u and v belong to the same color
class iff ||, — &u|| = 0, where [|z|| denotes the 3 norm of a vector z € R", and &, denotes the
vt column of the matrix £. Though we are not given £ we can obtain a fair approximation of it.
Specifically, let A signify the rank k approzimation of A(G), obtained as follows. Let Aq,...,A\; be
the largest eigenvalues of A(G) in absolute value, and let ey, ..., e, be corresponding eigenvectors.
Then A = Zle )\ieie?. As we shall prove in Section 6.3, A approximates £ is some sense and
therefore one can use A to compute a good approximation of a proper k-coloring of G. Recall that
for a graph G we use G’ to denote the graph obtained from G by deleting all vertices of degree
greater than 2dg,g (dawg = 2m/n is the average degree in G).

SpectralApprox(G, k):
1. Compute A for A(G").
2. For each v € V' determine the set S, = {w € V : | A, — Ay < 0.01np?/k}.
3. Let X =10.

4. For i =1,...,k find a vertex z; such that X; = |S,, \ X| > (1 —107'9)%; add X; to X.

5. Output the classes X1,..., X}.

Figure 2: SpectralApprox(G, k)

5 The Exchange Rate Technique

Let A be some graph property (it would be convenient for the reader to think of A as a ”bad”
property). We start by determining the exchange rate for Pr[A] between the different distributions.
Recall that in the uniform distribution there need not be a balanced k-coloring, as opposed to the
common definition of the planted distribution where the planted k-coloring is balanced (i.e. all color
classes are of size n/k). Therefore more refined definitions are needed. In addition to the “regular”
parameters m,n (or p,n) of the planted /uniform distribution, we introduce k additional parameters
€1,€2,...,6x € (—1,k — 1], > &; = 0, which characterize the sizes of the different color classes of a
proper k-coloring. Specifically, we denote by ggf;f}j’ - € = (€1,€2,...,€k), the distribution where first
the vertices are partitioned in to k color classes so that |V;| = (1 4 ;)n/k for every i. Then, every
Vi — Vj edge is included w.p. p. Similarly we define gg}zﬁ,g- We define Q;‘r;;fogr? to be the uniform
distribution over k-colorable graphs that have at least one proper k-coloring where the color classes
satisfy |V;| = (1 +e;)n/k.

We use the following notation to denote the probability of A under the various distributions:
pruniformmel A denotes the probability of property A occurring under Guniform = pyplanted;m.&[ A for

n,m,k,g?
plant planted,n,p,& plant
Gnmker 20d Pr [A] for G, k=

We shall be mostly interested in the case m = (Zi<j "/ZH‘/JD p, namely m is the expected

ZI;IE - The following lemma, which is proved using rather standard probabilistic

plant plant
n,p,k,& - gn,m,k,e“

number of edges in G

calculations, establishes the exchange rate for G

12



Lemma 5.1. (lezr};g Elf;tk =) Let A be some graph property. The following is true when m and

p satisfy m = (. VIVi) p
Prplanted,m,s‘[A] < O(\/E) . Prplanted,n,p,s‘[A].

plant
n,p,k,g"

prplantednpel Al - Since the distribution of edges in gf;l;f}j - is binomial, and m is chosen to be the

expected number of edges, standard calculations show that w.p. Q(1/y/m), G has exactly m edges.
Also observe that GP™™ _ =GP | fThe graph has exactly m edges}. Therefore PrPlantedme[ 4] —

n,m,k,s n,p,k,&

Prplanted,n,p,é[A]/Q(l/\/m) (\/>) X P,rplanted n,p,& [A] [ ]

Proof.(Outline) Let G be a random graph sampled according to G G has property A w.p.

Next, we obtain Qfl’l?nntk == Q;rgfoér?, which is rather involved technically and whose proof embeds
interesting results of their own — for example, bounding the expected number of proper k-colorings

of a graph in Q;fﬁlfo,gr? The passage G° f:‘;c c g;f;;fogfg is composed of the following two lemmas.

Lemma 5.2. Let A be some graph property, then

Pruniform,m,E[A] < Cl (n’ /{,8_) . Prplanted,m,a’[A]’

uniform

where Cy(n, k,€) stands for the expected number of proper k-colorings that a random graph in G 4

has.
Lemma 5.3. Let ¢ = (e1,€2,...,e%) s.t. Vi |g;| <0.01, then

—m/(lOnkg)n

Cl (TL, k’ 5_) < 6ke

The following proposition formulates the exchange rate technique in a “practical” way.

Proposition 5.4. Let A be some graph property. Then

Pruniform,m[A] < 0(1) + nk . eke*m/(lonk‘g)n . max PT’planted’m’g[A]
&:Vi,|e;1<0.01

Proof. Let K be set of all k-colorable graphs with exactly m edges, and let Kz be all k-colorable
graphs that have at least one proper k-coloring with color classes according to €. Proposition 3.4
asserts that
U Ke=@-om)k.
&:Vi,|e4]<0.01

Set .
ke—m/(10nk™)p, P,rplanted,m,é[A]

Q
my
|

i

o= max Oz
¥4, || <0.01

Lemmas 5.2 and 5.3 ensure that at most az—fraction of the graphs in Kz have property .A. Therefore,
the number of graphs in X that have property A is at most

(0(1) k. a) K.
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The n* factor comes from the fact that there are at most n* ways to choose & (that is, at most n*
different Cs’s). [

Proof.(Lemma 5.2) Fix £ = (e1,¢€9,...,¢;) and let B(n,k,&) be the total number of proper k-
colorings on n vertices with the prescribed sizes of the color classes (when we consider two colorings
to be the same if one is just a permutation of the color classes of the other). Throughout this section,
when referring to a k-coloring, we mean a coloring with the prescribed sizes of the color classes, when
€ is clear from the context. Recall that Cy(n,k,¢&) is defined to be the expected number of proper
k-colorings that a random graph in g;r;;foggl has, and Cs(n, k, €) is defined similarly for gﬁ}f;tk’é. Let
t; be the number of graphs on n vertices and m edges which have exactly ¢ proper k-colorings. Let

p; be the probability that a graph with exactly ¢ proper k-colorings is sampled from gume,ggl, and

let g; be defined similarly for g}jl:f; = For a k-coloring ¢, let Ay, be the number of graphs on n

vertices with m edges for which ¢ is a proper k-coloring. Observe that due to symmetry A, , , is
the same for every ¢ — thus we omit the ¢ subscript. In the above notation

S
q; = tz ! —~ !
(n,k,8) Apm

Further observe that
B(n,k, &) Z J-tj.

This is because every graph with j balanced k—colorlngs was counted exactly j times in the product
B(n, k,€) - Ay . Lastly,

k™ kn
_ . Doigi-t
Cl(n)k75) = ZZ P = T—k" ,
i=1 Zi:lti

5(n, k, &) qu— Doy it :Zfﬁlﬂ'ti.
’ (n, k,€) - Anm Zlel-ti

Next we obtain the following bound:

P uniform,m,&
! _[A] < max &
Prplanted,m,a [A] i

This is established in the following discussion. Let K4 be the set of graphs in gumf .2 for which
property A holds.

Pruniform,m,é[A] _ Z Pruniform,m,s’[G] Prplanted,m,é[A] _ Z Prplanted,m,E[G]
= , = .
GeK 4 GeK 4

Now let b = max; ££. For every G in K4 it holds that pruniformmeray < . ppplantedm e - Therefore,

Z Pruniform,m,é[G] < Z b Prplanted,m,g[G] —p. Z PTplanted,m,é[G]‘
GeK 4 GeK 4 GeK 4

pPi

It now remains to estimate max; et
3
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PTuniform,m,g[A] < max pi ~ max < t; ) . (B(TL, k, E) . An,m)
>j=1ti

PTplanted,m,é[A] - g i ?’Zl it
kmo kn
1 Zj:l-] tj Zj:lj 2 _
=max | - - o = o max — | = Ci(n, k, ).
o\ it > =1t vt
|
Since directly estimating C1(n, k, &) seems an intricate task, the following lemma is very useful.
Lemma 5.5. Ci(n,k,&) < Co(n, k,&).
Proof. To prove Ci(n,k,&) < Cy(n, k, &), one needs to prove that
i=1 i=1 i=1

This is just Cauchy-Schwartz, (3 a; - bi)2 < (Z a?) . (Z b?), with a; = v/t; and b; = 1 - \/4;. [ ]

The following lemma then finishes the proof of Lemma 5.3.
Lemma 5.6. Let € = (e1,¢e9,...,6) s.t. Vi |g;| <0.01. Then it holds:

—m/(10nk%)

02(77,, k) E) < ek‘e

Proof. Let G be a graph randomly sampled according to leam}c - and let o = (V1,Va,..., Vi) be its

?m?
planted k-coloring. Let Sy be the group of permutations over the numbers {1, .., k}. For a k-coloring

Y = (Uy,Us, ..., Ug), we define the distance between 1) and ¢ to be

dist(p, ) = min > Io(, @), (1)

veV

where I,,(¢, ¢,) = { (1]: f‘ugh(gr)wij(v)

Y

vo(v) = o(i) for v € V;, and ¢(v) = j for v € U;. Put in words, dist(i, ) is the number of
vertices which belong to different color classes under ¢ and ¢, when taking the minimum over all
possible k! permutations of the color classes in (.

Let ¢, be the probability that a k-coloring (with color classes according to &) at distance r from
 is also a proper coloring of G. Therefore,

Co(n k,2) <> (Z) ke,
r=0

Our first task is therefore to upper bound c,.

Lemma 5.7. If & = (e1,¢69,...,ex) is s.t. Vi |e;] < 0.01 then ¢, < e=mr/(10nk%),
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We are now ready to bound Cs(n, k, £).

’I’L k, E i < >k7’cr _ i <:’> kre—mr/(l()nkg) _ i <?:> (k.e—m/(l()nkg))r 1n-r

r=0 r=0
1 +ke—m/(1onk9))” < ekam/(lOnkg).n

Before proving Lemma 5.7 we establish two more facts.

Lemma 5.8. Let v = (Uy,Us, ... U k) be some k-coloring at distance v from . Then there exist
i,5,3" st Ui N V3, |U; N V]| > 3k(k -

Proof. If not, then for every i there exists some j = j(i) s.t.

r

UinVi| > V|- (k—1) —

The last inequality is due to r < n. Observe that this mapping is a bijection, since if i #
and j(i) = j(i') then |U; NV, > %592 — 3 > 86n and also Uy N'V;| > 202 but this implies
UiNUy # (), contradicting the definition of ¢. Let o be the permutation j(-) that Was just defined, and
consider ¢, (namely, ¢ with color-classes permuted according to o). Since |U; NV, )| > [V)| — 37,

dist(y,p) < k- 5 = 5, contradicting the choice of r. [ |

Lemma 5.9. Fiz 0, |§] < 0.01, and let r1 > 19 > ... > 1 > 0 be a sequence of k integers satisfying

Zle Ty = @ and ro > m Then
Z m-?”j2<(1+5)n— r > r '
1<i<j<k k 3k-(k—1)) 3k-(k—1)

Proof. Let r = (r1,72,...7%), and f(r) = 3 1, j<, 7i'7j. Assuming r; < r;, define a new sequence r’

by ri =r;—1,7; =rj+1and rg = rq for ¢ # i,j. One can verify that f(r') = f(r)+r;—r;—1. Since we
chose r; < rj, f(r') < f(r). It follows that f(r) takes its minimum (under the condltlons ro > m
and S2F r; = %) when rg =1y = .. =1, =0, 1y = grp— and 1y = (125)” — 3rgqy- Lhe
minimum is then
(1+d)n r T
k 3k-(k—1)) 3k-(k—1)
as promised. [}

Proof.(Lemma 5.7) Let ¢ be a k-coloring coloring at distance r from ¢. Let iy be the index
promised in Lemma 5.8 (the one indexing U;). Let r; = |U;, N Vi|, and let f(r) = > ;< 7i - 75

The conditions of Lemma 5.9 hold due to Lemma 5.8 and Ele T = Zle |Ui, NVi| = Uiy | = %
(for some |§] < 0.01). Lemma 5.9 then implies that

(1+0)n r r n o r
f(r)2< k _31@-(1@—1))'31@'@—1) ST T,
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The last inequality is due to 7 < n and |§| < 0.01. Further observe that f(r) counts exactly the
number of edges in {U;, N Vi} x {U;, N V;} for i # j, which are all proper under ¢ but not under 2.

Set e =3, |Vi[|Vj|, and observe that e > (g) (0'%9”)2. Therefore,

¢ < <e_f (7“)> : <€>_1 < <e‘ 6k> - <e>_1 < 099/ (BK ) < mmr /(10K (g
- m m - m m o N

The third inequality is due to:

6 Complete Proofs for Sections 2 and 3

6.1 Proof of Proposition 2.1 (Discrepancy)

The discrepancy property for random graphs was proven in several occasions. We follow the proof
given in [19] (Section 2.2.5 in that paper) for G, ,. We do not give the complete details, just point
out how to adjust that proof to fit g;fgfogm. For the sake of clarity of presentation we consider the
case where the graph has a proper k—céléring where all color classes are of size n/k. The case where
all color classes are nearly balanced is treated very similarly, as in Section 5 (the case where some
color class is “far” from being balanced can be disregarded, Proposition 3.4).

The proof branches according to the sizes of the sets A and B. For “big” sets we prove that
the first property holds, and for “small” sets — we prove that the second one holds. Throughout
the discussion we assume p satisfies m = (g) (%)Zp. Fix two sets of vertices A and B, and first
consider the case |B| > n/e. Observe that e(A, B) < |A| - 10np by the bounded-degree property of
G'. Therefore,

e(4, B) < |A] - 10np = (|A][Blp) - (10n/|B]) < 30|A[|Blp.

Thus, the first property holds. Now consider the case |B| < n/e. The proof in [19] uses some variant
of the Chernoff bound to bound the number of edges between A and B. Since the edges in the
uniform setting are not independent, one needs to reprove the Chernoff bound, or a some variant
thereof, in g;;f;;fogm (for the case where the random variables are edge indicators). This will be our
goal in the next few paragraphs. The crucial step in the proof of the Chernoff bound is restating the
expectation of a product of r.v. (random variables) as the product of their expectations (which is
possible in the original proof due to independence, but in our setting this is not the case as the edges

are not chosen independently of each other). Lemmas 6.1 and 6.3 establish this fact in our setting.

Lemma 6.1. Let X, Xo,..., Xy be d non-negative random variables taking values in 2, || < oo.
Then the following holds:

E[XngXd] S max E[Xl]E[X2|X1 :’L'l]-'-E[Xd|X1:il,...,Xd_lzid_l].

11,82,.,8q—1 €S2

Proof. The proof is by induction on d — the number of random variables. The case d = 1 is
immediate. Now to prove the induction step,
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E[Xl . X2 .. ‘Xd] = Z PY’[Xl = il] -E[Xl . X2 . -Xd|X1 = il] = Z ilE[XQ .. ‘Xd|X1 = il] . PT[Xl = il]
11EQ 11EQ
S ZiIPT[Xl :’Ll] max E[XQ’Xl :Zl]E[Xd|X1 :7;1,...,de1 :idfl]

~ 12,..y0g_1 €S2
induction hyp.

= <Z II;&XEQE[X2|X1 =] B[Xg| Xy =iq,..., Xg1 = id—ﬂ) : E i1 Pr(Xy = i1]
2y-e5td—1 .
1€

11EQ

= E[Xl] . < max E[X2|X1 = ’L'l] . E[X3|X1 = il,XQ = ig] < E[Xd|X1 = il, . 7Xd—1 = id_1]>

12,..058q—1E€EQ
= | max E[Xl] . E[XQ‘XI = 21] . E[X3|X1 = il,XQ = ZQ] e E[Xd|X1 = il, e ’Xd—l = id—l]-
11,02,0.58q—1 €
We apply the induction hypothesis to random variables Y; of the form X;|(X; = i1), ¢ > 2, and
notice that Y3|(Ya = i9) is simply X3|(X1 = i1, Xo = i2). [ |

Let X, be an indicator random variable which is 1 iff the edge e = (i, j) is present in G'. We let
X, = etXe where t is some fixed positive number. Observe that X, can take two possible values, e
or 1. The next lemma quantifies in some useful sense the dependency between the edges. We defer
its proof to the end of this section.

Lemma 6.2. Let G be a random graph in Q;Ll%folgm,m > Cok'On, Cy a sufficiently large constant. Let

p be s.t. m = (’;) (%)Qp. Let Xe,,..., X, be d edge-indicator random variables. Let by,...,bg—1
take arbitrary values in {1,e'}. Then

P’I“[Xel = et|)A(61 =by,.. .,)A(EGF1 =bg_1] < 2p.

The next lemma shows how to move from expectation of product to product of expectations.

; if
Lemma 6.3. Let G be a random graph in Q;Ll%okfm

p be s.t. m = (g) (%)Qp. Let Xe,,..., X, be d edge-indicator random variables. Let Xej = etXej,
let u=p-d. Then

,m > Cok'On, Cy a sufficiently large constant. Let

E[Xe, - 'Xed] < exp{QM(et -1}

Proof. By Lemma 6.1,

A~ ~ A~

E[X. ---X.] < max E[Xe,] - E[Xe,|Xi, = b1] - E[Xey|Xe, = b1, ..., Xey | = ba_1]
bl,...,bd,le{l,et}

Therefore,
E[X; =e'|Xi, =bi,.. .,Xijq =bj_1] < 2pe’ + (1 —2p) = 1+ 2p(e’ — 1) < exp{2p(e’ — 1)}.

j
The last inequality is due to 1 4+ = < e® (Taylor of e* around 0). Finally,

ElXy - Xl < bfin?)é{let}E[X“] CB[Xp|Xiy = bi] - BIX, | Xiy = br,o, Xy, = baoi]

< [T expizpe — 1)} = exp{2p- d(e — 1)} = exp{2u(e’ — 1)}.
j=1,....d
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Let u* = E[>_ i=1.d Xi;] be the expected number of edges under the uniform distribution. Lastly, we
make the following observation, which allows us to establish a connection between p* and u=p-d
(which is later used in the proof of the Chernoff bound in the uniform setting).

Lemma 6.4. Let G be a random graph in g;‘;;iogm,m > Cok'On, Cy a sufficiently large constant. Let
p* be the probability that an edge (i,j) is present in G, then

—1
. n
=m

Proof. First observe that indeed p* is well defined, namely it is the same for every edge e = (i, j).
This is of course true due to symmetry. Let X, be an edge-indicator variable as before. Observe

that:
n >k
m= > X.=m=Em=E > XJ]= ) E[Xe]:<2>p,
i<j,e=(i,5) i<j,e=(i,5) i<j,e=(i,5)
which implies the lemma. |

An immediate corollary of this lemma is that p* = p*d > pd/2 = /2, and that p* < p. This is by
the choice of p, and the fact that k£ > 3. Now we are ready to re-prove (the variant of) the Chernoff
bound in the uniform setting (we defer the proof of Lemma 6.2 to the end of this discussion).

niform
s,k

Proposition 6.5. Let G be a random graph in G, ,m > Cok'On, Cy a sufficiently large constant.

Let p be s.t. m = (g) (%)Qp. Let Xe,,...,Xe, be d edge-indicator random variables, and X =

21,,,,@ Xe,;. Let = pd as before. Then
o2 I
< T AN{1 1\ /o .
PriX > (14+ A < ((1 . A)(HW?)
Corollary 6.6. For r > 200, the above inequality reads

Pr(X > rp] < e #rinn/s0,

Proof.(Corollary)

62)\

RESC=YE =exp{2A — (1/2)(1 + A\) In(1 + N} < exp{A(2 —1InA/2)} < exp{—(AIn))/20}

The last inequality is true for A = 199 for example. Now set r =1 + A. |

Proof.(Proposition 6.5) For any ¢ > 0,

Elexp{tX}]
exp{t(1+ A)p*}

PriX > 14+ MNu] < PriX > (1+M\p'] = Priexp{tX} > exp{t(1 + Mu*}] <
exp2p(e’ = 1)} _ exp(2ule’ - 1))
< oxpl( 4 i) exp{t(L+ N/2]

This is true for any ¢, and in particular for ¢ = In(1 + \), which gives the desired result. The first
inequality is true since p* < u. The second inequality is the Markov inequality. The third inequality
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is by noticing that Elexp{tX}] is exactly E[X,, --- X,,], and using Lemma 6.3. The last inequality
is by the fact that p* > p/2.

Comparing our proof with the one in [19]. The case |B| > n/e we already proved. The case
|B| < n/e uses the formulation of the Chernoff bound asserted in Corollary 6.6, though with the
constant 3 in the exponent of the right hand side rather than 30. This only affects the constant ¢ in
Proposition 2.1. However one is only required to show that such a constant exists, and in this work
we make no attempt to optimize any of the constants.

Proof.(Lemma 6.2) Recall that we need to bound Pr[Xij = et Xy, = by,... ,Xirl = bj_1]. The
fact that Xil =by,.. .,)A(,-Fl = bj_1 basically implies some constellation of the edges i1,...,%;_1,
according to the b-values (if b;; = 1 then the edge i; was not included since X;; = 0). Consider this
constellation of edges, and let s be the number of edges that are present. If s > m — 1, then such a
graph cannot be sampled, and therefore Pr[Xij = et|X¢1 =by,... 7Xij71 =b;_1] =0 < 2p. Thus we

are left with the case s <m — 1.

Let e = ij;, a graph G is said to be e-bad if it contains e. Furthermore, let P, signify the set of
all e-bad (balancedly) k-colorable graphs with exactly m edges that also contain the constellation
implied by the b values at hand. In addition, denote by G the set of all (balancedly) k-colorable
graphs with exactly m edges that contains this constellation as well. Our objective is to establish
the following.

P. < (2p)(0]. 3)

uniform

Observe that this immediately implies that the probability of an e-bad graph in G 7 %™ given the
above constellation is at most 2p. To prove Equation (3) we shall set up a bipartite 7au7xiliary graph
A with vertex set V(A) = P. UG. This graph will have the property that the average degree
of vertices in P, is A, while for G the average degree is A’, where A’/A < 2p = 2m/E, where
E = (’2“) (%)2 Since A|P.| = A’|G|, by double counting, we thus obtain Equation (3). We describe
a procedure that receives a graph G € P, and produces a new graph G’ € G. In our auxiliary graph
A, we connect a right-side node G with a left-side one G’, if G’ can be obtained from G by this
procedure. The procedure is the following simple one. Given an e-bad graph G, remove the edge e,
and place it instead of a non-edge of GG, while respecting at least one balanced proper k-coloring of
the graph. The number of possible graphs G’ that can be obtained via the above procedure is at
least E —m — s > E/2 , thus A > E/2. This is because we have to choose a place for the displaced
edge amongst all possible ones. Conversely, consider the following procedure to recover a graph G
from G’. Out of m possible edges, choose one. Remove it and place it between ¢ and j. Therefore
A" < m (there at most m possibilities to guess that edge). [ |

This concludes the proof of the discrepancy property. |

6.2 Proof of Corollary 2.2 (Discrepancy)

Assume that Proposition 2.1 holds with ¢ < 30 (which is the case whp, as implied by the proof of
Proposition 2.1), and suppose in contradiction that there exists a subgraph H (on h vertices) of G
violating the condition of the corollary. Then for such a graph H, e(H, H) > hdm/(2nk). However,

on on 2mk
H.H)=ch’p < h = .
eu(H, H) = eh™p < 35605.Ph = To00k * 220k = 1)

- ch < hom/(2nk),
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contradicting the first condition of Proposition 2.1, and also

e(H,H) _ 6hm Shm  n? ShCok? n 4k ShCok? n 4k
H H)l > 1 . > In{—--—| = In——In—
e, )nM(H,H)_2nkn<2nk 2mh? 2 "\ 2 \'n "
n (500](19 n (5h00k‘9 1)
= — — —— — >
hclnh—i—h< 5 c>lnh 5 ln4k_
° ° 1000k “25 1 5 ¢
n dCok 8Cok n 2
In — In(1 ““—hln(4 =hcln— +1 | —) =
he n + h1In(1000k/6) 2 hin(4k/0) 2 clno + n< 155 ) <1000k:>
250°4"
n n
In — In —— In —
he no + hln (1000%0-1)¢ > he no
Contradicting the second condition of Proposition 2.1. The last (strict) inequality holds since
5Cok?
250 2

0/ (T000R))E > 1 for a sufficiently large constant Cj.

6.3 Proof of Propositions 2.3 and 4.2 (Spectral Analysis)

We start by analyzing the procedure SepctralApprox — that is proving Proposition 4.2. We assume
that Proposition 2.3 holds, which is the case whp, and using this fact we show that A, the rank-k
approximation of A(G’) (see Section 4.1) approximates £ in some useful sense. Of course, we know
the adjacency matrix A(G’). Furthermore, we know that [|M'|| = ||€—A(G")]|| is “small” (Proposition
2.3). That is, A(G") is a good approximation of £ in the operator norm. However, we can’t exploit
this fact directly in order to obtain a good entry-wise approximation of £. Indeed, instead of getting
a matrix that approximates £ in the operator norm, an approximation B of £ in the Frobenius norm

HE_BHF = Z (va _ng)Q

v,weV’

would be more useful.

The analysis of Spec}ralApprox is based on the following lemma, which shows that for most
vertices v the v-column A, of A is close to the v-column &, of £.

Lemma 6.7. Let Z = {v € V' : |A, — &> > 107 %np?/k}. Then |Z| < nd=%, where d = dayy/k,
davg = 2m/n.

Proof.

YolE = AP = (1€ - Al < 2kE — A* < 2k(|€ — AG)|* + [ A(G") — AJ]*) < 4k||€ — A(G"))?
veV!
= 4k||M'|? < 4kd*® < d'SL,

The first inequality is by the fact that for a matrix B of rank ¢ it holds that ||B||? < ¢||B||%, and
the fact that both &, A have rank k and therefore & — A has rank at most 2k. The second iequality
is just the triangle inequalty, and the third inequality is by the fact that ||A(G') — A|| < ||€ — A(G")|
because A is a rank-k approximation of A(G’), and therefore minimizes || A(G’") — B|| over all matrices
B of rank k. The next-to-last inequality is due to Proposition 2.3.
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Finally we derive that |Z] - 107 np?/k < d'®, so that |Z| < 1010% < nd~%!. Here we
assume that the coloring Vi,..., Vj is nearly balanced. That is, for every ¢, |V; — n/k| < 0.01n/k,

and therefore p = ©(m/n?). [ |

Lemma 6.7 implies that for most vertices v, w belonging to the same color class V; the difference
|A, — A, || is small, whereas for most u € Vj, j # 4, the distance || A, — A,|| is large. This implies that
the classes Xi,..., X} provide a good approximation of the coloring Vi, ..., Vi (up to a permutation
of the indices, of course).

Proposition 6.8. There is a permutation o of {1,...,k} such that X; AV} < 107 9n/k%.

Proof. We show by induction on i that in each step there is a vertex v; such that |S,,|\ X >
(1—10719)%. Moreover, we shall prove that for the vertex v; chosen by the algorithm there is a class
V; ) such that X\ Vé @ C Z. Let 1 < i < k, and suppose that these statemtents are true for all
1< <.

Let j € {1,...,k} \ {o(1),...,0(i — 1)}. Then by Lemma 6.7 there is a vertex v* € Vj\ Z.
Moreover, since all u € Vj’ \ Z we have

2
Ay — Ayl < 2(|Aue — Eue |2 + 1|0 — Au]l?) < 0.01%.

Hence, Sy« D V] \ Z. Furthermore, V/N X C Z by the induction hypothesis. Therefore, [Sy+|\ X >
ViIINZ > (1 - 1071%) 2. Thus, it is possible for the algorithm to choose a vertex v; such that
|Su,| \ X > (1 —10710)%.

Now, let v; be the vertex with this property chosen by the algorithm, and pick some w € S, \
(X U Z); such a vertex w exists due to the upper bound on |Z| from Lemma 6.7. Then we have

0.02np?
k

HADL - ng2 < HAUL - AwHQ + 2HAW + AwH : ||gw - Aw” + ||5w - Aw||2 <

Further, we have w ¢ U1§j<i V;(j). For assume that w € Va’(j) for some 1 < j < 4. Then for all
u € Sy, \ 'V, ;) we have

N A A N 0.1np?
A = Eull* < (14y = Eull + [ Au = Aull)* < = (4)

However, since u, w belong to different color classes, we have ||€, — E,||? > np?/k. Thus, (4) entails
that ||A, — &% > 0'1,?]”2, whence u € Z. Consequently, if w € V;(j) for some 1 < j < 4, then
Su \ V) (jy € Z. As by induction [V] )\ Xj| < 0.1% and |S,,| > 0.6%, this implies that |Z] > g,
which contradicts Lemma 6.7.

Hence, we have estabished that w & [, <;; V;(j), and we let o (i) be such that w € Vé(i).

Finally, we claim that S,,\ V) C Z. For let u € Sy, \ V/;. Then | A, — &,[|> <S4 (cf. (4)).
Hence, as ||E, — Eu|? > np?/k, we conclude that ||A, — &,|? > 0.1np?/k. Thus, u € Z. [ ]
This completes the proof of Proposition 4.2. 'We now proceed with the proof of Proposition 2.3.

The proof of Proposition 2.3 is based on a proper modification of techniques developed by Kahn and
Szemerédi in [20], where the authors show that the second largest eigenvalue in absolute value of a
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random d-regular graph is almost surely O(ﬁ) Since in our case the graph is not regular, and the
edges are not chosen independently, a few modifications are needed.

In what follows, we let V1,...,V}; be a partition of V' = {1,...,n} such that [V; — 2| < 0.1%
for all 1 < ¢ < k. Moreover, let 0 < p < 1 be such that Zlgiq‘gk ViVip = m, and set d = np/k.
Further, let G signify a random graph with planted coloring Vi, ..., V, in which each possible edge
compatible with this coloring is present with probability p independently.

In order to prove Proposition 2.3, we shall first analyze the spectral properties of G. Then,
we shall combine this information with Proposition 5.4 and the discrepancy property established
in Proposition 2.1 in order to obtain the desired result on the spectrum of a uniformly distributed
k-colorable graph.

6.3.1 Proof of Proposition 2.3 (Outline)

As the indicator vectors fvl, e ka corresponding to the k planted color classes of G play a distin-
guished role, we shall first analyze the spectral properties of G on the orthogonal complement of the
space spanned by these vectors.

Lemma 6.9. With probability > 1 — exp(—n) the adjacency matriz A = (ayw)vwev of G satisfies
the following.

Suppose that £,m € R™ are unit vectors perpendicular to (Tvi)lgigk- Let

L& m ={ww) eV xV:lgml < vp/n}. (5)

Then Z(v,w)EL avwgvnw‘ < (np)3/4.

Furthermore, regarding the vectors fvl, cees ka, we prove the following in Section 6.3.3.

Lemma 6.10. Let G’ be the graph obtained from G by removing all vertices of degree > 2np. Then
with probability > 1 — exp(—nd~'°) the matriz M' = > iz PIvixviav(anz — A’ satisfies

M Ty, v ol < d*%Cv/n.

Furthermore, we employ the following result, which was established by Kahn and Szemeredi [20]
for regular graphs. A proof of the present setting can be found in [19].

Lemma 6.11. Suppose that H = (V, E) is a graph of mazimum degree < 2np that satisfies the
discrepancy property stated in Proposition 2.1. Let A = (a{,{ﬂ)wev be the adjacency matrix of H.
Then for all unit vectors £,n € R™ we have

Z afw ‘gvnw| < C\/ np.
(v,w)EV2\L(£,m)

Proof of Proposition 2.3. Let G, = G"™frm he a random k-colorable graph, and let G, be the

n,m,k

subgraph obtained by removing all vertices of degree > 2np. Let V' = V(G,), and let A, =
(@xvw)vwey’ be the adjacency matrix of G,. By Lemmas 5.1 and 5.2, we can infer from Lemma 6.9
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that whp G, has a k-coloring V7, ..., V{ such that for all unit vectors £, 77 € RY" that are perpendicular
to {1yy : 1 <i <k} we have

Z a*vw&vnw < (np)3/47 (6)

(v,w)eL’(€,n)

where L'(¢§,n) = {(v,w) eV x V' |&nw| < \/p/n}. In addition, combining Proposition 2.1 and
Lemma 6.11, we conclude that

Z Ay pw&oTw| < (np)3/4 (7)
(v, w)€(V!xV\L'(§,m)
for all such &, 7. Thus, combining (6) and (7), we conclude that
Ve e RVl = IInll =1, &m L{Tys 1 1 <i <k} o [(M'En)| < 2(np)*/*. (8)
Furthermore, invoking Lemmas 5.1 and 5.2 once more, we conclude from Lemma 6.10 that whp

VI<i <k | MTyll < d*yn < || Ty ||(np)**. (9)

Finally, combining (8) and (9), we obtain || M’|| < 8(np)>/* < d*?, as claimed. O

6.3.2 Proof of Lemma 6.9

Alon and Kahale [6] established the following estimate.

Lemma 6.12. Let 1 < i < j < k. Then with probability > 1 — exp(—2n) the adjacency matriz
A = (apw)vwev of G satisfies the following.

Suppose that ¢ € RVi, n € RY5 are unit vectors such that & L fvi, nl TVJ.. Let
Ly = {(w.w) € Vix Vel < Vp/m}
Then Z(v w)eLs, avw&]nw‘ < ¢y/np for a certain constant ¢ > 0.

To prove Lemma 6.9, we shall just apply the bound provided by Lemma 6.12 to each pair
1<i,j<k,i#j. Thus,let &,n € RY be such that &, L TVZ for all 1 <4 < k. Then Lemma 6.12
entails that with probability > 1 — k% exp(—2n) > 1 — exp(—n) we have

Z avwfvnw < Z Z avwfv"?w < CkQ\/TTP < (np)3/4-

(v,w)eL 1<i,j<k,i#]j | (v,w)€Lsj

6.3.3 Proof of Lemma 6.10

The proof is based on the following Chernoff bound.
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Theorem 6.13. Suppose that X is a binomially distributed random variable with mean p. Let
o) =1+=z)In(l+=x)—x. Then

P(X>pu+1) < exp (-W (Z)) < exp (-M) (0 < 1), (10)
P(X<p—1) < exp (—W <;f)> < exp <—i> (0 <t<p). (11)

The Chernoff bound entails the following result on the degree distribution of G.

Lemma 6.14. Let W;; = {v € V; : |eg(v,V;) — |Vjlp| > d*°'}, where 1 < i,j <k and i # j. Then
P [3i,5: [Wy| > nd 1% < exp(—nd~10).

Proof. Since E(eg(v,Vj)) = |Vj|p, Theorem 6.13 entails that for any ¢ # j and any v € V; we have
P llec(v,V;) — |Vjlp| > d*5] < nexp(—d¥V) < @710, Therefore, E(|W;;]) < nd~'%°. Furhermore,
the random variables (eq(v,V}))yey;, are mutually independent, and thus |WW;;| is binomially dis-
tributed. Hence, invoking (10) once more, we conclude that P [[W;;| > nd™1°] < exp(—nd~'%Ind).
Finally, the union bound entails that with probability > 1 — k% exp(—nd~1%Ind) > 1 — exp(—nd—1?)
the bound |W;;| < nd~1? holds for all 4, j simultaneously. [ |

Corollary 6.15. With probability > 1 —exp(—nd~10) the random graph G has at most nd=° vertices
of degree > 2np.

Proof. Any vertex of degree > 2np belongs to |J; 2 Wijs and by Lemma 6.14 with probability
> 1 — exp(—nd~19) this set has cardinality < k?nd =0 < nd=?. [ |

Lemma 6.16. With probability > exp(—nd~'°) the random graph G does not feature two disjoint
sets S, T CV, |S| <nd~® <|T|, such that every vertex in T has at least 100 neighbors in S.

Proof. Let s < nd~” < t. Since each of the possible (g) possible edges occurs in GG with probability
< p independently, for any set S of size s and any 7' C V' \ S of size t the probability that all v € T
have 100 neighbors in S is at most [(lgo)pIOO]t < (sp)'%%. Moreover, there are (7;) ways to choose
S, and then at most (’Z) ways to choose T'. Hence, the probability P;; that there exists sets S, T' of

sizes s resp. t such that eg(v,S) > 100 for all v € T is at most

Py < (Z) (?)(Sp)m“éexp(—t)-

Furthermore, as there are at most n? ways to choose s and ¢, we conclude that the probability of the
event stated in the lemma is at most n? exp(—t) < exp(—nd~19). [ |

Combining Corollary 6.15 with Lemma 6.16, we obtain the following.

Corollary 6.17. With probability > 1 —exp(—nd~10) the random graph G has at most nd=° vertices
v of degree < 2np that have at least 100 neighbors of degree > 2np.
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Proof of Lemma 6.10. Let G’ be the subgraph of G obtained by removing all vertices of edgee > 2np.
Moreover, let V! = V(G') and V] = V;NV'. Let 1 <i < k and set n = M'ly,. Then 7, = 0 for all
veV/ and n, = |V/|p—eq(v,V}/) for all v € V'\ V;. Hence,

> = > (Vilp - ec(v, V)
JFi veV)
< 2) ) (Vilp—ea, V)2 +2 ) ealv, V\ V)2 (12)
j#i UGVJ.’ veV’!

Due to Lemma 6.14, the first sum on the r.h.s. can be estimated as follows:

S S (Wil - (0, V) < dn 4+ 4(np)> S (Wil

J#i veV) i
< dY¥n 4+ 4d %n(np)? < 2d'%n, (13)
because all vertices in V’ have degree < 2np. Furthermore, as by Corollary 6.17 there are at

most nd~? vertices v € V' that have > 100 neighbors in V \ V', and since all v € V' satisfy
eq(v, V\ V') < 2np, we have

Z eq(v,V\ V2 < 10*n +4d n(np)? < 10°n. (14)
veV’
Finally, plugging (12) and (13) into (14), we obtain the assertion. O

6.4 Proof of Proposition 3.4 (Balancedness)

Let M, ;1 be the set of k-colorable graphs on n vertices with m edges. Let B, ;, x € My ;i be
the set of balancedly k-colorable graphs, and let N, x C My m i be the set of non-0.01-balanced
graphs. It suffices to prove that [N, ;. k|/|Bnm.k| = 0(1). Let g be a fixed balanced k-coloring, and
® be the set of all non-0.01-balanced-colorings. For a k-coloring ¢ (not necessarily balanced) with
color classes Vi, Va, ..., Vi, we let D(¢) be the number of k-colorable graphs in M,, ,,, , which are

properly colored by ¢. Then
Zl<' i< ’V;HV’
D _ <i<j<k J )
() = (st

Do) = ((’5) <z>2>'

m

In the balanced case we get

Therefore,
|Bn,m,k| > D(SOO)

Now consider a non-0.01-balanced-coloring (. ¢ must have at least one color class whose size is
< 0.99n/k or at least one color class whose size is > 1.01n/k. Standard calculations show (convexity
arguments) that D(y) is maximized when one color class is of size 0.99n/k and all the other (k —1)

classes are of size (1 + %) n/k (namely, the 0.01n/k vertices lacking in that color class are evenly

spread amongst the other color classes), and symmetrically for the case that one color class is of size
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> 1.01n/k. Therefore,

Nome| <|2] - ((kzl) (1 + %)2 (%)2 + (k —1)0.99 (1 T %) (2)2>+

m

- (m (1-92)" (1) + (k- 1101 (1 - 22) (2)2) S

m

9. k. <(1 - mlok:ln) (5) (Z)2>_

Finally,

Wosnt] <y . (0= i) () () () <z>2>1 -

’Bn,m,k m m

<92 kM. e~/ (5000k%) _ o(1).

o\ )/ e000k)
2- K" (1— ———
( 6 <z>2>

The second and third inequalities are due to
a—x x
( b ) < (1 _ b) < e—bx/a'

The last equality is due to the choice of m.

6.5 Proof of Proposition 3.5 (Concentration)

To prove the proposition we employ the exchange rate technique, introduced in Section 5. The
first step is to prove the analogue of Proposition 3.5 in the planted model, and show that it holds
with extremely hight probability, then use Proposition 5.4. Therefore we first consider ggfj‘,j‘fk?g for
€= (e1,€2,...,6%) s.t. Vi |g;| <0.01).

Lemma 6.18. Let § € (0,1] be some positive number. Let G be a random graph in grlant >

n,m,k,&’

" every k-coloring

Cok*n Cy = Cy(6) a sufficiently large constant. Then with probability at most e~
at distance dn/(1000k) from ¢ leaves at least dm/(1000k)? monochromatic edges.

Proof. The basic idea of the proof is to first calculate the expected number of monochromatic edges
induced by a k-coloring at distance at least 6n/(1000k) from ¢, and show that this number is “much”
higher than §m,/(1000k)2, then show a concentration result.

Let ¢ be an arbitrary k-coloring at distance r > dn/(1000k) from ¢. A very similar argument
to Lemma 5.7 gives that the probability that a random edge is monochromatic under ¥ is at least
1 — e~7/(00nk%) > 1 /(100nk?) (if 9 is nearly-balanced then this is exactly the same argument — just
set m = 1 in equation (2), if ¢ is “far” from being balanced, then in particular it is “far” from ¢,
then this fact is used to lower bound the value f(r) in (2)).

Let X, be a random variable counting the number of monochromatic edges in G induced by .

Then we have:
E[X,] > mr/(100nk°)
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Now set a = 0.9 (that is, for » = n/(1000k) it holds that m/(1000k)? < (1 — a)E[X,]). Using
for example the Chernoff bound (which is applicable since it is known that X, is more concentrated
than the corresponding quantity if the draws were made with replacement [21] — and then they would
have been independent) one obtains that:

Pr[X, < m/(1000k)?] <Pr[X, < (1 —a)mr/(100nk")] < Pr[X, < (1 — a)E[X,]] <
SG—QQE[XT]/Z% < e—mr/(400nk9).

Taking the union bound over all possible k-colorings, one obtains that the probability of a k-colorings
at distance greater than én/(1000k) from ¢ leaving less than than dm/(1000k)? monochromatic edges
is at most

n n r 1 —Cok/400\ "
n r_—mr/(400nk?) @ —mr/(400nk°) enk - e
S (pemens 3 () e 3 (REEE) <
r=0n/(1000k) B=dn/(1000k) r=0n/(1000k)
1 n
Z (3000k2 . 6_1 . 6—00k:/400)r < Z (6—Cok/500>r < e ™
r=4n/(1000k) r=4n/(1000k)

The last inequality is due to the fact that the last sum is a geometric series with quotient e~C0*/500

and the fact that we can take Cj to be a sufficiently large constant (recall that § is fixed w.r.t. Cp).
]

We now use Proposition 5.4 to complete the proof of Proposition 3.5. Let A be the bad event
that the sampled graph G is not §/(1000k)-concentrated for some ¢ € (0, 1].

efm/(l()nkg

Pruniform,m[A] < 0(1) + nk . ek‘ In e = 0(1).

In the latter we use the fact that k£ is constant.

6.6 Proof of Proposition 3.6 (Core Size)

To prove this proposition we again employ the exchange rate technique. Thus we first consider
GPIM for &= (g1, 9,... 1) s.t. Vi |ei] < 0.01.

n,m,k,&
hke M2
Cok*n, Cy = Co(0) a sufficiently large constant. Then there exist a constant go = go(6) > 0
(1- ee—m/wnkgm)

Lemma 6.19. Let 6 € (0,1] be some positive number. Let G be a random graph in G

(independent of m,n) so that for every g > go with probability there exists a §-
core H w.r.t. the planted assignment. Furthermore, |H| > (1 — e_m/(aonkg))n and the number of
edges spanned by H is at least (1 — =™/ (@ )y where ag(g), a1(g) are two positive monotonically
increasing functions of g.

This lemma, formulated somewhat differently, is proven in [10] for the case k = 3, and £ = 0. The
proof easily generalizes to any constant k, and £ as above. We give its outline here for the sake of
completeness.

Proof.(Outline) Recall the definitions p; = 22

n n_1|w| and r = max; |V;|p;, where V; is the i"
color class of the planted k-coloring .
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Consider the following iterative procedure for defining a d-core w.r.t. . Set H© to be all vertices
that have degree at least (1 —3/2)|V;|p; in every color class V; of ¢ other than their own. Iteratively,
remove a vertex v from H) if either v has less than (1 — §)|V;|p; neighbors in V; N H® for some
j # ¢(v), or v has more than 6 neighbors in G[V \ H®], to receive H;y1. Let t be the iteration
where H®) = H+D and set H = H®,

First observe that the set H indeed meets the requirements in Definition 3.3. It now remains
to prove that the set H is large. The main idea of the proof is to observe that to begin with very
few vertices are eliminated — the degree of a vertex v in every other color class is on average p;|V7i|.
Therefore using large-deviation inequalities, one can bound the number of vertices that were removed
before the iterative step began. If too many vertices were removed in the iterative step then a small
yet dense subgraph exists (as every vertex that is removed contributes at least §|V;|pi/2 edges to
the subgraph induced on V \ H). Corollary 2.2 (which can also be stated in the context of GP*#%)

n,p,k
bounds the probability of the latter occurring. It now remains to do the calculations carefully.

As for the number of edges spanned by the core. Assume that [H| > (1 — e=™/(@07%"))y,  Using
the Chernoff bound for example one can prove that there exits a dy (specifically, dy = O(m/n)) s.t.
for d > dy, Pr[deg(v) > d] < e~¥190, Therefore, the expected number of edges spanned by the
non-core vertices is at most

n
e~/ (aonk?) . do+n Z de—4/100 _ o=m/(bonk?) , | o—d/200, < e—m/(conkg)n’
d=dgp

where by, ¢y are some monastically increasing functions of ag. The first inequality uses the fact that
do = O(m/n), and the fact that the sum is smaller that the sum of a decreasing geometric series
with ¢ = e~4/150 (for a sufficiently large m/n). Now using large-deviation inequalities one can prove
that with sufficiently high probability, this is indeed the case.

Finally, observe that the cardinalates of the color classes of ¢ meet the third requirement in
Proposition 3.6 (that is, they are of size (1 £0.01)n/k, by the choice of &). [ |

—m n 9
We now use Proposition 5.4 to assert this fact in the uniform case. Let g be s.t. €€ /@ k.

—m n 9 .
ehe /10K I o(1). Let A be the event that there exists some ¢ so that the sampled graph G has
no proper k-coloring w.r.t. which there exists a d-core of size at least (1 — e~m/ (aﬁnkg))n that spans
at least (1 — e=™/(@17%*)) edges (where ag, a; are chosen according to this g).

P,r,um'form,m[A] < 0(1) + nk X 6ke*rn/(lonkg)n i ee*m/(gnkQ)n _ 0(1)

The last equality is by the choice of g.

6.7 Proof of Proposition 3.7 (Uniqueness of Coloring)

Let H be some d-core with ¢ the underlying k-coloring of G, which meets the requirements of
Proposition 3.6. First observe that the k-coloring w.r.t. which G is c-concentrated (in the proof of
Proposition 3.5) is the same as the k-coloring w.r.t. which there exists a large core (in the proof of
Proposition 3.6) — this is because the proof of both propositions uses the exchange rate technique,
and in the planted setting this assignment is the planted one in both cases. Therefore we may assume
that G is (1 — §)/(1000k)-concentrated w.r.t. ¢ (Proposition 3.6 concerns § € (0,1), and therefore
1-9€(0,1) as well).
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Let ¢ be a proper k-coloring of G[H] so that ¢ differs from ¢ on H (if no such ¢ exists then we
are done). By the conditions of Proposition 3.7, G[H] spans at least (1—e~®/ (")) edges. Thus
it must be that 1 differs from ¢ on the coloring of at most (1 — d)n/(1000k) vertices (otherwise,
¥ leaves at least (1 — 0)m/(1000k)2 >> (1 — e=©m/("%*))1n monochromatic edges in G — due to
concentration, and in particular it does not properly k-color G[H]).

Let v € 'H be some vertex on whose assignment ¢ and ¢ disagree, and w.l.o.g assume that v is
colored 7 in ¢ and j in . Now consider the neighbors of v in H which are colored j under . It
must be that these vertices are not colored j under 1, but rather some other color 5. Now one can
consider the neighbors of a vertex in N(v) which are colored by j’ in ¢, on which again, ¢ and ¢
must disagree. Put differently, let U be the set of vertices in the core on which ¢ and ¢ disagrees on.
By the discussion above and the first requirement in Definition 3.3 it holds that every vertex v € U

has at least

. 2m  0.99n/k
min(1 = 8)p¥i| = (1 - 0) 2 BT > (1 Bym o)

neighbors in U (p; was defined in Definition 3.3). By our assumption on U, |U| < (1 — §)n/(1000k),
this however contradicts Corollary 2.2 (when plugging in 1 — ¢ in Corollary 2.2).

6.8 Proof of Proposition 3.9 (Connected Components)
Let d = % Let us say that G is bounded if the following conditions hold.

B1. For all X C V such that | X| < n/d? we have e(X) < 10|X]|.
B2. The maximum degree of G is < In®n.

B2. If H is a subgraph of G on |[V(H)| > (1 — d~'%)n vertices, and if H has a k-coloring Vi, ...,V
such that e(v, V) > 0.9d forallv € V; and all 1 <14,j < k, i # j, then H is uniquely k-colorable.

Moreover, we call G e-feasible if G has an induced subgraph H with the following properties.
F1. |[V(H)| > (1 — eexp(—Vd))n and |E(H)| > (1 —d~Y)m.

F2. There is a k-coloring V3, ..., V) of G such that |H| NV; > (1 — 10~%¢)n/k for all 4.

F3. Every vertex v € H NV satisfies e(v,V; N H) > (1 — €)d for all j # i.

F4. All v € H satisty e(v, V' \ H) < ed.

F5. H is uniquely k-colorable.

If H, K are two induced subgraphs of G that satisfy F1-F5, then the same is true for H U K.
Therefore, G has a unique maximal induced subgraph that enjoys F1-F5; this subgraph will be
denoted by Gy in the sequel.

Lemma 6.20. Let 6 € (0,1] be some positive number. Let G be a random graph in Guniform =, >

n,m,k 7’

Cok*n, Co = Co(8) a sufficiently large constant. Then whp G is bounded and §-feasible.

This lemma is a direct consequence of Propositions 2.1, 3.6, 3.7.

Let T C V be a set of size t = [logn]|, and let 7 be a tree with vertex set T. Moreover, let us
call G (T, 7)-poor if
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G is bounded,

G is 0.01-feasible,
e (G contains 7 as a subgraph,

e T does not intersect G 2.

Denote by G the set of all k-colorable graphs with vertex set V' = {1,...,n} and exactly m edges,
and let P(T, 7) signify the set of all (T, 7)-poor k-colorable graphs G' € G. Below we shall establish
the following.

Lemma 6.21. We have (})t"2|P(T,7)| = o(|G]).

Before we prove Lemma 6.21, let us note that it implies Proposition 3.9 immediately.

Proof of Proposition 3.9. Since there are (7;) ways to choose a vertex set T' of size t, and then

ways to place a tree into that set, Lemmas 6.20 and 6.21 entail that

tt72

P [g;;f;l,f‘),gm violates the property stated in Proposition 3.9]

< P [Q‘miform is not e-feasible for some € € {0.01,0.015,0.02} or not bounded

n,m,k
. T
4P [EIT, 7o gumifem g (T, T)-poor} <o)+ ‘P(MT)‘ — o(1),
Tt

as claimed. O

Thus, the remaining task is to prove Lemma 6.21. To this end, we fix a set T' and a tree 7 and
set up a bipartite auxiliary graph A = A(T, 1) with vertex set V(A) = P(T,7) & G; for brevity we
set P = P(T, 7). The auxiliary graph will enjoy the following property.

In A every vertex G € Pr, has degree at least A, while every vertex G’ € G has

degree at most A’, where (7)t'"2A" = o(A). (15)

Since A|P(T,7)| < |E(A)| < A’|G|, Lemma 6.21 follows direcly from (15).

To describe the construction of G, we let I be the set of all v € T that have degree < 4 in 7; then
|I| > t/2, because T is a tree. Furthermore, for each G € P(T, 1) we let V1(G), ..., Vi(G) signify the
lexicographically first k-coloring of GG, and we set

Il(G) = {U el: eg(’U,V \ Go_og) > 0001d},
L(G) = {vel:3j:vdVi(G)Aea(v,Vi(G)N Gog) < 0.999d}\ I(G).

If G is (T, 7)-poor, then all vertices v € I are outside of the 0.02-core Gy g2; hence, due to F3 and F4
we have I = I1(G) U I2(G). Thus, we decompose P into two parts Py = {G € P : |I1|(G) > 0.15t},
Py=P\P1

As a next step, we will construct two subgraphs Ay, Ag of A, both of which constists of the
Pi-G-edges of A. Thus, A = A; U Ag, so that (15) will be a consequence of the following statement.

In A; every vertex G € P; has degree at least A;, while every vertex G’ € G has

degree at most A}, where (})t'?Al = o(4;) (j = 1,2). (16)
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In the remainder of this section, we present the constructions of A1, .43, A3 and establish (16). To
facilitate these constructions, we say that a pair {z,y} of vertices is compatible if {z,y} & E(G), z,y
lie in Go1, and z,y belong to different classes of the unique coloring of Gg 1. Moreover, we say
that a set F' of pairs of vertices is compatible if every pair in F' is compatible and no vertex v € V
occurs in more than one pair.

Lemma 6.22. Let G € P and let 1 < s < nPl. Then there exist (”28/4) compatible sets F' of size s.

Proof. Let Zi,...,7Z; signify the unique k-coloring of Ggg1, and let C be a complete k-partite
graph with the color classes Zi,...,Z;. Since G satisfies F2, C has at least > 1., ;<. [1Zil|Z;| >

(0.9—k~1)(5) edges. Furthermore, let S be a set of s edges of C chosen uniformly at random. Then
the probability that S does not contain an edge of G is

(\E(C)S\ - m) <\Eic)l>‘1 :El _ # =1-o0(1),

because |E(C)| = Q(n?), while ms = o(n?). Moreover, the probability that a specific vertex v occurs

twice in S is at most <‘E(C)|> (!E(C)\>_1
n? <O(s’n™?) = o(n™).

s—2 s

Hence, by the union bound with probability 1 — o(1) a randomly chosen S will touch no vertex v
more than once. Thus, with probability 1 — o(1) a randomly chosen S is compatible, so that the
number of compatible sets is > (1 — 0(1))(|E(C)|) > (”28/2). [ |

S

Construction of A;. The construction of A; is based on the following observation.

Lemma 6.23. Suppose that G € Pa. There exist sets U C I1(G), |U| = [0.1t], and W C V' \ (T U
Go.02) such that e(v, W) > 107*d for all v € U, and e(w,U) < 10* for all w € W.

Proof. Let J C I1(G) be a set of size 0.15¢, and let K C J be the set of all vertices w € V'\ (Gg.02UT)
that are adjacent with a vertex in J. Moreover, let L. C K be the set of all w € K such that
e(v,J) > 10*. Then the boundedness property of G implies that |L| < 0.01¢. Furthermore, letting
Q= {v e J:e(v,L) > 10*}, we have |Q| < 0.001¢ (once more due to the boundedness of G). Now,
let U =J\Qand W = K \ L. Then each w € W has < 10* neighbors in U. Moreover, if v € U,
then e(v, W) > e(v, V \ (Goo2 UT)) — e(v, L) > 0.001d — 10 — 10* > 10~4d. [ |

Our objective is to associate to each G € P; a large number of “target graphs” G’ € G such that no
G’ occurs as a target graph too frequently. To this end, we consider the following nondeterministic
procedure that maps G to a target graph G’. For each possible outcome G’ we include the edge

{G,G"} into A;. Set v = [107*d] and u = [0.1t].

C1. Choose a compatible set F' of size t — 1 + yu.
C2. Choose sets U and W as in Lemma 6.23.

C3. For each v € U choose a set {w(v),...,wy(v)} of neighbors of v in W.
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C4. Obtain G’ from G by removing the edges of 7 along with the edges {v, w;(v)} (v € U, 1 <i <)
and adding the edges F.

Lemma 6.22 entails that the number of graphs G’ that can be obtained from each G via the above

procedure is at least
2
2
A= (™ (17)
t—1+~u
(because there are at least this many choices in step C1). Conversely, to recover G from G’, we
consider the following nondeterministic procedure.

R1. Choose a set F' of t — 1 + yu edges of G'.
R2. Choose a set U’ C T of size u.
R3. For each such v € U’ choose a set N; of 4 vertices outside of the 0.015-core of G'.

R4. Output the graph G” obtained from G’ by removing the edges F’ and adding the edges {v, w},
v e U', w e N, along with the edges of 7.

Lemma 6.24. If {G,G'} is an edge of Ay, then G’ is 0.015-feasible and the process R1-R/ applied
to G’ can yield the output G" = G.

Proof. Let F, U, W, and ({wi(v), ..., wy(v)})yer be the sets chosen by C1-C4 to obtain G’ from G.
If R1-R4 chooses F' = F, U' =U, N, = {wi(v),...,wy(v)} for all v € U, then the ourcome will be
G" = G. Thus, we just need to show that it is feasible for R1-R4 to choose N), = {w;(v),...,wy(v)},
i.e., that G’ is 0.015-feasible and the vertices w;j(v) do not belong to the 0.015-core of G’

To see that G’ is 0.015-feasible, let X be the vertex set of Gpo1. We claim that X satisfies
F1-F5 with respect to G’ with ¢ = 0.01. For F1 is an immediate consequence of the fact that G
is 0.01-feasible. Moreover, as C4 adds a compatible set F' and only removes edges that contain a

vertex outside of X, the unique k-coloring of G o1 remains the unique k-coloring of the set X in G’,
whence F2-F5 follow. Thus, G’ is indeed 0.01-feasible, and hence 0.015-feasible as well.

Finally, to show that the vertex set Y of G ;5 is contained in that of Gy o2, we show that ¥’
is 0.02-feasible in G. For the induced subgraph G [Y] is uniquely k-colorable, because all edges in
E(G")\ E(Q) lie in the uniquely k-colorable subgraph G 1 of G. Hence, Y satisfies F5, and F1-F2
just follow from the fact that Y is 0.015-feasible in G’. Moreover, as no vertex v € V occurs in the
set E(G) \ E(G’) of edges removed in C4 more than ~ times, Y also satisfies F3 and F4 in G with
e =0.02. |

Lemma 6.25. If G' is an outcome of C1-CJj for some G € Py, then the number of possibles
m )(exp(—x/ﬁ)n)u.

nondeterministc choices in the R1-Rj is at most A} = 2¢ (t—1+vu ”

Proof. The first factor accounts for the number of ways to choose F’. Moreover, there are clearly
at most 2! ways to choose U’. To bound the number of choices of R3, note that for each v € U’
there are at most ("7|V($0-015)|) ways to choose the set N,. As the construction C1-C4 ensures

that G{, ;5 contains the 0.01-core Gpo1 of G, our assumption that G is 0.01-feasible entails that
IV(Gh.o15)| = (1 - eXP(_\/a))- u

Finally, combining (17) with Lemmas 6.24 and 6.25, and observing that (})t""2A] = o(A;), we
obtain (16) for j = 1.
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Construction of As. Let G € Py, and let V1 (G), . .., Vi(G) be the lexicographically first k-coloring
of G. We split the set I>(G) into k subsets

Li(G)={vely:vgVi(G)Ne(v,V;(G) NGo.o2) < 0.999d} (1<j<k).
Moreover, we split Py into subsets

Poj ={G € Py [Lj(G)| > 0.1t/k}\ |J Pu (1<j<k).
1<i<j

Without loss of generality, we shall just consider the case G € Ps; in the sequel.

As in the construction of A; we consider a nondeterministic procedure that maps G € Py to
G' € G. Let u = [0.1t/k] and v = [107%d].

C1. Choose a compatible set F' of size t — 1.

C2. Choose a subset U C I21(G) of size u.

C3. Choose a matching M C E(Gg.1) of size yu such that no vertex v is adjacent to more than 100
vertices that occur in M. Moreover, for each v € U choose a set N, C V1 N Gg g1 of size v such
that the sets (N,)yeu are pairwise disjoint, e(v, N,) = 0, and no vertex of NV, occurs in M.

C4. Obtain G’ from G by removing the edges of 7 and the matching M, adding the edges F', and
connecting each v € U with all w € N,,.

For each G € P; and each possible outcome G’ of C1-C4 we include the edges {G, G’} into A,.
The following lemma provides a lower bound on the degree of G € Ps; in As.

Lemma 6.26. Fach G € Py has at least Aoy = %(7;2_/14) ((1_170;9)”1) ((1_10;9)"%)“ images G'.

Proof. By Lemma 6.22 there are (7224) ways to choose F. Furthermore, F1 implies that G o1
contains at least (1 — 10—9)m edges. Moreover, since the maximum degree of G is < In*n by B2,

Go.o1 has at least (1 — 0(1))((1(;11(%2"1) matchings of size 0.16dt/k. Finally, since [V;| > (1 —107)%
0.1t/k

by F2, there are (1 — 0(1))((1_105;9)"/1"’) ways to choose the sets (Ny)yev- [ |

Conversely, we consider the following nondeterministic procedure for obtaining a graph G” from
an outcome G’ of C1-C4.

R1. Choose a set F' C E(G’) of size t — 1.

R2. Determine the unique coloring V7, ..., V/ of G{ ;5. Then, choose a set U’ C T of size u and
an index [ such that each v € U’ has at most 0.9999d neighbors in V. Moreover, choose a set
M’ of yu pairs of vertices such that each e € M’ consists of two vertices belonging to different
classes of V{,..., V/.

R3. For each v € U’ choose a set N, of neighbors of v in V/ such that |N/| = ~.
R4. Obtain a graph G” from G’ by removing F’ and all edges {v,w} with v € U, w € N/, and
adding the edges of 7 and M’.
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Lemma 6.27. If {G,G'} is an edge of Az, then G’ is 0.015-feasible and the process R1-R/ applied
to G’ can yield the output G" = G.

Proof. Suppose that G’ has been obtained from G by choosing the matching M, the set U, the sets
(Ny)ver, and the feasible set F. To recover G’ = G’, we shall prove that G’ is 0.15 feasible and that
the process R1-R4 can choose M’ = M, F' = F, and N, = N,,.

To show that G’ is 0.15 feasible, let Z be the set of all vertices that occur in M and H =
V(Goo1) \ Z. We claim that H is 0.015-feasible in G'. For H satisfies the assumption of condition
B3 in G, whence G [H] = G’ [H] is uniquely k-colorable. Moreover, since |Z| = O(lnn), H satisfies
F1, F2, F3, and F5. Further, since the sets N, are pairwise disjoint, we have eg/(v,V \ H) <
eqc(v, V\H)+1 <eqg(v,V\Gooi)+ 101, because no vertex of G has more than 100 neighbors in Z.
Therefore, H is 0.015-feasible in G’.

Indeed, we have shown that V(G{ y15) D V(Go.o1) \ Z. Hence, as G ;5 is uniquely k-colorable,
for a suitable value of [ we have V' D J,cpy No. Moreover, since V(Gj g15) C V(Gooz2), all v € U
satisfy e(v,V)) < 0.9999d. Therefore, it is feasible for R1-R4 to choose M’ = M, F' = F, and
N/ = N,, thereby recovering G" = G. [ |

In the light of Lemma 6.27 we can bound the degrees of G’ € G in Ay as follows.

Lemma 6.28. If G’ has been obtained from G via C1-C4, then during R1-Rj there are at most
Al = (tTl)Qt((l_"’;)(g)) (O'Qiggd)u ways to choose F', the sets N, and M'. Hence, the degree of any
G' € G in Ay is < kA,

Proof. There are exactly ( t’_”l) ways to choose F’ and at most 2! ways of choosing U’. Furthermore,

n

by Turan’s theorem there are at most ((1716;;)(2)) ways to choose M’. Finally, since each v € U’ has

0.9999d
)

at most 0.9999d neighbors in VY, there are at most ways to choose NJ,. |

Combining the bounds from Lemmas 6.26 and 6.28, we obtain

e (L)H (1—1079)2mn/k 10k
Ay~ Adk 0.9999(1 — k~1)n2d/2

Thus, we have established (16) for j = 3.

7 Conclusion

In this work we consider the uniform distribution over k-colorable graphs, GUmiform = with average

degree greater than some sufficiently large constant. We characterize the typqg;lk structure of the
solution space of such graphs to show that typically there exists only one cluster of proper k-colorings,
whose size may be exponential in n, in which almost all vertices are frozen. We also prove that a
relatively simple efficient algorithm recovers whp a proper k-coloring of such graphs, thus asserting

that almost all k-colorable graphs are easy to color.

To obtain our results we had to come up with new analytical tools that apply to a number of
further NP-hard problems, including the satisfiability problem. Our result also implies that the
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algorithmic techniques developed for random formulas from the planted distribution, e.g. [10, 6], can
be extended to the significantly more natural uniform distribution [14].

Combining Theorems 1.1 and 1.2 rigorously supports the following common thesis: the main
key to understanding the hardness (even experimental one) of a certain distribution over k-colorable
graphs lies in the structure of the solution space of a typical graph in that distribution. Specifically,
our results show (at least in our setting) that typically when a graph has a single cluster of proper k-
colorings, though its volume may be exponential in n, then the problem is “easy”. On the other hand,
when the clustering is complicated, for example in the near threshold regime, experimental results
predict that many “simple” heuristics fail, while “heavy machinery” such as Survey Propagation
works. Heightening this last point, regard the recent work in [18] which considers the planted 3SAT
distribution. There it is proved that the naive Warning Propagation algorithm works whp for planted
3CNF formulas with a suitable parametrization which, amongst other characteristics, typically have
one cluster of satisfying assignments. Fitting the result into our perspective — when the clustering is
simple, then a simple message passing algorithm works (Warning Propagation), when the clustering
is complicated, then only a much more complicated message passing algorithm is known (and even
this only experimentally) to work (Survey Propagation).

Acknowledgements: we thank Uriel Feige for useful discussions.
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