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Abstract

We study the convergence of Solomonoff’s universal mixture on individual
Martin-Lof random sequences. A new result is presented extending the work
of Hutter and Muchnik (2004) by showing that there does not exist a univer-
sal mixture that converges on all Martin-Lof random sequences. We show that
this is not an artifact of the fact that the universal mixture is not a proper
measure and that the normalised universal mixture also fails to converge on all
Martin-Lof random sequences.

Keywords: Solomonoff induction; Kolmogorov complexity; theory of computa-
tion.

1. Introduction

Sequence prediction is the task of predicting symbol «,, having seen ay.,, 1 =
Q1 -+ ap—1. Solomonoff approached this problem by taking a Bayesian mixture
over all lower semicomputable semimeasures where complex semimeasures were
assigned lower prior probability than simple ones.! He then showed that, with
probability one, the predictive mixture converges (fast) to the truth for any
computable measure [9]. Solomonoff induction arguably solves the sequence
prediction problem and has numerous attractive properties, both technical [9,
2, 5] and philosophical [8]. There is, however, some hidden unpleasantness,
which we explore in this paper.

Martin-Lof randomness is the usual characterisation of the randomness of in-
dividual sequences [6]. A sequence is Martin-Lof random if it passes all effective
tests, such as the laws of large numbers and the iterated logarithm. Intuitively,
a sequence is Martin-Lof random with respect to measure p if it satisfies all
the properties one would expect of an infinite sequence sampled from u. It
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has previously been conjectured that the set of Martin-Lof random sequences is
precisely, or contained within, the set on which the Bayesian mixture converges.

This question has seen a number of attempts with a partial negative solution
and a more detailed history of the problem by Hutter and Muchnik [3]. They
showed that there exists a universal lower semicomputable semimeasure M and
Martin-Lof random sequence « (with respect to the Lebesgue measure \) for
which M (ap|acn) 2 A(an|acy). The « used in their proof is computable from
the halting problem, which presumably inspired the work in [7] where it is shown
that if o is 2-random, then every universal lower semicomputable semimeasure
converges on «. It is worth remarking that there are exist semimeasures that
do converge on all Martin-Lof random sequences, some of which are even lower
semicomputable. Unfortunately, however, they are not universal and may not
enjoy the same fast convergence rates in expectation as universal measures do.
For the construction and a detailed discussion, see [4, §5].

While Hutter and Muchnik showed that there exists a universal lower semi-
computable semimeasure and Martin-Lof random sequence on which it fails to
converge, the question of whether or not this failure occurs for all such semimea-
sures has remained open. We prove that for every universal lower semicom-
putable Bayesian mixture there exists a Martin-Lof random sequence on which
it fails to converge. This result is interesting for a few reasons. The choice
of universal mixture is akin to choosing an optimal universal Turing machine
when computing Kolmogorov complexity. In both cases, asymptotic results are
rarely dependent on this choice and so it is useful to confirm this trend here. On
the other hand, if the result had been positive then the existence of a universal
mixture that did converge on all Martin-Lo6f random strings would be a nice
property that might justify the choice of one universal mixture over another.

The universal mixture is not a proper measure in the sense that the sum of
conditional probabilities M (0]xz) + M (1]z) < 1 for all 2. For this reason it is
common to use a normalised version M,..m Where normalisation is chosen to
preserve the ratio Myerm (20)/Myorm (1) = M (20)/M (x1). We show that the
situation is not improved by normalisation and that M.y, also fails to converge
to the Lebesgue measure on some Martin-Lof random sequences.

Our paper is structured as follows. We present the required notation and
some basic results in algorithmic information theory (Section 2). We then
present Solomonoff’s original theorem showing that the universal mixture con-
verges to the truth with probability one (Section 3). The main theorems are
then presented of which Theorem 6 is the most important stating for any uni-
versal mixture M that there exists a Martin-Lof random sequence a such that
the predictive distribution M (c,|o<y,) does not converge to 3 and actually is
bounded away from 3 for a non-zero fraction of the time (Section 4). We then
show that this is also true of the normalised version of the universal mixture
(Section 5) and that there exists an infinite sequence that is not Martin-Lof
random, but on which all universal mixtures converge to % (Section 6). We
conclude in Section 7.



2. Notation

Overviews of algorithmic information theory can be found in [5, 1]. A table
of notation may be found in Appendix B.

General. The natural, rational and real numbers are denoted by N, Q and
R. Logarithms are taken with base 2. A real 6 € (0,1) has entropy H(0) :=
—0logf — (1 —0)log(1 —0). The indicator function is [expr], which takes value
1 if expr is true and 0 otherwise. For sets A and B we write A — B for their
difference and |A| for the size of A and A° = N— A for the complement of A. The
empty set is denoted by §. If A C N and n € N, then A[n] :={a € A:a <n}.
We use V and A for logical or/and respectively.

Natural density. Let A C B C N. Then the (upper) natural density of A C B
are

d(A,B) := lim [Aln] d(A, B) := limsup Al

n=oo |B[n]| n—oo |B[n]

where the latter quantity is useful in the case when the former does not exist.

If B =N, then we abbreviate d(A) = d(A4,N) and d(A) = d(A,N).

Strings. A finite binary string x is a finite sequence zixox3 - - x, with z; €
B :={0,1}. Its length is (). An infinite binary string w is an infinite sequence
wiwaws -+ -. The empty string of length zero is denoted by e (distinct from
e > 0 € R). The sets B™, B* and B> are the sets of all strings of length n,
all finite strings and all infinite strings respectively. Substrings of x € B* U B>
are denoted by x4 = TsZsy1 - Ti—12¢ where s,t € Nand s < t. If s > ¢,
then g := €. A useful shorthand is z<¢ := x1.4—1. Let x,y € B*, then #xz(y)
is the number of (possibly overlapping and wrapping around) occurrences of x
in y and xy is their concatenation. For example, #010(1010) = 2 (because we
count the wrap around match when starting at the last bit). If £(y) > ¢(z) and
T1:4(z) = Y1:4(a), then we write z C y and say z is a prefix of y. Otherwise we
write  IZ y. A string w € B> is normal if Vo € B* lim, o #x(wi.n)/n =
2~ 4@),

Measures and semimeasures. A semimeasure is a function p : B* — [0,1]
satisfying p(e) < 1 and p(z) > p(x0) + p(zl) for all x € B*. Tt is a mea-
sure if both inequalities are replaced by equalities. A function p : B* — R
is lower semicomputable if the set {(z,r):r < p(z),r € Q,z € B*} is recur-
sively enumerable. In this case there exists a recursive sequence pg, o, -+ of
computable functions approximating g from below. For b € B and =z € B*,
w(blx) := p(xd)/u(x) is the p-probability that x is followed by b. The Lebesgue
measure is A(x) := 274®),

Complexity. A Turing machine T is a recursively enumerable set of pairs of
binary strings T := {(pl, xl), (p?,2?), - } where the program p* outputs z*.
It is a prefix machine if the set of programs is prefix free, p¥ [Z p7 for all j # k.
T is a monotone machine if p* C p) = ¥ C 27 v’ C 2*. For prefix machine



T the prefix complexity with respect to T is a function K7 : B* — N defined by
Kr(x) :=min {{(p) : (p,x) € T}

If T is a monotone machine, then the monotone complexity with respect to T'
is defined by

Kmyp(z) = min {p): (p,y) €T A Cy}

There exists an additively optimal prefix machine U such that for all prefix
machines T there exists a constant ¢y with Ky (z) < Kr(x) + cp. In identical
fashion there exists an additively optimal monotone machine. As is usual in
algorithmic information theory, we fix a pair of additively optimal prefix and
monotone machines and write K(z) := Ky(z) and Km(z) := Kmy(x). The
choice of reference machine is irrelevant for this work.

A lower semicomputable semimeasure M is universal if for every lower
semicomputable semimeasure p there exists a constant ¢, > 0 such that
Va, M(z) > cupu(x). Zvonkin and Levin [14] showed that the set of all lower
semicomputable semimeasures is recursively enumerable (possibly with repeti-
tion). Let vq,v2, -+ be such an enumeration and w : N — [0, 1] be a lower
semicomputable sequence satisfying ), w; < 1, which we view as a prior on
the lower semicomputable semimeasures. Then the universal mixture is defined
by

M(x) = sz%(ﬂf) (1)
ieN

There are, of course, many possible enumerations and priors, and hence there
are many universal mixtures. This paper aims to prove certain non-convergence
results about all universal mixtures, regardless of the choice of prior. Defining
w;(z) := wv;(xz)/M(x) and substituting into Eq. 1 leads to

M(blz) = Zwi(x)l/i(b|x). (2)
ieN

There exist universal lower semicomputable semimeasures that are not repre-
sentable as universal mixtures, but we do not consider these here [13].

Normalised mixture. It is well known that no universal mixture is a proper
measure. In fact

(Vz € BY) M(O|z) + M(1jz) < 1 [5, Ex. 4.5.1].

For this reason the universal mixture is often normalised by defining

(WeB,xeB)  Mom(blz):= M(og(j@(llx)'



Then the normalised measure can be defined Mo : B* — [0,1] by

£(x)

Mnorm(e) =1 Mnorm<x) = M((L‘) H M(O|gj<n) 1

+ Mzcy)’

which satisfies Myorm (0]2) + Mporm(1]z) = 1 and Myorm(€) = 1. This is not
the only possible normalisation, but is standard in the literature [5]. Of par-
ticular importance for this paper are the facts that Myomm(z) > M(z) and
Myorm (blx) > M (b|z), which follow immediately from the definition of M.

Martin-Lo6f randomness. Let p be a computable measure and M a universal
lower semicomputable semimeasure. An infinite binary string w is p-Martin-Lof
random (p-random) if and only if there exists a ¢ > 0 such that

(Vn € N) wwen)/M(wep) > c. (3)

Observe that the definition does not depend on the choice of universal lower
semicomputable semimeasure since for any two universal lower semicomputable
semimeasures M and M’ there exists a constant ¢ > 0 such that cM'(z) >
M(z) > M'(z)/c, Yz [5]. We write R,, C B> for the set of y-random strings.

Lemma 1. The following hold:

(i) If w € B*® is A-random, then it is normal.
(ii) If x € B* with £(x) = n and 0 = #1(z)/n, then Km(z) < nH(0) +
%1ogn + ¢ for some ¢ > 0 independent of x and n.
(iii) Let A,B C N and ¢,, := [n € A]. If d(A) =0 and d(B) > 0, then
(a) d(B — A) > 0.
(b) limy,— oo Km(¢1.,)/n =0.

Proof. Part (i) is well known [5, §2.6]. For part (ii) we use the KT-estimator,
which is defined by

1
1
z) = [ e 0* @) (1 - 9)#0@) gy,
)= [ = =" -0
Because p is a measure and is finitely computable using a recursive formula [12],

we can apply Theorem 4.5.4 in [5] to show that there exists a constant ¢, > 0
such that

1
Km(z) < —logu(x) + ¢, < B logn + 1 + log 6#1@) (1 — 9)#0@) 4 ¢,
1
= 510gn+1—|—nH(9)—|—cu,

where we used the redundancy bound for the KT-estimator [12] and the def-
inition of H(6). Part (¢ii)(a) is immediate from the definition of the natural
density. For (b), let 0,, := #1(¢1.,)/n and note that d(A) = 0 implies that
limy, 00 0, = 0 and so lim, o H(#,) = 0. Finally apply part (ii) to complete
the proof. O



3. Almost Sure Convergence

Before Martin-Lof convergence is considered we present a version of the
celebrated theorem of Solomonoff with which we will contrast our results [10].

Theorem 2 (Solomonoff, 1978). If M is a universal lower semicomputable
semimeasure and « is sampled from computable measure p, then with p-
probability 1 (w.p.p.1.)

nl;ngo Z (M (blacy) — p(blacy,))® = 0.
beB

We say that M converges on-sequence to A on « if

. 1
nhHH;O M(ap|acy) = 3 (4)
It converges off-sequence if
. 1
Jim Yy M(blocn) = 3 (5)
beB

Tt is trivial that (5) implies (4). Unfortunately, Theorem 2 only ensures conver-
gence to a with A-probability 1 while we are primarily interested in convergence
on individual sequences. An easy consequence of Theorem 2 is that all universal
lower semicomputable semimeasures converge to a proper measure with p.p.1.
for all computable measures .

Corollary 3. If M is a universal lower semicomputable semimeasure and o is
sampled from computable measure u, then

lim M(llacy,) + M(Olacy,) =1  with p-probability 1.
n—oo

4. Martin-L6f Convergence

Recall that A is the Lebesgue measure defined by A(z) := 27¢(®). We now
ask whether there exists a universal mixture such that lim,, o, M (a,|a<,) = %
for all A-random «. Two new theorems are presented, the first is subsumed by

the second, but admits an easy proof and serves as a nice warm-up.

Theorem 4. Let M be a universal mizture. Then there exists a A-random «
such that

2
Jim Y (wttac) - 5) #0

beB

Proof. We use the same A-random string o as Hutter and Muchnik [3], which
is defined inductively by ., := [M(a<,0) > 27"]. Define v : B* — [0, 1] by

v(z) = M(z)[Vn < l(z): z, =0V M(zx,0) > 27"].



It is straightforward to check that v is both lower semicomputable and a
semimeasure. Therefore there exists a j € N such that v = v; in the enumera-
tion of all lower semicomputable semimeasures used by M. Now if a,, = 1, then
M(a<,0) > 2™ by the definition of a. Therefore a, = 0V M (a<y,0) > 27 is
true for all n and so by the definition of v we have that v(aq.,) = M(aq.,) for
all n. Therefore w;j(a<y,) = wjv(acn)/M(0<n) = w;. Furthermore,

ap =0 = M(ac,0) <27" = v(ac,l) =0 = v(llac,) =0,

where we used the definitions of «, v and the conditional probability respectively.
Therefore if o, = 0, then

M(Olacn) + Mtlacn) 2 32, wilasn) (r(0lacn) + m{1lacn)

(2 ZiEN wi(a<n) — wj(acn) (1 = M(0lacyn))

91— w;(1 — M(0]aen))

(d)
< 1—wjM(l|ocy) (6)

where (a) follows directly from Eq. 2. (b) follows by extracting w; (o<, ) from the
sum and using the facts that v;(0|a<,)+v;(1lac,) = M(0|lac,) and v;(0la<, )+
vi(llac,) < 1 for all i. (c) follows from the facts that », ywi(xr) = 1 and
wj(a<p) = wj. For (d) we note that M is a semimeasure, which implies that
1 —M(Olocy) > M(1|acy). Because a is A-random, it must contain infinitely
many zeros by Lemma 1(i) and the definition of a normal string. Let n; be the
position of the 7th 0 in « and k € N be such that v, = A. Therefore there exists
a ¢ > 0 such that
(a) ® (e)
M(lac,) = ) wilacn)r(lac,) = wi(ac)Macn,) > ¢
€N
where (a) is the same as Eq. 2 and (b) follows by extracting the contribution of
the Lebesgue measure \. (c) follows by recalling that A\(1|a<y,) = 1/2 and the
fact that « is A-random combined with Eq. 3. Then by Eq. 6,
liminf M (0lacn,) + M(1lacy,) <1—wje< 1.

1—> 00

Therefore lim,, oo M (0la<y) + M(1|acy) # 1 and so
lim Y (M (blacn) —1/2)* #0
beB
as required. O
The proof of Theorem 4 demonstrates the existence of random sequences
on which M fails to converge to a proper measure. This is interesting when

compared to Corollary 3, which shows that M converges to a measure with
p-probability one with respect to any computable measure pu.



Proposition 5. There exists an « that is A-random where
lim M(0lacy) + M(1|acy,) # 1.
n—oo

We now present the on-sequence version of Theorem 4, which uses the same
« for a counter-example, but turns out to be significantly harder to prove.

Theorem 6. Let M be a universal mixture. Then there exists a A-random «
and € > 0 such that

J({n : ‘M(an|a<n) - ;‘ > 5}) > 0.

Corollary 7. Let M be a universal mixture. Then there exists a A-random «
such that lim, oo M (ap|acy) # %

Initially we follow the proof in [3] by constructing a lower semicomputable
semimeasure v that dominates M on « infinitely often, but where v(0|a<,) =1
if a, = 0. The semimeasure defined below is identical to that given in [3].

Definition 8. Let M, : B* — Q be a sequence of computable functions approxi-
mating M from below and define o' € B> similarly to a by of, := [M;(ak,,0) >
27"]. Now define v; : B* — [0,1] by

2t ifl(x) =t Nz <al,
vi(z) = ¢ v (20) + (zl) if b(z) <t
0 otherwise,

where z < af,, is decided by lexicographical order.

Figure 1: vs3 if a?t3 =101

The following lemma is due to Hutter and Muchnik [3] and we make extensive
use of it here also.



Lemma 9 (Hutter & Muchnik).
(i) limy_oo @t = a.
(il) v :=lmy_ o 4 exists and is a lower semicomputable semimeasure.
(i) v(z) = v(20) + v(zl) for all z.
(iv) v(ae,) <27 for all n € N.
(v) If an =1, then v(ac,0) =27".
(vi) If a, =0, then v(ac,1) =0.

The proof of all results are found in [3, Proof of Thm.6]. Before proving the
main result we discuss some useful properties of v and briefly summarise the
proof in [3]. First, if a,, = 0, then by part (vi) we have v(a<,1) = 0 and so by
part (iii) we obtain v(a«y) = v(a<,0) and so v(0|a<,) = 1. Already something
is feeling fishy. We have constructed a lower semicomputable semimeasure that
correctly predicts all zeros of a random sequence. Additionally, if a,+1 = 1,
then v(ac,) > v(ap,0) = 27771, Now define a new universal mixture by
M' = (1 —~)M + v with ~ chosen sufficiently close to 1. If a,.,+1 = 01, then
convergence of M’ is poisoned by the non-converging v. Since « is normal there
are infinitely many n for which @,.,+1 = 01, which completes the result that M’
does not converge to A on a. But M’ is a very specific universal mixture while
Theorem 6 demands that we prove non-convergence for all universal mixtures.
We start by partitioning o and proving additional properties of v.

Define a sequences of sets {Nk}iozo by Ni = {n D Qnptk = 1’“0} as illus-
trated in Figure 2. Observe that {N;} are disjoint and cover N, N = | J;2 ) Nj.
Later it will be important to know the density of Ny, which is easily computed
by exploiting the fact that « is A-random and therefore (by Lemma 1) normal.
Since each n € Ny, is the start of a sub-sequence 1¥0 and by normality the total
proportion of the sequence 1%0 in o must be 27*~1 as is demonstrated formally
in the following lemma.

n 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
o 1 0 0 1 o010 1 1 1 0 1 1 0
Ny = 2 3 6 8 12 15
N=|1 5 7 11 14

Ny = 4 10 13

N; = 9

No = {2,3,6,8,12,15}, Ny = {1,5,7, 11, 14}
Ny = {4,10,13} and N3 = {9}.

Figure 2: The sets Ni

Lemma 10. Ifk € N, then d(Ny) = 2751 and d(U;—, . Nx) =271
Proof. « is A-random, and therefore normal. Then

gk _ Jim 20@m) _ o Neln K] - Nl

n—00 n n—00 n n—oo N

= d(Ny).



For the second part we make use of Lemma 17 in the Appendix.

d( fj Nk>=1—d<ONk):l—zﬁ:d(Nk)=2n1
k=r+1 T k=1 T k=0 T
Lemma 17(ii) Lemma 17(ii) A(Ny) = 2~ k=1

as required. O

Lemma 11. The following hold:
i If ap =1, then v(llac,) < 1.
it If k>1 and n € Ng, then

2k —1

Proof. We use the properties of v and the fact that f(z) = z/(a+z) is monotone
increasing for positive constants a (Lemma 15).

Definition of cond. prob.

(o) v(acpl) _ 1/(04<n1) _ v(acpl) )
=" V(a<n> T V(a<n +v a<n T e+ V O‘<n1).
Lemma 9(iii) Lemma 9(v)

Part (i) now follows from Lemma 15 and Lemma 9(iv). For part (ii) we start
by bounding v(a<,1).

Iterate v(zl) = u(a‘l()) + v(z11) Geometric series

(a)
v(a<nl ZV acnl'0) + v(ac, 1) < 22 niZ (12 Ry
i=1

=1

(a) follows from the facts that v(a<,1**!) = 0 and v(a<,1%0) < 2777 for
i < k (n € Ny and Lemma 9(v)) and strict inequality for i = k (Lemma 9(iv)).
Substituting into (x) and applying Lemma 15 in the Appendix leads to

(1—27F)2= 2k
27n 4 (1 —2-F)2-n 2kl

v(l|lac,) <
as required. O

Auxiliary mixture. We now exploit the fact that M is a universal mixture.
Since v is a lower semicomputable semimeasure, there exists an ¢ such that
v; = v where v; is the ith element in the enumeration of lower semicomputable
semimeasures used to define M in Eq. 1. Then define w : N — [0,1] and
auxiliary mixture M : B* — [0,1] by

Wy =wy — [ =ilw;/2  M(z) =Y wwi(z) = M(z) — S ().

‘ 2
1€EN

10



Now M is lower semicomputable To see this we only need to check that w is lower
semicomputable, which is clear since 7 is a natural number and so computable.

We now show that if M converges on «, then M overestimates the probability
of sequences of 1’s.

Lemma 12. Let D C N. Ifd(D) = 1 and lim,ep M(on|ac,) = %, then there
exists a v € (0,1) and sequence of sets Cy, C Ny such that d(Ny — Cx) =0 and

k
(VneCy)  M1Flac,) > % <;> :

Proof. Let Dy :={n:n+a € D} and D<y, := ﬂ];:o D,. Now d(D) =1 and Dy,
is a translation of D. Therefore d(Dy) = 1 and by Lemma 17(iii,vi) d(D<y) =1

and d(D<y N Ng, Ni) = 1. Define ¢, := 2M (1|a<y,), which by the assumption
that M converges to A on « satisfies lim,cp €, = 1. Suppose a,, = 1, then

S

(a) M(a<n1) — wjy(a<n1)/2

M(1|a<n) = M(O&< )

®) snM(oz<n)/~2 —w;v(ac,1)/2
M(O‘<n)

© snM(a<n)[2 —w;v(acy)/4 Y ws V(a<n)/il —v(acpl)/2
e =i

@1 (en — D) M(acn wAy(oz<n) 4—v(iace,l)/2

"2 T ai(any W M(an)

@1 (e,—1) w; wir(lac,)

R T T 4

where (a) follows by substituting the definition of M. (b) is the definition of
€n- (c) by expanding. (d) by the definition of M. (e) by bounding M > M and
v(aen) > v(ac,0) = 27" and M(a<,) < M(ac,) < 217" Therefore

a im i \/ - w"”(1|04<n1k a) 1 w;
Vl<a< k—a Wir\ti®<nt )\ S i
( 1<a<k) nehnéingvk (M(1a<n1 ) + — 4+ A

By Lemma 11(ii), if n € N, we have that v(1jac,1*7!) < 1 and by Lemma
11(i), v(l|acy,1¥7%) < & for 2 < a < k. Therefore for any 2 < k < a and

Yy = 12},’_271]3_ S (O, 1)

N |

. | 11\ 1
liminf M (1aen¥ 1) > = 4w, (= — =) ==
pomnint, M(la<n )_2+w](8 12) Y

1
=

liminf M(1|ac,1¥7%) >
pdninf (lac )

(%)

Combining (%) and (xx) and using the fact that for positive sequences a; and b;

11



it holds that liminf a;b; > (liminf a;)(lim inf b;) we obtain

k

liminf M(1*|ac,) = liminf M(1|ac,1%@
By, Moo = Bl T

k
> liminf M(1acn %! liminf M (1jocnl*"
> ( iminf M(1ac )> (rlznelzaniirmlzvk (Heanl™)

’I’LEDSkﬁNk

_Lny
y\2)

Therefore there exists a ¢, such that for all n > ¢, and n € D<i N N,

M(1*|ac,) > % <l)k.

a=

2

Let Ck :={n:n>cy An € D<j N Ni}. Therefore d(Cy, D<; N Nj) = 1 and so
by Lemma 17(i,v) and the previously shown fact that d(D<j N Ni, Ni) =1 we
obtain d(Ny — Ci) = 0 as required. O

To prove the main theorem we construct a pair of infinite binary sequences
x and % such that ay., is computable from xi., and 1.,. This implies that
Km(ay.,) < Km(x1.m) + K(¥1.n) + O(1), which holds because you can con-
struct a program for a;., using the concatenation of a prefix program for 7.,
and a monotone program for xi.,. Finally we assume that M converges on-
sequence to A on « and show that this implies liminf,, o Km(x1.,)/n < 1 and
lim;, o0 K (¥1.,)/n = 0. But « is A-random, so lim,,_,, Km(ay.,)/n = 1, which
leads to a contradiction.

Proof of Theorem 6. Let a be as in the proof of Theorem 4 and 7 be as in the
proof of Lemma 12. Define

A= {n €N :c< 2”M(a1:n) < c/'y} B = {n €Ny : 2nM(a1:n) > C/’Y}

where ¢ € Q is chosen such that d(A4) > 0 and d(B) = 0. This is necessarily

possible since by the universality of M and the fact that « is A-random there
exists constants Q 3 ¢, ¢’ > 0 such that 2" M («y.,) € [¢/,¢”]. Define F C N by

F:= {n ca, =1A2" M (ag,) > c}
Now define sequences x and v by

Xn = o =1V 2" M (aey) > (]
P = [[n € F]]

12

)



Let M, and M, be computable approximations of M and M from below respec-
tively. Define 8 € B> by

if x, =0

ifxn,=1A%, =1

if xp =1AY, =0A3t: Mi(ae,0) >27"
if xp=1A®, =0A3t: 2" M (acy,) > c.

ﬁn =

O = = O

We claim that o = 8 and prove this using four cases.

Case 1 (xn, = 0). By the definition x and the fact that x,, = 0 we have a;,, =0
and by the definition of 5 we have 3, =0 = a,.

Case 2 (xn = 1 A4, = 1). By the definition of ¢ and the fact that ¢, =1
we have that 8,, = 1 and n € F, which implies that a,, =1 = 3,,.

Case 3 (xn =0AY, =0ATt: Mi(acy) >27"). If 3t : My(acy,) > 277,
then a,, = 1 by the definition of o and the fact that M; is a monotone increasing
approximation of M.

Case 4 (xn = 0A Y, = 0A Tt : 2"_1]\7.ft(a<n) > ¢). Since ¢, = 0 we
have that n ¢ F. Therefore either o, = 0 or 2"‘1Z\~4t(oz<n) < ¢, but the latter
is not true. Therefore o, = 0 = f3,,, which completes the proof that a = 3.

Since ., is A-random and can be computed from 1., and xi., using the
equation above, there exist constants ¢y, ce > 0 such that

Em(xim) + K(1:0) + c2 > Km(a1.,) >n— a1

where the second inequality follows from [5, Example 4.5.3]. We now work by
contradiction Assume contrary to the theorem statement that there does not
exist an ¢ such that

d ({n : ‘M(an|a<n) — ;‘ > s}) > 0.

Therefore by Lemma 16 there exists a set D C N such that d(D) = 1 and
lim,ecp M(an|ac,) = % Then by Lemma 12 there exists a sequence of sets Cj,
such that d(Ny, — Cy) = 0 and for all n € Cj,

k
~ 1/1
M lac,) > = (=) .
(o> 2 (3)
We start by showing that d(F) = 0. Let

Ap={ne€Np:n+k¢ B} By :={ne N,:n+kec B},

which are translated subsets of A and B respectively and so d(Bj) = 0 for all

13



k. Now fix k € N and decompose F' as a subset of four sets as follows

(Grow)o( 0 )
(Oromoa)o(O-a)o( O )

c(Oromnana)o(0n)o(0ma)o( O ~)

k=1 k=1 k=rk+1

—~
S
Nad

T
N
=
|
D
=z

IN
iC-f

=l

where in (a) we used the facts that N = |J72 N, and o, = 1 for all n € F.
We now bound the natural density of each of the four sets in order. Suppose
n € A, NCy. Then n € A and so 2"+k*1]\~4(a<n+k) < ¢/v. Additionally,
n € Cy so

2n—1M(a<n) — 2n—1 M(a<n+k> < 2n—1 21_n_kc/7

M(1*|acy,) T 1

Y

= C’
Def. of cond. prob n € Cy

which implies n ¢ F. Therefore F'N N, N A, N Cy = () and

d(U FﬂNkﬂCkﬂAk> =0.
k=1

Also

(0n) (o)

Finally apply Lemma 10 to bound

d( [j Nk> =271

k=r+1

Therefore d(F) < 275! for all K € N. Therefore d(F) = 0. Therefore by
Lemma 1(iii) we obtain lim, . Km(¢1.,)/n = 0. Since |Km(z) — K(z)| <
O(log £(x)) for all x [5, §4.5.5], lim,, 00 K (¢1:n)/n = 0 as well.

Let 0, := #1(x1.n)/n. By Lemma 1(iii) we have that d(A — F) > 0 and by
Lemma 10 we have that d(Ng) = % Since A C N7 and N1 NNy = (), by Lemma,
17 we have d(Ng UA — F) > 1. Since x,, = 1 if n € Ng U A — F there exists a
0 < c3 € Q such that limsup,,_, ., 0, > % +c3. If 0, > % + ¢3 then by Lemma
1(ii) there exists a ¢4 > 0 such that Km(x1.m) < nH (3 +c3) + 5 logn + c4.
Therefore for all € > 0 there exists an arbitrarily large n such that

n—c1 < Km(ai.,) < Km(x1n) + K(@1.0) + 2

1 1
<en+nH 5—}—63 +§logn+02+64.
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This is a contradiction since H (% + 03) < 1. Therefore there exists an € > 0

such that
d <{n : ‘M(an|a<n) _ ;’}) >0

as required. O

5. Normalised non-convergence

We now show that the non-convergence is not only an artifact of the fact
that M is not a proper measure and that convergence still fails if M is replaced
by the normalised mixture My opm-

Theorem 13. Let M be a universal mixture and Myorm be its normalisation.
Then there exists a A-random « and € > 0 such that

J({n:

The proof uses the same « as in Theorem 6 and runs roughly as follows. It is
known that Myerm (an|a<n) > M(an|acy). Therefore if M (o, |ac,) > %Jrs on
some non-zero density set, then M orm (an|a<y,) does not converge to % on that
set. But by Theorem 6 we know that there exists a set of non-zero density set
on which M (ay,|acy,) is bounded away from % Therefore if Myorm (an|aer) is
to converge on some dense set to A, then M («,|a<,) must fail by being smaller
than % for a non-zero proportion of the time. But this implies that the ratio
Ma1.n) /M (aq.y,) is increasing with n, which is a contradiction by the dominance

M(a1.,) > cA(aq.p,) for all n and some constant ¢ > 0.

1
Mnorm(an|a<n) - 2‘ > 5}) > 0.

Proof. Let a be as in the proof of Theorem 6, For 0 < v <1 < ¢ < 2 define

Loy :={n: M(ay|ac,) < v/2}
Lo = {n: /2 < M(anlacy) < ¢/2}
Loc:={n: M(a,|ac,) > (/2},

which are chosen to be disjoint and satisfy L., U L, ¢ U Ls¢ = N. We proceed
by contradiction. Assume that d(L~.¢) = 0 for all ¢ > 1, which implies that the
set for which M (ap|a<yn) > (/2 has zero density. By Theorem 6 there exists an

€ such that
1

By definition, F' = L1 U L~142.. By assumption d(L>1+2a) = (. Therefore

setting v = 1 — 2¢ leads by Lemma 17(ii) to d(L<1_2.) = d(F) > 0.
Since M is universal there exists a constant ¢y > 0 such that M(z) > exA(x)
for all z € B* and so

1 .
(Vn € N) ElogM < ~log

1 1 n—oo
—log — 0.
M(ar.) n c - ()

>

15



Now choose ¢ so that 1 < ¢ < 2=4L<+)1°87 Then we obtain a contradiction by
(@)

. 1 /\(Oél~n)
0 = limsup — log ————~
n—)oop n & M(Oélzn)

®) .. 1 (<& 1
= limsup — log —— —n
n—oo N <tz_; & M(at|a<t) >

(c) 1 1 1 1
> lim sup — log — + log — + log =

n—)oop " E g ” E g c E g 5
t€L<[n] te€Lly ¢ t€L>¢[n]

1 - 1 (e 1 1
D dL)log = +d(Ly¢)log > + d(Ls¢) > d(Ly)log = +log> > 0

gl ¢ gl ¢
where (a) follows from (x) (b) by the definition of the Lebesgue measure A. (c)
by bounding M (ay|ay) for n € Lo, L, ¢ and L. (d) by the definition of
the natural density. (e) since d(A4) < 1 for all A. (f) by choosing 1 < ¢ <
2~d(L<2) 1oy Therefore there exists a ¢ > 1 such that d(Ls¢) > 0. Finally, for
n € Ly we have Myorm (an|acn) > M(an|acy) > %, which implies that

¢—1

1
(Vn c L>C) Mnorm(an|a<n) — 5 > T > 0.

=

as required. O

6. Convergence on non-random sequences

Here we give something of a converse to Theorem 6 via a small extension to
Theorem 7 in [3]. Not only can the predictive distribution of M fail to converge
to A on some A-random sequences, but it can also succeed in converging to A
on sequences that are not A-random. The proof relies on defining a measure p
for which the predictive distribution ju(:|w<,) converges to A(-|lw<y,) = % at just
the right rate to ensure that if w is y-random, then it is not A-random.

Proposition 14. There exists an w € B> such that

1. w is not A-random.
2. For all universal lower semi-computable semimeasures M

. 1\’
beB

Proof. Define computable measure v inductively by

1 1
p(lle) i= 5 +

2 2\/1+/{(x)

16



For universal lower semi-computable semimeasure M define the set of p-random
sequences on which M converges to u by

Ay = { 1_1>I£102 (blwer) — p(lwe))* =0 Aw is u—random} .
beB

Now p(Apr) = 1 by Theorem 2 and the well-known fact that p(R,) = 1 for
all computable measures pu. Therefore since there are only countably many
universal lower semi-computable semimeasures, we have p (A :=(,; Anm) = 1.
Let w € A, which is g-random. Then

iz(\/mqu VATo)’ (ﬂ /e )

Therefore w is not A-random by Theorem 3 of [11]. Finally by the definition of
w € A and p we have that for all universal lower semi-computable semimeasures

2
. 1 .
i 3 (M0oct) - 3) = Jim 3 (MOloco) = ubloc) =0
beB beB
as required. O

7. Summary

We have shown that for every universal mixture M there exists an infinite
A-random sequence « and € > 0 such that

d({n: ‘M(an|a<n)—;‘ >a}> >0, (%)

which means that the predictive distribution of M is wrong by at least ¢ for a
non-zero fraction of the time. This extends the previously known results that
there existed a universal mixture for which this kind of failure occurred [3]. We
also showed that (x) holds even if M is replaced by the normalised version of
the universal mixture Myorm- It is known that the totally incomputable mixture
over all computable measures does converges on all Martin-Lof sequences [4],
so the failure of My, is somewhat surprising and shows that the distortions
caused by normalisation are substantial.

We also showed that there exists a single infinite sequence « that is not A-
random, but on which the predictive distributions of all M converge to A. This
result is unsurprising, since « was constructed to be Martin-Lof random with
respect to some measure for which the predictive distribution converges to the
that of the Lebesgue measure, but does so sufficiently slowly that « is not itself
A-random.

17



Open Problems. There are a number of natural questions remaining. Suppose
M is a universal lower semi-computable semimeasure and define Cy; and C by

. 1 .
Cpy = {w : tliglo M(wp|wen) = 2} and  C:= QCM

where the intersection is taken over all universal lower semi-computable
semimeasures. What is the nature of Cy; and C? It follows from [3] that there
exists an M such that Ry Z Cps, which implies that Ry € C. In [7] it is shown
that the 2-random reals are a subset of C. In this work we showed that for all
universal mixtures Ry € Cps. Obvious open questions are:

1. Does there exists a universal lower semi-computable semimeasure (not a
mixture) such that Ry C Cy? An example of a non-trivial universal
enumerable semimeasure that is not (essentially) a mixture may also be
of interest.

2. As above, but where R is replaced with a different class of random reals
somewhere on the hierachy between Martin-Lof random and 2-random
reals, such as the weak 2-random reals.

Unfortunately, an elegant characterisation of Cy; and C seems unlikely because
there exists an w € C that is not A-random (Proposition 14). Note that it is
known that there exists a lower semicomputable semimeasure W that converges
on all A-random sequences, but W is not universal. A mixture over all com-
putable measures also converges on all A-random sequences, but is not lower
semicomputable [4].
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Appendix A. Technical Results

Lemma 15. Ifa > 0, then the function f(x) = x/(a+ x) is monotone increas-
mg.

Proof. a%f(as)zw%—ﬁ:ﬁ>0. O

Lemma 16. Let {6x},-, be a sequence of non-negative reals. For e > 0 define
D.:={n:6, >e}. If d(D.) =0 for all k, then there exists a C C N such that
d(C) =1 and lim,ecc 6, = 0.

Proof. Define ¢, := 27% and C, := N — D.,.. Then d(C.,) = 1 for all
k. Furthermore, let {ny},-, be a monotone increasing sequence such that
Cg[n]/n > 1 —27% for all n > ng, which must exist since d(Cy) = 1. Then
let C := Uy Cr(nps1). If ny <n < ngpq, then Cn]/n > Cyln]/n >1—27F,
Since ny, is finite for all k it follows that d(C) = lim,_,~, C[n]/n = 1. O
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Lemma 17. Let A, B,C C N such that A, B C C. Then (provided all quantities

exist)
(4) ACB = d(A,C)=d(A,B)d(B,C)
(i) ANB=0 = d(AUB) =d(A) +d(B)
(#i1) d(A)+d(B)—d(ANnB)=d(AUB)
(iv) ACB = d(A) <d(A,B)
(v) d(B,C)=1 = d(C—-B)=0
(vi) d(A)=1Ad(B)>0 = d(ANB,B)=1
(vii) ACB = d(A) <d(B)
Proof.

given limits exist definition of density

(i) 1im AP i (lim |A[n]|) <lim |B[”]|> id(A,B)d(B,C)

n—oc |Cln]|  \n—oo [Bln]| ) \n—oe |C[n]|
def. of density since AN B =0 def. of density
AUB A B
(ii) d(AUB) < tim AU ! tim AP gy, 1Bl ! d(A) +
n—oo n n—oo n n—oo n
part (ii) part (ii)

(iii) d(AUB) = d(A)+d(B — AN B) = d(A) + d(B) — d(An B)

IB[n]| < n
, . Aln] ! . |A[n]]
w) d(A) =1lim — <lim =d(A,B
(iv) () =tim Z % < lim B = d(4,B)
part (iv) d(A,B) =1

(v) d(B—A) <d(B— A B)=d(B,B)—d(A,B)=0

part (i) part (vii)

L,

(vi) d(ANB,B)=d(An B)/d(B)

[A[n]] < |B[n]|

_ A B _
(vit) d(A) = limsup Al < lim sup [Blnll = d(B)
n n n n
Appendix B. Table of Notation
A, V logical and/or respectively
log logarithm with base 2

€,0 small things
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[expr] indicator function

N natural numbers

R real numbers

Q rational numbers

B binary alphabet B = {0,1}

B* set of finite binary strings

B> set of infinite binary strings

T,y finite binary strings

xCy x is a prefix of y

#ax(y) number of (possibly overlapping) occurrences of x in y
£(x) length of string x

€ empty string of length zero

A B,C,--- subsets of the integers

An] set of elements in A smaller or equal to n

Ac complement of A

d(A) natural density of A

d(A) upper natural density of A

W,V lower semicomputable semimeasures

A Lebesgue measure

Vi,V9, V3, - enumeration of lower semicomputable semimeasures
M universal mixture

Myorm normalised universal mixture

Wi prior belief in environment vy

w () posterior belief in environment v, having observed x
K(z) prefix Kolmogorov complexity of

Km(zx) monotone Kolmogorov complexity of x

w, X, ¥ infinite binary strings

Q@ infinite binary Martin-Lof random string

v, ¢ numbers in (0, 2)

0 number in (0,1)

H(0) entropy of 6
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