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Abstract
We define monotone complexity KM(z,y) of a pair of binary strings z,y in a
natural way and show that KM(z,y) may exceed the sum of the lengths of z and y
(and therefore its a priori complexity) by alog(|z| + |y|) for every a < 1 (but not
for a > 1).
We also show that decision complexity of a pair or triple of strings does not
exceed the sum of its lengths.

1 Introduction

There are different versions of Kolmogorov complexity: plain complexity (C), prefix com-
plexity (K), decision complexity (KR), monotone complexity(KM), etc. Let us recall the
definitions of plain, monotone and decision complexities in a form suitable for general-
izations.

1.1 Plain complexity

Kolmogorov complexity Cr(x) of a binary string x with respect to a computable function
F (a decompressor) is defined by

Crp(z) = min{|p|, F(p) = =}

There exists an optimal decompressor U such that Cy is minimal up to O(1); Cy is then
called (plain) Kolmogorov complexity of x.

Let us reformulate this definition in a way that is parallel to the definition of monotone
complexity. Instead of a function F' let us consider its graph. A description mode is an
enumerable set W of pairs of binary strings that is a graph of a function, i.e.,

(p,x)y e W, (p,a)y e W, p=p = z=2,

If (p,x) € W, then p is called a description for x with respect to W. The complexity
Cw(z) of a binary string x is the length of the shortest description for x with respect
to W. There is an optimal description mode S such that for every description mode W
there exists ¢y such that

Os<£L‘> < Cw(x) + cw

for every binary string x. The corresponding function Cy is the plain Kolmogorov com-
plexity.



1.2 Monotone complexity

Monotone complexity KM(x) was defined by L. A. Levin [3] who gave a criterion of Martin-
Lof randomness in its terms: a binary sequence w is Martin-Lof random if and only if

|z| — KM(x) < ¢

for some constant ¢ and all prefixes x of sequence w. We will use the definition of
monotone complexity in terms of binary relations. A monotone description mode is an
enumerable set W of pairs of binary strings such that:

L. if (p,z) € W and p < p/, then (p',x) € W.

2. if (p,z) € W and o’ < z, then (p,2’) € W.

3. if (p,x) € W and (p,2’) € W, then z <2’ or 2/ <X z.

Here z < 2’ means that z is a prefix of 2’ (or z = 2/).

If (p,xz) € W, then p is called a description for x with respect to W. The monotone
complexity K My (z) of x with respect to a monotone description mode W' is (again) the
length of the shortest description for z. There is an optimal monotone description mode
S such that:

for every monotone description mode W and binary string . The function K Mg is
called monotone Kolmogorov complezity. It is indeed monotone: If x is a prefix of 2/,
then KM (x) < KM(z').

1.3 Decision complexity

Decision complexity was defines by Loveland D.W. [?]. As before we reformulate the
definition in terms of binary relations.

A decision description mode is an enumerable set W of pairs of binary strings such
that:

L. if (p,z) € W and 2’ <z, then (p,2') € W.

2. if (p,x) € W and (p,2') € W, then x <z’ or 2/ < x.

If (p,x) € W, then p is called a description for the string x with respect to W. The
decision complexity K Ry (z) of z is the length of the shortest description for x with
respect to W. There is an optimal desicion description mode S such that:

KR5<:IZ') < KRw(QJ) + cw

for every decision description mode W and binary string z. K Rg(x) is called decision
Kolmogorov complexity.

The notions of monotone complextity and decision complexity are naturaly generalized
to definitions of monotone complexity of a pair and decision complexity of a pair.

2 Monotone complexity of a pair.

A monotone description mode for pairs is a pair of enumerable sets Wy and Wa; each of
them is the monotone description mode (as defined earlier).



The monotone complexity K My, w,(z,y) of a pair of binary strings = and y is the
length of the shortest string p, such that (p,x) € W; and (p,y) € W; (i.e., p describes x
with respect to W; and p describes y with respect to W5).

There is an optimal monotone description mode for pairs and we can define monotone
complexity of a pair, denoted by KM (z,y).

Monotone complexity of pairs has property of monotonicity: if a binary string x is
a prefix of another string ' and y is a prefix of ¢/, then monotone complexity of a pair
(x,y) is less then monotone complexity of a pair (z/,v').

Monotone complexity of a pairs (x, z), (z, A) and (A, z) is equal (with up to constant)
ordinary monotone complexity K M (z) of the string x.

Ordinary monotone complexity of the string z is less then the length of the string x

with up to a constant:
KM(z) < || +¢

It’ easy to prove that monotone complexity of a pair (x,y) is less then sum of lengths of
strings = and y and additional weight «log(|z| + |y|) with up to a constant and o < 1:

KM(z,y) < |z + |y + alog(|z] + [y]) + O(1).

Indeed, we can use string a like description for the pair (z,y), wich is a concatenation of
prefix code for the x and string y. The result of this paper shows that this bound cann’t
be significantly improved.

Theorem. For every a < 1 and a constant ¢ € N it’s possible to find a pair of binary
strings (x,y) such that

KM(x,y) > || + [y| + alog(|z] + |y]) + ¢
Proof. Suppose the inequality
KM(z,y) < |z| + [y + alog(lz] + [y]) + ¢

holds for some o« < 1 and ¢ € N and all pairs of binary strings (z,y). We will find a
contradiction in this assumtion. Let

f(n)=n+ |alogn]| +c

(f(0) will be equal ¢). We should lead to a contradiction the assumption that every pair
of binary strings (x,y) has description of length f(|x| + |y|). (note: if p is a description
for a string x, then every p’ such that p < p’ is also description for x). We fix some
universal monotone description mode W of pairs.

Let S is a some set of binary strings. We will say that S gets 27* points for a pair of
binary strings (x,y) with |z|+|y| = k if there is a string p in S such that p is a description
of the pair (x,y) with respect to monotone description mode W and the length of p is
equal f(k). We will sum such points for different pairs, but the set S can get points for
a pair (z,y) only once(if a pair (x,y) has two good descriptions p and p’ in the set S we
will only add 2% points to the sum). We will call such sum a gain of the set S, denoted
by F(S5).



Some set S can get k + 1 points for good descriptions of pairs with sum of string’s
lengths k(each of 2F binary strings of length k can be devided in a pair of strings in k +1
ways). It’s the maximal value.

Let S is a set of all strings with length less or equal then f(n) for some n. By the
assumption, in the S there are descriptions for all pairs (x,y) with sum of string’s lengths
less or equal then n, |z| + |y| < n. And the gain of S should be equal

Z(k‘+ 1) ~n?/2

k<n

We will prove that it cann’t be greater then O(n'*™®). This fact will lead us to a contra-
diction.

Lemma. The gain of the set of all strings with the length less or equal then f(n)
cann’t be greater then O(n'*®).

Proof. We will get upper bounds on gains of sets Sy, for 0 < k < n, where Sy, is a
tree of binary strings, it consists of all strings with lengths less or equal then f(n), wich
have prefix x - some binary string with the length f(k). The set Sy, can get points only
for pairs with sum of string’s lengths greater or equal then k and less or equal then n.
There are 2/ different subsets Sy, with different string-roots, wich have length f(k),
but subtrees have similar structure and we will get common bound on gain.

We will get a bound on gain of subtree Sy ,,. It will prove the lemma. At first, we will
prove a bound on the gain of S, ,, then on the gain of S,,_;,, and so on. The set 5, ,
consists of only one string with the length f(n), wich can be description for n + 1 pairs
of binary strings or less. Obviosly, the gain of S, ,, is less or equal then (n+1)2~" points.

We will get a bound on F(Sk,,), the gain for Sk ,, by induction. Suppose that f(k +
1) = f(k)+1, the set S, contains the root of subtree Sy ,,(a binary string z with length
f(k)) and two subtrees Siy1,. The most simple bound on F'(Sj,,) is the sum of gains
of this subtrees and the root’s gain, but we should use the fact that if the root of set
Skn 1s a description for many pairs then there should be of lot of pairs wich will have
descriptions in both subtrees Sii1,, and we should take into acount points for each of
this pairs only once.

Let string u is a root of subtree Sj,. There is some maximal pair of binary strings
(x,y) such that u is a description of (z,y) and if u is a description of some another pair
(',y') then 2/ < x and ¥y’ = y, u is a description for all such pairs. Suppose there are
r pairs with sum of string’s lengths k such that the root u is a description for each of
them(obviosly, 0 < r < k+1). The gain of the root for this pairs will be 727% points. Also
there are at least r — 1 pairs with sum of string’s lengths k£ + 1 such that the root u is a
description for them too, this pairs have descriptions with length f(k+1) in both subtress
Sk+1.n- And we should substruct from result bound on gain a penalty max(r —1, 0)2~(k+1)
for this pairs. Also the root u will be a description for at least » — 2 pairs with sum of
string’s lengths £+ 2, at least » — 3 pairs with sum of string’s lengths k43 and so on. We
should take into account penalties for this pairs too. Gains and penalties shoud be taken
only for pairs with sum of string’s lenghts less or equal the n. We have the following
bound on the gain of Sy,

F(Skn) < 2F(Sprin) +1r27% — (r — 1)2- "+ -
_ (7" - 2)2*(k+2) — .= max(l, r+k— n)2* min(k+r—1,n)



We can simlify the expression on rights side of the inequality:

F(Skp) < 2F(Spiin) + 277+ (r —1)27% — (r — 1)27 D -
—(r—2)27%2) — | —max(1,r 4 k — n)2” minktr=Ln)

F(Skn) < 2F(Spp1m) +27F 42704
+(r—2)27% — (r = 2)27*F) —max(1,r + k — p)27 minktr=in)

F(Skn) < 2F(Spyrn) +27F 42704
+ (r— 2)2_(k+2) —...—max(l,r+k—n)2” min(k+r—1,n)

F(Skp) < 2F(Spy1n) +27F 427004
+ 2—(k+2) 4o+ 2—min(k+’r—1,n)+1 + maX(l, r4 k— n)2— min(k+r—1,n)

F(Sk,n) < 2F(8k+l,n) + 2—k + 2—(k+1) + 2—(k+2) 4o 2—min(k+r—1,n)+1

+ 2—min(k+7’—1,n)+1 —9. 2—min(k;+7‘—1,n) + max(l, r 4 k— n)2— min(k+r—1,n)
At the end we will have the expression:
F(Spn) < 2F(Spi1n) + 275 4 max(—1,r 4+ k — n — 2)2~ minlktr=1n) (1)

We have to notice that right side of the inequality has it’s maximum with r = k + 1,
and our final bound will not depend on the value of r. We have made the assumption
that f(k+ 1) = f(k)+ 1, in the case f(k+ 1) = f(k) + 2 we will use a coefficient 4 with
F(Skt+1n). The final bound will be:

F(‘Sk,n) < 2f(k+1)*f(k)F<Sk+1’n> T 27k+1 + max(—l, 2% —n — 1>2maz(72k,7n) (2)

We multiply left and right sides of inequality on 2/ start with bound on the gain
of F(S,,) we will get bound on F(Sp,,) by induction:

DOF(Sy,) <Y 27BH LN “max(—1,2k — n — 1)2/ W -minGhn) (3)
k=1 k=1

Increase f(k) = k + |alogk] + ¢ to the value k + alogk + ¢ and delete a half of
summands from the second sum with coefficient —1:

n

F(Sp,) < 2¢71 Z 4+ > (2k—n—1)ke2krte (4)

b=l

Both sums from the inequality (4) have O(n'*®) values. It proves the lemma.
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3 Decision complexity of a pair.

A decision description mode for pairs is a pair of enumerable sets W, and Ws; each of
them is a decision description mode.

The complexity K Rw, w,(z,y) of a pair of binary strings = and y is the length of the
shortest string p, such that (p,z) € W; and (p,y) € Wy (i.e., p describes x with respect
to Wy and p describes y with respect to W5).

There is an optimal decision description mode for pairs and we can define decision
complexity of a pair, denoted by K R(z,y).

We can also define decision complexity of a triple in the same way, denoted by
KR(x,y,2). It’s easy to see that ordinary decision complexity of a binary string z is
less then length of x with up to a constnt.

It’s also easy to prove that decision complexity of a pair is less then the sum of string’s
lengths in this pair with up to a constant. The set W from our definition will be the set
of all pairs (p, p’) such that p’ is some prefix of string p. The set W will be the set of all
pairs (p, plr) such that p, is a prefix of the reversed string p. For this mode a description
of a pair (x,y) will be a string, wich is a concatenation of the string x and the reversed
string y. It’s length is equal to the sum of string’s lengths in the pair and:

KR(z,y) <|z|+ [yl +c
In this paper we will prove the same inequality for decision complexity of a triple:
KR(z,y,2) < o]+ |yl +[2] + ¢

We will prove that there is a set Z,(n € N) from 2" different triples of binary strings
such that lengths of strings in each triple is equal to n and for every triple (z,y, z) with
sum of string’s length n( |z| + |y| + |z| = n) there is a triple (2, y/, ) in the set Z,, such
that x < 2/, y <9’ and z < 2’. The construction will be made for all n.

Actually we will find a set A, = {a;} from 3n different binary vectors in n-dimensional
linear space Fy' indexed by two indexes: ¢ and j(i € {1,..,n},j € {1,2,3}). For every
subset B of A,, from n vectors wich has the following property: if it contains some vector
a;’; then it contains all vectors aj ; with 1" < 1, the subset B will be a linear independent
set of vectors.

Suppose we have such subsets of vectors A,,. There are 2" different linear binary
functions on space F3'. For each linear function f we constract a triple of binary strings
(z,y,2) from the set A, the string z will be a concatenation of n bits { f(a7 ), .., f(a; 1)},
the string y will be a concatenation of n bits {f(a},),.., f(a; 5)}, the string z will be a
concatenation of {f(afs),.., f(ay3)}. We will construct 2" different triples of binary
strings. It’s easy to see that the set of this triples will have all properties of the set Z,
described above. If we construct set of vectors A, we will construct the set of triples Z,
too.

Lemma. There is a set A, = {a];} from 3n different binary vectors in n-dimensional
linear space Fj' indexed by two indexes i and j(i € {1,..,n},j € {1,2,3}) such that
for every subset B of A, from n vectors wich has the following property: if B contains
some vector a;'; then it contains all vectors a?yj with 7' < 4, the subset B is the linear
independent set of vectors.



Proof. We will construct sets A, in different dimensions by induction. It’s easy
to construct sets A;, Ay and Az. We will prove that if we can construct the set Ay for
dimension k then it’s possible to construct the set Ax.3 too.

At first notice that we can described desired sets B by maximal values of index 1
of their vectors with another index j = 1, 7 = 2, 7 = 3, it can be described by three
numbers. We will say that a set B has maximal indexes {p, q,r} if it’s the union of the
sets {a’ff)’, o a’;jﬁ}, {a’f’g?’, o a’;?}, {a’fjg‘g, s a’:g?’}, some of numbers in the triple {p, ¢, }
could be equal 0, and we are interested only in sets B with p+q+r =k + 3.

Let a set {x1, ..., 24} be a basis for linear space Fy. Vectors from the set 4; = {af;
are linear combinations of vectors {z1,...,xx}. Let a set {x1,..., 2, a,b, c} be a basis for
linear space Fi™. We will think that FJ is a subbspace of Fi™ and vectors from Ay

belong to the space Fy 3 too. We are ready to construct the set Ay g = {afj?’ :

k+3 __ k+3 __ k+3 __
aj;” =a ay s’ =b ajz’ =c

k43 k . k43 _ K . k43 _ k ,
a1y =i +0i1c Ty =aiy+di2a  ajjT; =aj; +0i3b

k+3 k+3  __ k+3
ak+2’1—b+c Uprag =0a+cC ak+273—a+b

k+3 k+3  __ k+3  __
Apyzq = € Apyzo = @ U35 =0

where index ¢ belongs to the set {1,..,k} and coefficients 0, ; are binary. We will explain
how to choose coefficients 4, ; later. At first we will check that the property of linear
independency holds for a part of desired sets B. It’s easy to see that the following sets
of vectors will be linear independent, and it doesn’t depend on the choise of coefficients
i

1. 3 sets with maximal indexes: {k + 3,0,0}, {0,k + 3,0}, {0,0, k + 3}.

2. 6 sets with maximal indexes: {k+2,1,0}, {1,k + 2,0}, {1,0,k+ 2}, {k+2,0,1},
{0,k + 2,1}, {0,1,k 4 2}.

3. All sets B are lenear independent wich contain all three vectors af?, a}}?, aj%?(all
maximal indexes greater then 0).

We should also check other sets B: sets B wich don’t contain vectors with 7 = 1, sets
B wich don’t contain vectors with j = 2, sets B wich don’t contain vectors with j = 3.
We will choose coefficients {d; ; } such that all sets B with maximal indexes {p, ¢, 0}(p >

0,¢ > 0) will be linear independent sets. We should not take into account coefficients d; o,
because there is a vector alff’ = a in this sets B. We will think that coefs 9, 5 are equal 0
on this step. Suppose the set B is a set with maximal indexes {2,k + 1,0}. It has k + 1
vectors with index 7 greater then 1. If coef 6, is equal 0, then this vectors aren’t linear
independent set by induction, vector a’il is some linear combination of vectors {aﬁQ}. We
will set 011 to 1 and the set B will be linear independent set. We take into account this
choise then we will choose another coefs {d;1}. Look at the next set B with maximal
indexes {3, k,0}. There are two cases : the subset of vectors wich have index i greater
then 1 can be linear independent or not. If it’s linear independent then we will set coef
{021} to 0, in the other case it will be equal 1. Step by step we will determine all coefs
{6;1}. In the same way we will also choose sets of coefs {6; 2} and {6;3}. And all desired
sets B will be linear independent.
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