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Abstract

We show that randomly generated monotone
clog(n)-DNF formula can be learned exactly in
probabilistic polynomial time. Our notion of ran-
domly generated is with respect to a uniform dis-
tribution. To prove this we identify the class of
well behaved monotone clog(n)-DNF formulae,
and show that almost every monotone DNF for-
mula is well-behaved, and that there exists a prob-
abilistic Turing machine that exactly learns all well
behaved monotone ¢ log(n)-DNF formula.

1 Introduction

Intuitively, a monotone clog(n)-DNF, f, is well behaved if it
satisfies three smoothness criteria—the “small”, “medium,”
and “large” z properties—that collectively rule out having an
unexpectedly large number of terms having a common subset
of the variables. Thus by removing terms we maintain our
well-behaved criteria and we have:

Theorem (Subset property of the set of well-behaved func-
tions). If f is well-behaved and ' contains a subset of the
terms of f then [’ is also well-behaved.

The question of what is meant by “a randomly generated
monotone ¢log(n)-DNF formula” is somewhat application
specific, but because of the subset property of the set of well-
behaved functions, our learning algorithm and proof of cor-
rectness is quite robust. We imagine a process that randomly
selects m terms of size clog(n); we show that such a func-
tion will be well behaved with high probability as long as
m < 2loglog(n)n® (where roughly @ of the exam-
ples will be false when m = 2loglog(n)n®.) This sub-
sumes standard notions of randomness that are intended to
generate formula which are expected to be true with fixed
probability less than one. For functions with the small and
medium smoothness properties and for a set of variables,
s, of bounded size, we can efficiently determine by sam-
pling whether or not there exists a term ¢ € f such that
s C t with high probability. Our algorithm considers all
subsets of variables, s, of a given, fixed size. To extend s
we make multiple trials of random extension of s, through
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|s| = B(n) = loglog ¢/n. The medium and small subset
properties guarantee that with high probability, if s’ O s has
size at most S(n) and there exists a term ¢ € f such that
s’ C t, then s’ is generated by this process. At this point, the
large smoothness property comes into play and guarantees
that the previous ¢ is unique, and therefore can be efficiently
found. In this way, we find all terms ¢ of f in polynomial
time.

1.1 Motivation and Past Work
Mentioning DNF, Valiant [12] states:

The possible importance of disjunctions of con-
junctions as a knowledge representation stems from
the observations that on the one hand humans ap-
pear to like using it, and, on the other, that there
is circumstantial evidence that significantly larger
classes may not be learnable in polynomial time.

Many learning theorist have considered learning mono-
tone DNF formula. Angluin [2] completely solved this prob-
lem for the case of exact learning using membership queries
— all monotone DNF are learnable in polynomial time in
this model for all distributions. This problem has proven
more difficult if the learner is restricted to sampling, i.e.
learning by example. The obstacle seems to be “cluster struc-
ture” within the formula, specifically a relatively large set of
variables common to a relatively large number of clauses.
Existing results in the literature tackle this obstacle in two
different ways. (1) allow the running time of the learner
to explode in the face of such clusters, e.g. Verbeurgt [13]
learns any poly(n)-size DNF in time n°U°&(") from uni-
form examples. Or (2) consider classes of formula that do
not contain such clusters, specifically by random generation
and limited number of terms, e.g. Servedio [9] learns any

2V1°8(")_term DNF in polynomial time from a product dis-
tribution. Other researchers have used similar approaches to
other problems, [10], [8], and [6].

The results of this paper belong to group (2). Our result
is distinguished from Servedio [9] in that our definition of
well behaved represents an initial attempt to formalize the
obstacle, and to obtain the best possible result based on that
formalization. From this, we obtain conditions of greater
generality.

Despite the difficulty of learning monotone DNF with
random examples drawn from the uniform distribution, the



naturalness of the class suggests in some restricted form, it
must be possible to learn. In their 1994 paper, Aizenstein and
Pitt proposed learning most DNF instead of all DNF. They
defined “most” as the DNF generated randomly with certain
parameters set, one parameter is choosing the variables in a
term with probability % They left as an open question a more
natural setting of those parameters. Jackson and Servedio
in 2006 started answering the open question of Aizenstein
and Pitt in their paper [7]. They learned “most” monotone
DNF where the number of terms is bounded by O(n?~7)
with fixed term size, log m, where m is the number of terms.
We continue this work left open by Aizenstein and Pitt, and
Jackson and Servedio.

We expand the approach used by Jackson and Servedio
in their paper [7]. To learn random monotone DNF with
O(n?~7) number of terms, they use a clustering algorithm
after using an inclusion/exclusion pair finding algorithm. In
our paper, we learn O(n®) number of terms in polynomial
time for any constant ¢, and fixed term size, clog(n).

Similar results are independently obtained by Jackson,
Lee, Servedio and Wan [5] but are slightly weaker. They
use a similar algorithm but significantly different underlying
proofs.

Theorem 1. Given a random monotone DNF, f, Algorithm
Learn Random Monotone DNF finds f in polynomial time
with high probability.

1.2 Our Model and Random Functions

Continuing the work of Aizenstein and Pitt [1] and Jackson
and Servedio [7], we explore learning a function chosen ran-
domly from a large class of functions. Jackson and Servedio
learn a monotone DNF formula chosen randomly from a sub-
class of monotone DNF; we do the same except we choose a
larger subclass of monotone DNF. As in Jackson and Serve-
dio, we randomly choose the terms for our function from (:)
possible terms of size k. We differ from Jackson and Serve-
dio’s choice of a class of functions in two ways. The most
important is that we learn functions with n¢ terms for any c,
while they learn only for ¢ < 2 — « for v > 0. The second
way we differ is by loosening Jackson and Servedio’s restric-
tion which bounds the function away from 0 and 1 by a con-
stant; we restrict our attention to functions that are bounded
away from one by a slow growing function in n, and without
restriction on how close the function is to zero. Even in the
case of ¢ < 2, for large n, the set of functions they learn is
a subset of the functions we learn. They allow the number
of terms, m, to be a2k < m < 2k+1 ln% for a constant «,
(0 < a < 0.09). Instead, we restrict the number of terms,
m, to be m < 2¥*+1cloglog(n).

As Jackson and Servedio in [7]; we learn in the uniform
distribution model; where each example is chosen uniformly
at random and labeled according to the unknown function.

Our goal is stronger than theirs, in that we exactly learn
with probability 1 — §. (They learn a function which is e
close with probability 1 — 4.) We run in time polynomial
in the probability of an example satisfying a term, (i.e. time
polynomial in 2F.)

The model for our class of random monotone DNF for-
mulas is as follows, let F™%™ be the set of monotone DNF

over n variables, with terms of size k£, and m terms. Or in-
terest is when with m < 28*1cloglog(n) where ¢ = %.
Each term is selected independently and uniformly from the

set of all k-variable terms.

2 Notation and Definitions

Our function will be defined on n variables; we let X =
{x1,%2,...,2,} be the set of variables. For s C X we
define X\s = {x € X | € s}. Lett C X be a term,
and k = |t| = clog(n) be the size of a term. Let m be the
number of terms; where m < mp. = 2"+ cloglog(n) =
2ncloglog(n). Let f = Ut We define f\t = {t' €

e #t}.

Let E = {0,1}" be the set of all examples, and B+ =
{e € E'| f(e)} be the set of all positive examples. Let s C
X, and let a4 be a partial assignment of the variables in s.
For x € s, and as a partial assignment, then by an abuse of
notation, we define z(a;) = 1 iff the assignment to z is 1
and 0 otherwise. Let X, = {x € s | z(as)} be the set of
variables in s that a, satisfies.

We use a, to partition the set of examples, ET, and the
set terms in f. We then explore the relationship between
these sets in the paper with an inclusion/exclusion algorithm
that allows us to find subsets of terms in f. Let F,, =
{e € E|Vx € s,x(as) = z(e)} be the set of assignments
who agree with as on all the variables s. Let Ej =FE, N
E7 be the set of positive assignments who agree with a, on
all the variables s. Let T,, = {t € f | tNs = X,,}.

Let T, = {t € f|t(e)} be the set of terms satisfying
an example e. Let #¢(as) = |{x € s | z(as) =0}, e.g.
#0(10110) = 2.

Let S(n) = loglog(¥/n). We use 3(n) throughout the
paper as a bound that is not constant — and not too large. For
technical ease we chose this value of 5(n), we could have
chosen other values for 8(n), such as 3(n) = loglog(n).

For ease of notation, we define 72 = ﬁ

For e and a,, we define a transformation, €’ = ez, to
be Vi & s,x(e’) = z(e) and Vx € s,z(e’) = z(as). Fore
and 2’ we define €’ = egp(,/) tobe Vo € (X\ {2'}), z(e’) =
xz(e) and 2’ (e) = 1 — 2/(e).

Our algorithm discovers f by finding subsets of terms in
f- We use the knowledge that a set of variables, s, is a subset
of a term iff there is a positive example, e, which becomes
false for eqjp () for any x € s.

Definition 2. e is s-minimal for f iff
e cc ET, and
e Vr s, e, ET.
We define the set of s-minimal examples:
Definition 3. Let T, = {e € E™ | eis s-minimal}.

Thus, given any e € Ty and t € f, if t(e) = 1 then
s Ct.

The idea behind our proof is that we can determine if T
is non-empty for any s of cardinality greater than ¢ 4+ 1 and
less than or equal to 3(n) 4+ 1, thus finding a subset of a term.



Function Distinguishing Subsets

o Sz{sCX||s|:c+2, and I, > 2" - —+

e Fori= (c+3)tofB(n)
-5 =0
— Forse Sandzx € X
# If Iyugey > 2" - —L then add (s U {z}) to
n 5
S/
-S5S=9

e Return S

Figure 1: Function Distinguishing Subsets

From this knowledge we build the rest of the term. Our goal
is to exactly learn f with probability 1 — 4.

Unfortunately we don’t know how to compute the size of
T;. Instead we estimate | Y.

Definition 4. Ler [, = 3", (—1)#0()| B} |.

Our paper focuses on proving that most monotone k-
DNF are well behaved, that for well behaved functions I ap-
proximates | Y| forc+2 < |s| < B(n)+1,andifs Ct € f
then Y is sufficiently large.

The organization of our paper is as follows: in Section
3 we present a simple algorithm that exploits the knowledge
that we can find a subset of at term. In Subsection 4.1 we
partition the set of positive examples and use this partition to
define how I, miscounts the size of Y,. In Subsection 4.2
we prove most f € F™*™ are well behaved. In Subsection
4.3 we bound by how much I, misclassifies | Y| for well
behaved functions. In Subsection 4.4 we prove that for well-
behaved f €r F™*™ if s C t € f then YT, is sufficiently
large enabling us to discover if s C ¢.

We put some of the technical details into the appendix.
In Appendix 1A, we provide some observations and sim-
plifications of algebraic expressions used in our proofs. In
Appendix 1B, we prove that most f €r F™*™ are well
behaved. In Appendix 1C, we bound T, for well behaved
DNF. In Appendix 2A, we use standard sampling techniques
to prove we can approximate |E;" | sufficiently. In Appendix
2B, for the sake of completeness, we provide the details that
show our algorithm finds the unknown monotone DNF in
polynomial time with high probability.

3 The Algorithm for Finding f Using /,

Using I as our estimate for | Y';|, our algorithm builds terms
in three stages. First our algorithm tests all subsets of size
¢ + 2, selecting those that are a subset of a term in f. Next,
it builds upon these subsets, variable by variable, till it has
found all subsets of terms of f of size 3(n). Finally, having a
subset unique to a single term in f (we prove the uniqueness
of terms of size §(n) later in the paper in Corollary 46,) we
find the rest of variables for this term. The steps of the first
two stages are in Figure 1 and the steps for the third stage are
in Figure 2.

Algorithm Learn Random Monotone DNF
e S = Distinguishing Subsets
o f= 0
e Forse S
-t=0
— Forz e X
# If Iyy(qy > 2" —-7 thenadd z to ¢
n '5
— addtto f
e Return f

Figure 2: Algorithm Learn Random Monotone DNF

4 Approximating T by /;

In this section, we show that with high probability I, ap-

proximates | | forc+2 < |s| < B(n)+1to Within
2”'4k10ig(r‘1n (le |I ‘TSH<2n'4kioiL(llln )We
use Subsections 4.1 through 4.3 to prove this main theorem.
In Subsection 4.4, we prove that [T, > 2" - —4—-L if

8log*¢(n) n°
andonlyifs Ct € f.

4.1 Observations about I,

To explore how I relates to the size of Y5, we partition the
set BT of positive examples We partition E+ by groupmg
examples that “map” under s to the same example in E
Observing the behavior of a partition durmg the calculation
of I, we bound how I misjudges the size of Y. (We bound
the size of the miscalculation in Subsection 4.3.)

Definition 5. For s C X, and e € Ef' , we define a set
of partial assignments, A, s = {as | es—a, € E1}, which
map e to another positive example under s.

Next, using this partition of the set of positive examples,
we define a criteria for e € Ef‘ to be correctly counted.

Definition 6. For e € E we define

T, = Z (_1)#0(%).

as€Ac,s

Observation 7. [, =) . Bf 7.

Definition 8. Ane € E1 is correctly counted iff e € E1 \T,
thenZ, =0, and ife € Y, then T, = 1.

Note, if all examples in Efr are counted correctly then
I, = |Y|. We observe that e € Y is correctly counted.

Lemma9. Foralle € Y, thenZ, = 1.

Proof: A, ; = {1,}. O

By characterizing examples which are correctly counted,
we restrict the number of examples that could be incorrectly
counted. We describe two ways examples are correctly counted.



Lemma 10. An example, e € Et, is correctly counted if
3w € s such that Vas € Ac s, (as)gip(z) € Ae,s.

Proof: Let = be such that Va, € A, and (as)qip(z) €
A, then (—1)#0(@s) and (—1)#o((@s)ain) are included in
the sum, where the parity of #q(a,) and #o((as)gip(z)) are
opposite. Thus Z, = 0 and e is counted correctly. O

Corollary 11. An example, e € E+, is correctly counted if
3t € f such that t(e) and t N s = .

Proof: The Corollary follows from Lemma 10 and the
definition of Z, since all partial assignments are contained in
Acs. O

If e is not known to be correctly counted by Lemma 10
and Corollary 11, it may or may not be correctly counted,
but our proof will not need to consider this option.

Definition 12. Let s C X, we define the set of miscounted
examples by

M, ={e€ Ef\T,|Z. #0}.

Partitioning M based on sets of partial assignments, we
simplify bounding the number of miscounted examples.

Definition 13. Let s C X, and A C {0, 1}‘5|; we define
M&A = {6 S MS | Ae,s = A}

We define a partial order by a, < a! iff Vo € s then
x(al) < xz(a?) and @), # a?. The smallest partial assign-
ments are very important to our proof; they determine if an

example e € By is miscounted.

Definition 14. Ler A C {0, 1}%], we define
L(A) ={as € A|Vd, € A,a, £ as}.

Lemma 15. Let ¢ € M, 4, then Vas € L(A),3t € T,
where t(e).

Proof: By definition 5, given any e € M, 4 and Va, €
L(A), 3¢’ € E} such that ¢/ maps under s to e (i.e. € =
e, 1.) which implies ¢/ = e,._,,. Because ¢’ is X, -mini-
mal, we know 3t € T, such that t(¢’) which implies ¢(e)
since f is monotone. O

We have now proved in Lemmas 10 and 15 that every
miscounted example is satisfied by a set of terms whose union
contains s. We will use this fact in Lemma 24 where we
bound the number of miscounted examples in M 4.

Knowing A is a subset of the partial assignments to s, we
calculate by how much an example has been miscounted.

Observation 16. Let e € M, 4 then |T.| < |A| < 215l.
Definition 17. Let Ag = {A|A = A, ; forane € M}.

Observation 18.

I, — |1, = Zze: Z Z Z..

e€EM, A€EA; eEM, 4

4.2 Properties of Well Behaved Functions

In this subsection, we describe the properties a function needs
for our proof to hold; our algorithm works for functions that
are not “clustered” together. We prove that with high prob-
ability these properties hold for f €r F™F™. We will call
DNF formulas that have this property “well behaved.”

Definition 19. A monotone DNF function, f € F™Fm™ is
well behaved iff for all s C t € f where |s| < 3(n) +1, and
Vas where z = #1(as) then

e Small z property:
if0 < z < cthen |T,, | < 3Mmaxk®/nZ,

e Medium z property:
ifc <z < f(n)then |T,,| < B(n), and

e Large z property:
if z > B(n) then |T, | < 1.

Using Chernoff bounds we prove random monotone DNF
are well behaved with high probability.

Theorem 20. For a fixed c and sufficiently large n, if f €r
Frkm for m < 28+ lcloglog(n) then f is well behaved

with probability at least 1 — n*¢log(n) (%)’B(n).

Proof: This follows from Corollaries 42, 44,and 46 (found
in the appendix,) and noting that the probability of small,

medium and large z properties of being well behaved are not
satisfied with probability at most $n**log(n) (1)

1\8(n)—1 +
c B(n)—1 c ﬁnn —1
%n2 log(n)/3 (%L) () +%n2 log(n)/3 (%) ™=1 con-

sequently f €x F™F™ is well behaved with probability at
least 1 — n¢log(n) (%)’B(n). O

4.3 Observations about well behaved Monotone DNF
Formulas

In this subsection, we derive some properties of well behaved
functions. First, we bound the number of variables that occur
in more than one term from a set of terms, T' C f for f €x
Fr-km Next we bound the probability an example satisfies
every term in T'. Third, we bound the size of M, 4, using
the probability an example satisfies a term in 7}, for every
as € L(A). At the end of this subsection we bound |M,| and
Iy — | M.

Corollary 21. Let f be a well behaved monotone k-DNF
Sformula and T C f, then |{zx | x € (t Nt') for some t,t €
T} <|T[*B(n).

Proof: For f, a well behaved monotone k-DNF, we know
that a pair of terms ¢,t’ € f have in common at most 3(n)

variables. Since the number of pairs is (‘g‘), we bound the
total number of variables used by more that one term by
(‘g‘) (B(n). Note that what we’ve proved is stronger than
what we’ve claimed. The form of our claim is for our subse-
quent technical convenience. O

Knowing an upper bound on the number of variables oc-
curring in a set of terms, we bound the probability an exam-
ple satisfies every term in this set of terms.



Lemma 22. Let f be a well behaved monotone k-DNF, and
T C f a subset of terms then

1

Proof: The T terms share at most |T'|?3(n) variables out
|T'|k variables by Corollary 21. Thus the number of variables
that need to be satisfied is at least | T'|k — |T|>8(n). O

We note that if we restrict our examples to have the bits
in s set to one, we get the following corollary.

Corollary 23. For s C X and |{e € E |Vt € T,t(e)}| <

n,__ 1
2" - Smrmiraey then

1

[{e€ By, [VEET,t(e)}] <2 S(TIE-ITIZB(n)) -

Proof: The size of the set F;_ is 2"~ I5l. Given that
[{e€ BVt e T t(e)}| < 2" Sym—irmagyy the restric-
tion of the variables to be from the set E; reduces the num-
ber of variables that must be satisfied to at least (|T'|k —
IT123(n) — |s|). (i.e. at most |s| bits were forced to one.)
Thus |{e € By, |Vt € T, t(e)} | < 27715l 1

2(TTk—ITZB(n)—s])

— 9n 1

=2 20T k= |TI26(n)) * ) =
We now bound the number of examples in M, 4.

Lemma 24. For fixed c and sufficiently large n, let f be a
well behaved monotone k-DNF, s C X where ¢ +2 < |s| <

B(n)+1, and A € Ag then | M, 4| < 2" - ’“jfil”)

Proof: Let v = |L(A)].

Asnoted in Lemma 15, e € M;_4 are satisfied by at least
one term from every T, for every a;, € L(A). From Corol-
lary 23, we know that the probability anlexample satisfies a

set of v terms in E_ is at most 2™ - Ty e

Therefore we bound |M; 4| by bounding the number of
e € M, 4 which is satisfied by at least one term from every
T, for every a; € L(A). We create this bound by using a

Bonferroni type argument.
|Ms,A
|[{e € M, |Vas € L(A),3t € T,_,t(e)}|

1
" 9uk—v?B(n) H |T..| (Lemma 15.)
a.€L(A)

(Def. 13.)

< 2"

In counting the number of possible ways an example e €
M 4 could be satisfied by one term from every 75, , for ev-
ery as € L(A), we consider two cases.

In the first case, we assume that for all a; € L(A) that
#1(as) < c. Using the assumption that f is well defined,

#1(as)
we know that |7y, | < 3Mmax (}~C =

W) we compute the
probability as follows.

j#t(as)

1
|Ms,A <2". uk—v2B(n) l_l( )3mmax (n#l(a5)> ’
a;€L(A

By Lemma 10 and Corollary 11, s C < UT
teT,

t) and Va, €
Ae,sv#l(as) > 1. Letw = ZaSEL(A) #1(as) >

max {|L(A)|,|s|} (and since v = |L(A)|.) This implies that

3'my, kv

|Ms,A| < 2" W%nz
n 2”2ﬁ(”)(6010g10g(n))”n5“ kv
< on. T
- vk nw
= on.gv A (6cloglog(n))’— (n® = 2kv )
nw
n .3 c+2 kc+2
< 2" {/n(6cloglog(n)) e
(From Obs. 35, w > v, and w > |s| > ¢+ 2.)
1
< 2. o (From Observation 33.)

In the second case, there exists an a/, € L(A) such that
#1(al,) > c; by f being well behaved we know that [T, | <
B(n). Letv' = |{a}, € L(A)|#1(a}) > c}|. If as € L(A)
where #1(as) < c then by f being well behaved we know
that |T,.] < 3Mmax (%) Using these bounds, we
compute an upper bound by again noting that ¢’ € M; 4
is satisfied by one from each T, for all a; € L(A).

k#l(as)
3mmax T o)

#1(as)
asEL(A)#1(as)<c nEs
By Lemma 11, we know #1(as) > 1forall ay € L(A),

#1(as)
and (k#img ) < (%). we reduce the formula so that
n——=

|MS,A| SQ”M H

Quk—v2B(n)

‘Ms,Al
. (ﬂ(n))v/ o [k (v—o")
S 2m. W(Zﬂmmax) E
n. (B0)” by (BY
(since n°("=?") = 2k(v=v") )
v'zvzﬁ(n) , L (v—2")
< 2" —(5(n))2v,k (6¢log log(n))=") <n>

We now break the calculations down into two sub-cases.
If v = 2 then the equation is largest if v’ = 1. In this case

we bound |M; 4| by 2™ - M(Gcloglog(n)) (%) <
on . Bn)log” (Vi) 102%4(%) (6cloglog(n)) (%) < on . log’(Wk

n2k
If v > 3, we note ! this equation is again largestif v’ = 1,

and using Observation 35, we reduce the formula to:

n Bn)dn won) (K (v—1) 1
2" = — (Bcloglog(n)) - <o
Therefore | M 4] < 2" - ’fl;fiign) L)

Having computed an upper bound on the number of mis-
counted examples in M, 4, we now bound |Mj]|.

' Argument here passes over a minor potential difficulty. i.e. if
v’ is large, Corollary 23 does not come into play — but the crucial
fact is the nevertheless true as we show in Observation 32.



Corollary 25. Let f be a well behaved monotone k-DNF,
and let s C X where c + 2 < |s| < B(n) + 1 then | M| <

on 4k log® (n)n?/3
: netl .

Proof: This follows from [Ms| = >, ca [Msa| <
|Ag| (2” : ’“%iﬁn)) We note that |Ag| is bounded by the

. |s B(n
number of subsets of the subsets of s, i.e. 22" <22 [

log log( ¥/n)+1
22 & o8 < 4n2/3

2/3
Thus | M,| < 2n . 2log”(m)n™2 O

, we now compute the difference between
I and |Y4|. This bound is computed by multiplying | M|
and a bound of how large the misclassification is for an ex-
ample.

Theorem 26. Let f be a well behaved monotone k-DNF for-
mula, and s C X where ¢ +2 < |s| < B(n) + 1 then
I, — |1y < 27 - Ak log®(mn?/3

nc+1

Proof: As noted earlier, [; — [Ys| = > 5/ Ze.
2/3

Using Corollary 25, we know | M| < 2™ - %
From Observation 16, we know that that for all e, |Z.| <

log(/n).
Consequently,
. . 4klog®(n)n?/3
(s — [Ys|| < [M[log(¥/n) < 27 - s e—

4.4 Bounding |Y |
Definition 27. Let By, = {e € E | 3’ € f\t,t'(e)}.

Next we prove that every term has a high probability of
being uniquely satisfied. Jackson and Servedio have a similar
lemma, Lemma (3.6).

Lemma 28. Let f € F™*™ be a well behaved monotone k-
1
DNF function, t € f then |EY, — Ep\ 3] > 2" an
The proof of this lemma is found in Appendix 1 in Sub-
section C.
We note that if f is a monotone DNF and ¢ € (E; —
Ef\{t}), thene € Y;.

Corollary 29. Let f € F™*™ be a well behaved monotone
1

k-DNE ands Ct € f then |Ts‘ > 2™ . W}L“(n)ﬁ'

The following theorem is crucial; it is the key compu-

tation we use in our algorithm Learn Random Monotone
DNF.

Theorem 30. Let f € F mkm be ywell behaved, and let ¢ +
2<|s| < B(n)+1

2/3

ozfsCtefthenI > 2" mnc nctl

4k log® (n)n?/3

o ifsgte fthenl, <2"-

_on, 4k log® (n)n

’

The previous theorem shows there exists a large gap that
reliably determinesif s C t € f forc+2 < |s] < B(n)+1by
computing I;. This means that given a small set s C t € f
and z € X\ s we can determine whether or not sUz C t € f,
and this is the key to our algorithm.

In this section, we proved we could determine if a set, s,
is a subset of a term if ¢ + 2 < |s| < B(n) + 1 by com-
puting I;. Unfortunately, we cannot efficiently compute I
since we cannot compute |E;" | in polynomial time. Instead
we approximate [ using standard sampling techniques. We
estimate this value by sampling g, = n2¢t325%15| yniformly
chosen labeled examples from E. Thus we can effectively
estimate I with high probability. Details can be seen in Ap-
pendix 2 in Subsection A. Our fairly straightforward algo-
rithm is easily adapted to use our sampled values of I, and
thus runs in polynomial time in n and 2*. Details can be
found in Appendix 2 in Subsection B.

5 Future Work

Extensions of the ideas presented here can also handle the
non-monotone case. We are currently writing up this case
and checking the proofs. We are also working on relaxing
the requirement that % is fixed.
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APPENDIX 1
A Useful Observations

We use the following observations and simplifications of al-
gebraic expressions in our proofs.

Observation 31. For f a well behaved monotone k-DNF,
T C f where |T| > 2loglog(n) then |{e € E1, | t(e)Vt €
TH < 2™ m for sufficiently large n.

Proof: First, we observe that if 77 C T then {e € E;
tle),Vt € T'} D {e € E, | t(e), ¥t € T}.

Therefore, using Corollary 23 we know given any 7’ C
T where |T’| = 2loglog(n), then |[{e € FEy, | t(e),Vt €
T/} S on . 1 < m 1

22 log log(n)k— (2 log log(n))28(n) " ploglog(n) *

Observation 32. For a well-behaved monotone k-DNF, given
A C {0,1}5l where |{as € A | #1(as) > c}| > 2loglog(n)

,,1)2 log log(n)

B(
then |Ms,A| < T legloatm

Proof: Let A’ = {as € A | #1(as) > c}. Using Obser-
vation 31, if |A’| > 2loglog(n) then |M; 4| < |{e € En, |
Vas € A',3t € T, such that ¢(e)}|
S 2™ . m Ha;GA’ |Tas| S AL B(Zl)jgh;f;:i(n) . The last
inequality follows from noting that V#1(as) > ¢, |T,,| <
B(n) by the large z property, and from noting that the prod-
uct is maximized for | A’| = 21og log(n). O

Observation 33. For c a constant, then ntt = n(n —
1) (n—ec)>ntl — (7(0(0;1))) n® and n¢tL < netl —

2
<<c<c2+1>>)nc+ <<c<c2+1>>) iy

Observation 34. Let s C X, e € ET, and a, = e, if

(c+1)c

#1(as) <c,Vas € L(Aes) then |L(Acs)| < |s| = .

Proof: This follows from observing that (*!) < |s|.

Observation 35. Let s C X where |s| < 3(n)+ 1, and e €
E* thenif #1(as) < ¢,Vas € L(A..s) then 9IL(Acs)I?B(n)
n for large enough n.

Proof: Let s C X where |s| < §(n) + 1, and A, s be
such that #1 (as) < ¢,Vas € L(A.,s). Then using Observa-

tion 34 we know |L(A. )| < |s (efe
1 (c+21)c 2
9lL(Ac )PB(n) < 2(““”)* ) ) )

2(5(”)+1)(C+1)05(")
9(log log Yn+1)ctDe loglog ¥m

<
< (log ¢/m)lolos Y
< Vn.

Lemma 36. For a positive integer a > [3(n) and
¢ <log(n)/(3loglog(n)) then

m ket @ m kel atl
() (=) > (1) (=)

Proof: The proof follows from expanding the formulas:

m\ [ kSN m et At
() G=) > () (=)

me 1
al

matl ketl
(nC+1>a> > @t ((n”l)aH)

m—a [ k&L
a+1 \nctl /)’

=

O

k
Observation 37. For positive integer k, (1 — 2%)2 >1

Proof: The proof follows from expanding the formula
and noting that

G (2) (5 ()
BICROICI

and

Thus

1
T

) - = ()

Y

Observation 38. For constant c and sufficiently

m petl B(n) m petl log(n)

ﬁ(n)) (n”*l) +m(log(n)) (E)

Proof: The proof follows from the following calcula-
m get1 A

1

o) () (1)

m et log(n)
1 sa) (1)

log(n)(2¢log log(n))P (M peB(n) (c+1)5(n)

log(n)(

tions:

IN

(nc—i-l _ (C+1)2(C+2) nc)ﬂ(n)

0,

large n,

< At=T-

(26 IOg log(n))log(n)+1nc(log(n)+1)k(c+1) log(n)

(ncﬂ _ (c+1)2(c+2)nc>log(n)

log(n) (2¢log log(n)) () f(c+1)Bm)

(- Lesnfen) B

N (2cloglog(n))'ee(m)+1pcf(ct1)log(n)

1

(n _ (C+1)2(C+2))10g(’ﬂ)

nﬁ(n)*l ’



The first inequality follows from Observation 33 and substi-
tution using m < 2cloglog(n)n® and ("7) < m’. The sec-
ond inequality can be seen by multiplying the first summand

A ¢log(n)
by 1§"Cﬁ(n) and the second summand by % The last

B(n)
inequality can be seen by: (n - %) > pfn) —

g(n)(c+1)(c+2) A1 and ( _ (c+1)(c+2))log(n) S plos(n) _

M log(n)—1 g 1o8(n)(2clog log(n) *™) K+ DA()
RLOIEDIEHY

(2¢log log(n))108(M 1y p(ct1) log(n)

<n. O
nlog(n) =8 (n) — B (et 1)(c42nloB(n) 7 ACD 71 )
2

B Proving Random Monotone Functions are
Well Behaved with High Probability

In this sections we prove that most monotone DNF in F™:%:m
are well behaved.

For the small z property of being well behaved, bounding
|Ts. | for #1(as) < ¢, we first find the expected value of
|T,, |- Next we use Chernoff bounds to give an upper bound
on how far |T,,
probability.

Observation 39. For s C X, as where z = #1(
|s| < k <log?(n) then
2z 4

k=
My~ <Ejepznim {|Ta,|} < m—-

Proof: We first observe that

n—|s\) Lz |s|—=

( k—z 7(” — k)
k
The upper bound follows by observing that

) e e ) =T §

nﬂ N ni(n — Z)ls‘;z nz

as), and

Efe,’a]:n,k,m, {‘Tas

(remember z < k,) and thus

z

k,
Ererpnim {[Ta |} <m-—.

The lower bound follows from

(n—k)l== 1
nﬂ N nz H

i=0...|s|—2z—1

n—k—1

n—z—1t

Il
S P
- nz n—|s|
k ! k
By(l— Z) >1— |s|—=.
n—|s| |s|
1
> 1/2—,
2
kZ 2 [s|—=
and thus mJ— <m%. O

Next, we state the snnphﬁed Chernoff upper bound from
Canny’s lecture notes [3]; we use this Chernoff bound to
bound the expected value.

Lemma 40 (Chernoff). Let § < 2e — 1, p be the expected
value, and x be a series of independent Poisson trials, then

Pr{x > (1+8)u} < e=13"/9),

We now bound the number of terms in T, for #1 (as) <
¢, with high probability.

Lemma 41. Fix s C X, as where z = #4(
k< log2 (n), then

as) < ¢ and

zZ

k —clogl k<
PI’fGR]:n,k,m {'Ta5| > Smmaxﬁ <e cloglog(n) .

Proof: We note that z < ¢ < clog(n) = k, thus we
know the bounds of Observation 39 hold. Let f/ be a random
extension of f to M.y terms.

Pric,porm {|Ta,| > 3mmaxk*/n*}

S Prf/GR]:"’k””m'dX {|Tés| 2 Bmmaxki/né}
< Prpcrimme {10 > (14 0)BE{T}}
< e—u'52/4’

where 1/ = E{T,_} by Chernoff.
We can obtain an upper bound for this expression from a
lower bound for its unnegated exponent. Let 6 = 2.

/~L/52/4 _ /i’
> Mpaxk®/2n%
> 2nfc-loglog(n)k?®/2n*
> c¢-loglog(n)k¢  Since k%/2n* > k°/2n°.

Therefore

k= —cloglog(n)ke
Pryc,.znbm {|T . Tﬁ} < e Ccloglog(n)k=,

O

Corollary 42 (The Small z Property Holds with High Prob-
ability). Therefore for s C t € f where |s| < B(n) + 1
and z = #1(as) then Pryc znrm{3das, 0 < #1(as) <

¢ |Tu,| > 3mmax 2} < n®log(n) (1)"™ 7"

nz

Proof: We assume ¢ > 1; if ¢ < 1 then there does not
exist a z since 0 < z < ¢ < 1 and z is an integer.
If ¢ > 1 then the number of s C ¢t and as where z =

#1(as) < cis bounded by
S (k> P (E')

|s|=1,.. n)+1
< Mpax - g(n) (n)+1 Qﬁ(n)
< 1nc'"l.

3

(i.e. For a given term, the number of different sets of size s
S (\’z’l)' The number of terms is m. For a given set, s, the

number of ways to choose z items from the set is (lj) 2



Thus, by Lemma 41:

kz
PrfER}'{Easv #l(as) < C, ‘Ta5| > Smmaxg}
< lnc—s—le—cloglog(n)kg
3

B(n)—1
1 1
< §n2c log(n) () .

n

Therefore, with high probability, the small z property for
f €r F™Fm is proved. O

Next we prove the medium z property: that for #1(as)
where ¢ < #1(as) < f(n) then |T,,| < B(n) with high
probability.

Lemma 43. For fixed c, and sufficiently large n, let s C X,
and as with #1(as) > c then

> B(n)} < <1>ﬁ(n)1'

n

PrfGR.'F”'k*"‘ {‘Tas

Proof: Let z = #1(as).
If z > k then |T,_| = 0, since there does not exist a term
with more that £ variables.

If z < k then the probability a random term ¢ € T, is

n—|s| -
( ’E;)z ) < % Consequently,
"

PI'feR]:n,k,nL {|Tab| Z ﬁ(n)}

< E.OE
T DGR
L E O

j=pB(n)...log(n)—1
j=log(n)...m

< o) ()
i) ()

(1>5(")1
< — .
n

The third inequality follows from the observation that the
sum is maximized for z = ¢ + 1, and from Lemma 36. The
fourth inequality follows from Observation 38. O

Corollary 44 (The Medium z Property Holds with High Prob-
ability). Therefore for s C t € f where |s| < B(n) + 1,
Pric, F*™{Jas, e < #1(as) < B(n),|Ta,| > B(n)} <

%nzc log(n) (l)ﬁ(n)il for sufficiently large n.

n

Proof: The number of s C ¢ and as where ¢ < #1(as) <

B(n) is bounded by

k 5]
) 2 ()
Is|=[cl,....8(n)+1 z=ctl,..,|B(n)]

< Mupax /B(n)kﬁ(")“ . 98(n)
S nCJrl

< 17126 log(n).
3

(e Y jq=re],... 5041 (o) is the number of ways to find a
subset of t € f of size greater than c and less than or equal
to B(n) + 1. Thesum 3°__ 1y 50, (2)) is the number
of ways to choose a set of size z from |s| elements.)

Therefore using Lemma 43, we know
Pric.prem{das,c < #1(as) < B(n),|Ta.| = B(n)} <
%nQC log(n) (%)ﬁ(")—l )

Consequently, the medium z property is also satisfied by
arandom f €r F™F™ with high probability. O

The large z property is that two terms in f overlap by at
most 3(n); we prove this with a counting argument. Jackson
and Servedio’s paper [7] has a similar lemma, Lemma (3.5).

Lemma 45. Let s, s’ C X be sets of k < /n variables cho-
sen independently at random, then the Pr{|s N s'| > B(n)} <
( 1 ) B(n)— L

n

Proof
Pr{|sns’| > B(n)}
GG
j_g(n) (Z) ’

= (R)*(n — k)2

Tk
j=B(n) J

(The sum is maximized for j = 3(n).)
(k)2
ﬁ(n)!nM
1
WO

A

A

O

Corollary 46 (The Large z Property Holds with High Proba-
bility). Therefore, Pr e, zns.m{3t,t" € f, [tNt'| > B(n)} <

1n2log(n) (1)7™71,

Proof: The proof follows from noting that
Pric ruren{3t,t € fltNt]| > Bn)} < () 5 <

(mmax) S < (mmax) 1 1
2 pBl—1 2 nfln)—=1 4 B(n)(l;(:l)*l)
< in*log(n) (l)g(n)_l )

n

The third inequality follows from Observation 33 and
pBm—1_B)-DB[) 6(n)-2 _ ,B(n)—1 (1 _ (B(n)—l)ﬁ(n))
2 2n :

Since two terms in f €r F™k™ share less than 3(n)
variables with high probability, a random f € F™*™ sat-
isfies the large z property in being well behaved with high
probability. O



Recalling Corollaries 42, 44, and 46 and the definition of
“well behaved,” we note that f € F n.km s well behaved
with high probability.

C Bounding T,

Next we present the proof of Lemma 28 that for f a well

behaved monotone k- DNF function, m < 2k+1cloglogn
+ 1

andththen |E1t {t}| >2 WnL'

Proof: Divide f\ {t} into three disjoint sets,

o Taisjoint = {t' € \{t} | tNt' =0},
o Toman = {t' € AA\{t} |1 < | Nt| <c}and
® Ilnotsmall = f\(Tdisjoint U Tsmall)-

Looking only at examples in Ef; , we now calculate the prob-
ability that each of these sets is not satisfied. Remember-
ing that f is monotone, we note that if one set is not satis-
fied, it increases the chance another set is not satisfied. (i.e.
Procg {—t| -t'} > Pr.cg {-t} since if we know at least
one variable is set to zero that increases the odds of another
term to be set to zero if they share a variable.)
In the first case for Tyisjoint

PreeEl {Vt/ € Tdisjoint _‘t/(e)} > (1 — 2%)7”
Z (1 _ )2k+1cloglog (n) — <(1 _ 2%)2k>2C10g10g (n)

= 10g4c Wy by Observation 37.

In the second case, if ' € Tyman and r = ¢t N ¢’ with a;
such that X,, = r then by f being well behaved we know

that ‘Tar| S Smmax <%> . Therefore

42cloglog(n)

PreeElt {Vt/ € Tumall, ﬁt/(e)}

o (e

rCt,1<|r|<c

()

olr] 2k+3clog10g(")<:l|i
> L0-%)
ol 2<k—'rl>2"“+*cloglog<n>( - ')(\ 1)
- 1<1}<c <1 ) 2k>
I71+2¢ log log(n) ( £ ) (%
. H <i)2 log log( )<"|T>(T)By0bs.37-
1<]r|<e

16¢2 log log(n)k2

1 n

> _
4

The last inequality follows from noticing the product is max-
imized for |r| = 1, thus

)}>%.

We now bound the third case. Since f is well behaved,
we know that a term in f overlaps another term by at most

PreeE;ft {e er Ef | Vt' € Tyman, ~t'(e

B(n) variables, and the number of terms overlapping by a set
7 C tin Tyot sman is at most 5(n). Therefore
PreGET {Vt/ € ,-Tnot small, _'t/(e)}

t

B(n)
olrl
> I cteciri<pm) (1 - Tk)

(1 _ 2ﬁ(n) )52(")(a<kn>)

g (since () < (4(,))
Therefore (remembering 2k = no)

| {eer Ef, |Vt € f\{t},~t'(e)} |

() 6 s
O

APPENDIX 2

In the next two sections we present the standard arguments
for the sake of completeness. In Section A we prove that we
can sample to find a sufficient approximation to I;(E™). In
Section B we prove that our very straightforward algorithm
runs in polynomial time and produces f.

A Sampling and Approximating /

In Section 4, we proved we could determine if a set, s, is a
subset of a term if ¢ + 2 < |s| < f(n) + 1 by computing
I,. Unfortunately, we cannot efficiently compute I, since
we cannot efficiently compute |E; |. Instead, we show how
to approximate I,. We estimate this value by sampling g;
uniformly chosen labeled examples from E.

Definition 47. For s C X, let Egample(q,) C E be a random
sample of g5 labeled examples drawn uniformly from E.

Definition 48. Given Egample(g,) C E, let Ef

Esample(gs)ﬂE+ be the set of positive examples in Egample(g.)-
Similary, let Tsample,(g.) = Esample(g.) N Ls be the set of
positive examples from Egample(g.) Which satisfy only terms

in le,.

Sample(gs) —

Observation 49. Let s C X, we note that E (|Tsamples(gs) |)

— .ITsl_L
_gs \E\ - 92

Using sampled labeled examples, we compute the fol-
lowing function to approximate I.

Definition 50. Let s C X, we define I sample(g.) =

ZeEE (_

Sample(gé)

where as(e) is e|.

1)#0(“5(6)) to be our approximation of I,

L.

Observation 51. We note that the E (I sampie(g.)) = 25

This observation follows since the expected value of

. EF
|ESamplc(gS) N E(—Z:| 1S gs I T | and

|E]
E (Is,Sample(gs))

. IES|
Next, we bound how different our sampled I, sample(g,)
is from the expected value, As we have not yet provided a
lower tail bound, we state it next, as it is described in Canny

[3].



Lemma 52 (Chernoff). Let § € (0,1], u be the expected
value, and x be a series of independent Poisson trials then

Pr{x < (1—&)u} < e #9°/2,

Applying the lower and upper Chernoff bounds from Lem-

mas 40 and 52, we prove that I, sample(g,) 1S Within %

fraction of E (Is,sample(gs))~

Lemma 53. For g, = n2t3254Is| and given access to ex-
amples drawn from a well behaved monotone k-DNF then
|Is7Sample(gS) -E (Is,Sample(gs))| < Ygs- % with proba-
bility 1 — 4e~ /4,

Proof: To apply the Chernoff bounds, our main diffi-
culty is our sum has both positive and negative values, we
overcome this difficulty by bounding the positive and neg-
ative values separately. We define two indicator functions.
Let reven(e) = 1iff f(e) = 1 and #o(e|,) is even, and let
Todd(e) = Liff f(e) = 1 and #(ej,) is odd.

Let Egample(g) be a randomly generated set of g exam-
ples from E. Let Xeven = ). Esampre(95) Teven(€). (Simi-
larly for X,q4.)

We observe that I, sample(g.) = Xeven — Xodd-

If Ja, such that E; # 0, then there is a term consis-
tent with at least one a,. This term satisfies the examples
in E,_ with probability at least 2% There are 2°! different
as, thus if #o(a,) is even, we expect at least o= frac-
tion of total examples are set to one by reven. Therefore in
gs = n2cH32k+lsl examples, the expected value of the indi-
cator function is either zero, or the expected value is at least
n2¢*3_ (Similarly for the case where #¢(a,) is odd.)

Using the Chernoff bounds with § = —Lr, we bound
E(Xeven), in the cases where the expected value is not zero.

2¢+3
Pr{|Xeven — (1 £ 0)E(Xeven)} < 2e” 22 = 2¢77/4,
(Similarly for E(X,q4q).) Consequently, the indicator func-
tions will be # close to their respective expected value
functions.

Therefore we know |(Xeven—Xodd) —E(Is sample(g.))| <

#(E(XCVCH) + E(XOdd)) < gs%- Thus Is,Sample(gS)
differs from E (Is,Sample(gs)) by at most g, % with high
probability. O
Using the previous Lemma 53, Theorem 26, and Obser-
vation 49, we note that we can determine if s C X is a sub-
set of a term in a well behaved monotone k-DNF function by
sampling labeled examples from the uniform distribution.

Lemma 54. Let f be a well behaved monotone k-DNF for-
mula, s C X where c+2 < |s| < B(n) + 1, and g5 =
n2c+32k+|s\’.

_1
T
n°ts

e ifsCte fthen Is7sample(g5) > g -
bility 1 — 4e~"/4,

o Ifs g te fthen I, sample(g.) < 9s # with proba-
bility 1 — 4e~"/%,

with proba-

Proof: From Lemma 53 and Observation 51, we know

295 9s 295 gs
_TLC+1 + 2713 < IS,Sample(gs) = et + 2715

Algorithm Learn Random Monotone DNF
1. S = Distinguishing Subsets
2. f=0
3. Forse S

(@ t=10
(b) Forz € X
o If I,u(e},Sample(gs) > s # then add x
tot
(c) addtto f

4. Return f

Figure 3:

Function Distinguishing Subsets

. S={sCcX||s|]=c+2,
. 1
:and Is,Sample(gS) > gs -+ 'VLC+%}

2. Fori = (c+3) to 5(n)

(@ §"=10
(b) Fors e Sandx € X
o If I, (x} Sample(g.) > Js* %% then add (sU
(z})to S "
) S=¢5

3. Return S

Figure 4:

with probability greater than 1 — 4e~"/%,
By Theorem 30, Observation 51, and Lemma 53 we know:
. 4k log®(n)n?/3
L] lfS C t € fthen[s Z QHW#_QH%
Thus, Is,Sample(gﬂ) > _gs'nc%_kgs'ls > _gs'”c%_F
Ak 1 6 2/3
0 ey e — - S > g
7n/4.

with

probability greater than 1 — 4e

6 2/3
oIfs ¢ t € fthen [, < 2. K18 ()N ppyg,
Is,Sample(gs) < s - % + gs - Is < s - % + 9s -

6 2/3 . o
% < gs- nc%% with probability greater than
1—4e /4,
O

B Learning Random Monotone DNF by
Finding Terms in Polynomial Time
Next, we restate our algorithm to use Isample(g, )-

Referring to our algorithm in Figures 3 and 4, the lem-
mas, and theorems in the previous sections, we prove our



algorithm discovers the unknown well behaved monotone k-
DNF from random examples drawn from the uniform dis-
tribution with high probability in polynomial time. We show
this by following the steps our algorithm takes; first our algo-
rithm finds all (c+2)-sized subsets of s in time O(g.,2n°"?)
with probability greater than 1—4n°t2e~"/4, Next, given all
(c+2)-sized subsets of terms in f, our algorithm grows those
subsets till they are of size §(n) with probability greater
than 1—4nmk?(™e="/4 in time O (nmgg(,)k*™). Finally,
given a subset of a term of size 3(n), our algorithm discovers
all the variables in that term in time mngﬂ(n)HkB (") with

probability at least 1 — mnk?(™) (4¢7/4).

Observation 55. For s C X, computing I sample(q,) 1akes
time O(gs).

In step 1, our algorithm finds all the (¢ + 2)-sized subsets
of terms in f.

Lemma 56. Given a well behaved f € F™*™, our function
Distinguishing Subsets finds {s | s C t € f,|s| = ¢+
2} in time O(gey2n®t?) with probability greater than 1 —
Anct2e=n/4 in step 1.

Proof: Let s C X where |s| = ¢ 4+ 2. By Lemma 54, iff
s Ct € fthen I, sample(g.) = 9s - ﬁ with probability
n 5

greater than 1 — 4e~"/*. Function Distinguishing Subsets

tests all subsets of size ¢ + 2, thus our function has correctly
selected the sets which are subset of terms in f with proba-
bility greater than 1—4n+2e~"/4 in time O(g cront?). O

Having found all subsets of ¢ € f of size ¢ + 2 with high
probability, our algorithm builds these sets till all the subsets
of terms has size 3(n).

Lemma 57. Given a well behaved f € Frokm and T =
{s | s Cte fl|s| = c+ 2}, function Distinguishing
Subsets in step 2 returns {s | s Ct € f,|s| = B(n)} with
probability greater than 1 — 4mnkP(™ e="/* in time bound-
ed by O(nmgﬁ(n)kﬁ(")).

Proof: Using the result of Lemma 54, each iteration
of our loop is given aset S = {s| s Ct e f,|s| =i} and
produces S' = {s| s C t € f,|s| =i+ 1} with probability
more than 1— 4nm( Je™/4fori = c+2...H(n)—1in time
bounded by O(g;nmk?). Thus in 8(n)—1— (c+2) iterations
our algorithm produces S = {s | s C t € f,|s| = B(n)} with
probability greater than 1 — 43(n)nmk?(™~1e="/% in time
bounded by O(nmgpg(,)k?™~1). O

Given all 5(n)-sized subsets of ¢ € f, algorithm Learn
Random Monotone DNF finds all the terms of f.

Lemma 58. Given a well behaved f € F™*™, and S =
{s|sctef|s|=08(n )} our algorithm, Learn Random
Monotone DNF, (ﬁnds f in time bounded by

O(mngg( n)Hkﬂ with probability greater than

1 — nmkB™ (4e- "/4) in step 3.

Proof: Algorithm Learn Random Monotone DNF uses
Corollary 46 and Lemma 54.

Corollary 46 states that, for a well behaved monotone k-
DNF, Vs € S where |s| > S(n) then |{t | s Ct € f}| < 1.
Thus every s € S is associated with at most one term ¢ € f.

Lemma 54 states that for a given s C X and T € X
where |SU{Z‘}| = ( )+ Liff Isu{w} Sample(gb) Z Gs- L+5

then s U {z} C ¢ € f with probability at least 1 — ’”/ 4,
Thus for |s| = B(n), 3!t such that s C ¢, we can determine
if x € t with high probability.

Combining these ideas, given s € .S we can find a term in
the inside loop of step 3 by testing every z € X to determine
if {z} Us C t € f, and thus find {2 | I,u{z},Sample(g,) >
s - cfr%} =t € fintime O(gg(n)+1n) With probability
—n/4

greater than 1 — 4ne
Together, the outside loop in step 3 selects every s € S
and the inside loop finds ¢ where s C ¢. Since Vt € f, there
exists s € S such that s C ¢, Algorithm Learn Random
Monotone DNF produces f.
The time it takes to do this is the time is bounded by
O(95(n)+1nmk’™)) with probability bounded by

1 — dnmkP(We—n/4,
O

Theorem 59. Given a well behaved f € F™*™, Algorithm
Learn Random Monotone DNF finds f in time bounded
by O(mngg(n)+1kﬁ(”)) with probability greater than 1 —
9mn kB e—n/4,

Proof: Using Lemmas 56, 57, 58 we have proven that
our algorithm finds all subsets of size ¢ + 2 of terms in f
in Lemma 56, and having found these subsets it builds upon
till our algorithm has found all subsets of terms of f of size
B(n) in Lemma 57; it then uses the uniqueness of terms of
size 3(n) to find all the variables of a term in f; thus finding
the entire function.

The algorithm runs in time bounded by

O(mngg(n)+1 RO

with probability greater than 1 — 9mnk?(™e="/4, O



