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Abstract

Tterative Scaling is a widely used method to solve maximum entropy prob-
lems. Depending on the application they are used for, there are many different
versions of [terative Scaling algorithms. This paper compares and reconnects
two popular algorithms, which share a name, but are not equal and even
converge to different limit points.
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1 Introduction

Beginning with the Iterative Scaling algorithm described by Csiszér in [6], there
now exist many different types of Iterative Scaling algorithms depending on the
respective application. There are two frequently used algorithms, which converge
to different limit points but are both called Generalized Iterative Scaling (GIS)
algorithm. These algorithms are the one presented by Darroch and Ratcliff in [8]
and the algorithm used for example by Goodman in [10] or Huang et al. in [11].
To prevent confusion we will call the last one Conditional Generalized Iterative
Scaling (CGIS) algorithm.

In order to emphasize their similarities and differences we present both algo-
rithms and categorize them according to two different properties. At first we take
a look at the instance they are operating on. In the case of the GIS algorithm it is
the full probability distribution, in contrast to the CGIS algorithm that operates on
parameters A\. We introduce an intermediate algorithm, the Joint GIS algorithm
to analyse this difference.



Secondly, the form of the probability distribution is different in both algorithms.
The GIS and Joint GIS algorithm use joint distributions while the CGIS algorithm
computes conditional distributions. This transformation is the reason for the differ-
ent limit points. GIS and Joint GIS converge to the maximum entropy estimation,
in contrast to CGIS which converges to the conditional maximum entropy estima-
tion. Our tool to study this difference is the conditional GIS algorithm, a new
algorithm which works on the whole probability distribution but with the condi-
tional maximum entropy principle. The categorization of these four algorithms is
shown in Figure 1.
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full distribution GIS [8], [5] conditional GIS
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Figure 1: Categorization of the four different algorithms, namely GIS, conditional GIS,
Joint GIS and CGIS according to the used distribution and the component over which
they iterate.

2 Iterative Scaling

This section gives a brief introduction to Iterative Scaling. The probability distri-
butions discussed here are discrete distributions on a finite set X and the set of
these distributions will be denoted by P.

Iterative Scaling algorithms are a method to solve maximum entropy problems.
In this setting, the algorithms determine a probability distribution on X with pre-
determined properties. The properties are fixed by introducing constraints which

describe the expected value of a feature and are defined for i € {1,...,m} as:
> P(@)fie) = ki, k=0, D ki = 1. 1)
zeX i

The constraints are called consistent, if the set of positive probability distri-
butions on X, which fulfil these, is not empty. An important result for Iterative
Scaling is the duality in Lemma 1. We will need the following sets:

L(f.k)={PeP| ) P)fi(z) =ki, i €{l,....,m}}
zeX

Q(f, PV = {P eP| Pz 1 S\ filw)

-~ P(O)x,)\ieR,xeX}.
Zpoy(A- f) (=)



Lemma 1. Suppose that the distribution P satisfies the constraints and that
D(P || P©) < oo for a probability distribution P(°). Then any of the following
properties determine P* uniquely and the following statements are equivalent:

(1) P* = argmin D(P | Q)
QeQ(f,P©)

(2) P* = argmin D(P || P(9)
PeL(f,k)

(3) P* e L(f.k) n Q(f, PO)
Proof. The proof is given by Ay et al. in Section 2.8.3 Theorem 2.8 in [1]. O

3 The GIS algorithm

In order to prove the convergence of the algorithm Darroch and Ratcliff apply in
[8] the following restrictions to the features:

Difie) =1 and fi(z) > 0. (2)
x
It is possible to define less strict restrictions as for example Curran and Clark point

out in [7], but at this point it is sufficient to use the original ones.

Theorem 3.1 (The GIS algorithm, [8]). Let P(®) be the uniform distribution, f;
as in (2), n € N and

fi(z)

M) () = PO (4 m k;
P(z) = P ()E >, PO=D(a!) f;(a!)

z'eX

The P converges to a positive and unique solution P* € Q(f, P(?)) fulfilling the
constraints (1) and the properties described in Lemma 1.

Additionally, it is possible to prove that P* € L(f, k) n Q(f, P\?)) under the
condition that the constraints are consistent.

Proof. This was proven by Csiszér in [5]. O

4 The Jownt GIS algorithm

The parameters \; and the features f; determine the density of a Gibbs distri-
bution uniquely. Therefore, we do not have to compute P(™) in each step of the
algorithm in order to find P*. That is why it is sufficient to find an iteration for
the parameters. In each step, the parameters \; will be altered by ¢;, so that
/\(ﬂ+1) _ /\(”) 5

i =A; "+ 0.



Although it is easy to check that the iteration below and the one described in
Theorem 3.1 are related, we are not able to conclude immediately that this new
algorithm converges. Darroch and Ratcliff state in [8] at the end of Section 2
without a proof that the parameters can be compiled in an easy way. In [2] Brown
et al. are able to give this proof for some cases, but not for the general case.

In conclusion, we will prove the convergence of the algorithm based on the
framework Pietra et al. use in [13] to prove the convergence of another form of
iterative scaling algorithm, their Improved Iterative Scaling algorithm. Denote by

1 5 (Ai+6i>fi<m> $ (i) i)
Ps(z) = ————— - 71 ZN+6,f) = Zem .

Z(A+9,f) (3)

xeX

The goal is to maximize M (Q, Ps) := —D(Q || Ps) with a fixed @ € P that satisfies
the constraints and to use Lemma 1. Therefore we need to find a lower bound of
the steps of the iteration which is easy to maximize respecting 6. The following
Definition 1 and Theorem 4.1 are the ones Pietra et al. use in [13] in Section 4.B.

Definition 1. A function B : R™ x P — R is an auxiliary function for M(Q, Ps)
if it holds the following properties:

(1) For all P € P and § € R™ we have: M(Q, P5) = M(Q, P) + B(4, P).
(2) B(6,P) is continuous in P € P and C! in § € R™.
(3) Let t € R. Then B(0, P) = 0 and:

d d
%t:OB(t'(saP) = at:OM(Qthﬁ)'

It is possible to define the following sequence:

P(nJrl) st((rfb))’ with 6(77') = arg max B(&, P(n))
doeR™

Property (1) of Definition 1 makes sure that M (Q, Psn)) increases with every step.
With this we can get to the next result:

Theorem 4.1. Let P("") € P be a sequence where the support of P(®) is X and
the properties

Pt = p) 5 e R™ | B(§™), PM) = sup B(S, PM™).
JER™

Then M(Q, Psny) increases monotonically, it converges to

_ max M(Q,@) and lim P = P* = argmax M(Q,@)
QeQ(f,P(©) e QeQ(f,P()

Proof. This is proven in [13] Section 4.B. O



In order to resemble the CGIS algorithm, we will now make use of new restric-
tions towards the features:

- . < filz) < j =
ma}g{izzlfl(x) 0< fi(z) <1, i=1,...,m.

Additionally, we assume that f¢ > 1. Note that we no longer need the f; to sum
up to 1 or any fixed constant. In [7] Curran and Clark proved the convergence of
the algorithm without a correction feature

Jm+1:=1— Z ft(f)
=1

by fixing its value with A,, 1 = 0 to zero. In order to apply the Jensen’s inequality
we will use the same trick in the next lemma.

Lemma 2. Let @, P € P and § € R™. Then the function

m+1

B(6,P) =1+ >, Q(x Zéfl - P(x) Z it

zeX zeX
is an auxiliary function for M (Q, P) with d,,,1 = 0 fixed.

Proof of Lemma 2. We will prove the properties listed in Definition 1. To prove
the first property we use log(x) < x — 1, for all x > 0 and the Jensen’s inequality.

(1) M@, Py~ M@Q P) > ¥ Q 2512 Ecz(x)( o2 51 P(x’)—l)
x’'eX

zeX zeX
B(6, P).

(2) The definition of f¢ assures that f¢ > 0. As a sum of continuous functions
B(4, P) is continuous in P and

d%B 5 F) (Z Qe P(a)fu(@)e™" ... Y Q(a P(x)fm(w)eé’"fc> :

reX zeX

Every entry of the Jacobian matrix is continuous in J; and we gain property (2).

m+1 f.
(3) For 6 = 00™) we get: B(0,P)=1— Y P(x) Y] fl}ff) =1-1=0.WithteR
zeX =1

the differentiation leads to:

d d 1 Z t-8; fi(x

p t=0M(Q,Pt‘6) =% t_og(l <Zp(tof) ) a:;(Q r))
= ) Q@ 26 fiw) = 3 P) Y 6ifia) = L) B-s,P).
reX reX i=1 dt t=0

O



It remains to show that B(Q, P) and Theorem 4.1 result in the desired iteration:
Lemma 3 (The Joint GIS algorithm). Let )\1(0) =0and

1 ks
A =AM i :
' e\ X PW()fi(x)

zeX

This converges to A} = lim /\Z(-n). Additionally we have
n—o0

1 S
PO =z00

for all x and P* is the same limit point as the one of GIS in Theorem 3.1.

- P*(2)

Proof of Lemma 3. Theorem 4.1 provides us with an iteration that convergences

to argmax M(Q,Q). Choosing /\1(0) to be zero leads to P as the uniform
QeQ(f,P)

distribution. That means that the initial points of both algorithms are the same.

Now we will take a look at 6 defined in Theorem 4.1 and maximize B(d, P("™))

in respect to 0. For every i € {1,...,m} we get:
1 k;
(Si = —ln !
fe >, PM(2)fi(x)
zeX

This is in fact a maximum of B(8, P(™)) because of the negativity of the Hessian
matrix. We are now able to iterate over the \; separately, because of the following
equality:

sup B(5, P(n)) =1+ Z sup (Z Q(x)élfz(gj) — Z P(x)fi(z)et;ifc> .

c
oeR i=1 6;eR zeX reX f

Together with (3) this leads to the iteration stated in this Lemma. This proves
the convergence of the algorithm. Lemma 1 additionally yields the equality of the
limit of this algorithm and the one of the algorithm described in Theorem 3.1. [

5 The conditional GIS algorithm

In this section we will perform the second step towards the implemented CGIS
algorithm. This approach was also described in [14] in Section 4.5 and in [3] in
Section 3. We will switch from joint distributions to conditional distributions. The
GIS algorithm can be very expensive regarding the needed time for each step in
the iteration. In each step the algorithm iterates over every x € X. Consider an



experiment as an application for the algorithm with a huge space X of possible
outcomes. It is likely to assume that there are applications in which the space
of actually occurring = is a rather small subset X’ < X. By substituting the
joint probabilities with a special form of probability, we are able to iterate only
over the x that actually appear in the data. First, we will introduce this new
form of probability distributions regarding a target distribution P; satisfying the
constraints in general. This approach allows us to introduce the next step without
assuming the existence of data.

In contrast to the parameter estimation this step actually changes the limit of
the convergence. By using a different form of probability distributions the maxi-
mum entropy principle turns into the conditional maximum entropy principle.

To do so, we have to be able to write X as X = X; x X5 by defining two
disjoint subsets A1, As of {1,...,r} with A; U As = {1,...,r} and the alphabets
Ag, Be{l,...,r} of x5 € Ag:

Xi ={z; = (wp)pea, | v e X Ag}, 1€{1,2}.
BEA;
The probability of P € P on X; is defined by:

P(xa,) = ), P(x), xa, € X3 with X(wa,) = {ye X Ag|ya, =za}
zeX(za,) B=1

With the additional restriction that the marginal possibility of the z; € X; equals
the empirical distribution P(z1), z1 € X; derived from a fixed set of data, we are
able to define an algorithm iterating only over the x; € X7 occurring in the tests.
Suppose that P; € P satisfies the constraints (1). Now we are able to change P(x1)
to P(x1) to create the new constraints:

D1 Piz1) Y Plag | ) fi(er,22) = ks. (5)
r1€X1 z2€X2
This leads to the definition of a new probability distribution on X:
Pc(l‘) = Pt(l‘l) . P(Z‘Q | Ll?l), for all T € )(17 Tg € XQ.
Now we take a closer look at the new probability distribution P¢. While P, is fixed
to the target distribution, P(zs | 1) is a conditional Gibbs-distribution:

1 % Aifi(z1,22) % Aifi(z1,22)
P(SCQ ‘ 1'1) = me i=1 y sz(.fCl) = e i=1 . (6)
T2

It is possible to define similar sets to the ones in Section 2:

IzEXQ

Le(f, k) = {P € P | P(x1) = Pi(xy), for all 21 € X; and Z P(z)fi(x) = k:i}
zeX
Q°(f,P) = {P eP|P(z)= Pt(ml)ﬁe’; I po (), Ni€R, z€ X} :
T2 1



Now we are able to define a conditional equivalent to Lemma, 1:

Lemma 4. Suppose that the distribution P € Le(f, k) satisfies the constraints and
that D(P,U) < co. If P* € L°(f, k) n Q°(f,U) exists, it is unique and holds the
properties:

(1) P* = argmin D(P(X2 | X1) | Q(X2 | X1))
QeQe(f,U)

(2) P* =argmin D(P(X2 | X1) || U(X2 | X1))
PeL(f,k)

Proof. With the chain rule (9) the proof can be easily derived from the one pre-
sented by Pietra et Al. in Proposition 4 in [13]. O

All things considered, we are able to maximize the conditional entropy by ad-
justing the parameters A; of (6). Now we define the conditional GIS and it con-
verges to the distribution of the form of P¢ that maximizes the conditional entropy.

Lemma 5 (The conditional GIS algorithm). Let k; be defined as in (5) and P(®)
be the uniform distribution. If a probability distribution of the form (6) satisfying
the constraints exists, then

fi(z)
fC

M) () = p=D (g ] i
PO@ =P T sy s P 0 i)

131€X1 12€X2

converges to P* of the form (6), satisfying the constraints and maximizing the
conditional entropy.

Proof. The following proof is derived from the one Darroch and Ratcliff presented
in [8] of Theorem 1. At first we will use the inequality between the generalized
arithmetic and geometric means:

fz‘(l")
i k; fe =
() © <3
1=1 i =1

with k,gn_l) = 3 Px) Y PO U(xy|x1)fi(z1,z2). Applying this leads to

$1€X1 ZQEXQ

fi(x) k;

7

(n) (1) N £i(2) ki S
2, P < 2 PN L T | e | T AN T

zeX



1 m
and we have Y P (z) < — < 1, therefore > Y P™(z)fi(z) < % < 1.
reX fC i=1zeX
For all n, P(™(z) > 0 and kgn) = Y P™(z)fi(x) > 0. The positivity of the
reX

KL-divergence leads to

D(k; || k™ = Zklom( ) 0. (8)

Let @ be an arbitrary probability distribution satisfying (1). Then

(n+1)) o Q@) 1\ _ my_ L (n)
D@Q | P) = ¥, Qleltogs (i) = DQ || P) = D0k | 1),

zeX

Now {D(Q || P"*1Y),n € N} is a decreasing bounded sequence. Therefore it has
a limit point and D(k || k™) — 0 as n — oo0. The properties of k; and Pinsker’s
inequality

1m
Dk | K™y = =N [ &y — k™ 2
(k1| &) 2i§:1| i

lead to kl(n) — k; as n — o0. Suppose P, P, are different limit points of the
bounded sequence {P(™}. Because of (5), both satisfy the constraints (1) and are
of the form (6). Additionally Py, P, are positive probability distributions. Now
we are able to apply Lemma 4 and this yields that P = P5. O

6 The CGIS algorithm

Applying both changes, the parameter estimation and the conditional distribution,
leads to the desired CGIS algorithm:

Lemma 6 (The CGIS algorithm, [10], [11], [7]). Let )\50) = 0, k; be consistent
and as in (5) and P of the form (6) with parameters A("). The iteration

- 1 ki
)\(n) _ )\(n 1) + —In i
' ' fe Y Pi(xy) X PUD(2 | @) filx)
x1€X zro€Xo
T L X A fil@)
converges to the limit A7 with P*(zy | 1) = 5 —e =1 . Additionally,
z2

P*(x) = Pi(x1)P*(x2 | 21) is conditional maximum entropy estimation.

Proof. Curran and Clark provide a proof in the Appendix of [7]. O



7 Comparison
In order to understand the relationship between GIS and CGIS, we will take a look
at the following chain rule for entropy:

Hp(X1,X2) = Hp(X1) + Hp(X2 | X1) (9)
with the conditional entropy defined as
Hp(Xy | X1) == >, P(a1) Y, Plaa|z1)loga(P(x2 | 21)).
w1€X1 132EX2

A proof for this rule is given by [4] in Theorem 2.2.1. Notice that the entropy
equals the conditional entropy in the case of a fixed marginal distribution on X;.
That means that the algorithms GIS and Joint GIS iterate towards the same limit
as the conditional ones under the restriction that the marginal distribution on X3
is fixed in both cases to the same values. This can be easily done by introducing
an additional feature for the desired distribution. However, in the general case
the limits are not equal, as we can observe in Figure 2 (a). This example for
the different limit points of maximum entropy and conditional maximum entropy
estimation was given by Yuret in [15]. We gain the values calculated by Yuret with
an implementation of Joint GIS and CGIS in C++ available at [9].

0.9 e x
e 0.10 | -—- CGIs
7 —e— SCGIS
'( .
08{ / 0.08 | —— loint GIS
¥ ]
~ F c
= i 0.06 1
=07 f g
= %! 2
o H kel |
; i.o,o4
0.6
: e CGIS 0.02
051 i -+~ Joint GIS 0.00 ]
0 5 10 15 20 25 30 200 400 600 800 1000 1200
n

n

Figure 2: (a) CGIS vs. Joint GIS (b) AND: Joint GIS, CGIS and SCGIS

Additionally, we are able to compare the performances of the algorithms with
an easy example. Consider X as X = X; x Xy x X3, with (X7, X53) as input and
X3 as output. Now, we are trying to predict the value of X3 while only knowing
the input. Our set of data is the logical AND gate listed in Figure 3(a).



At first we assume that X3 depends on X7 and X5, but not their interactions as
illustrated in Figure 3 (a) 2. Computing the data under this assumption leads to an
probability distribution, which we compare to a second probability distribution by
calculating the KL-divergence between them. The second probability distribution
is gained by expecting that X3 depends on X; and X5 simultaneously and their
interaction as visualized in Figure 3 (b) 2.

X1 Xy X3

0 0 O

0 1 0

1 0 0

1 1 1
Figure 3: (a) AND gate (b) different systems of dependences

As indicated above, we used a third feature in case of the Joint GIS algorithm
in order to gain the same limit point as the CGIS algorithm. Figure 2 (b) shows
the results of this test. We observe that both algorithms now share the limit point
0 and that CGIS converges considerably faster than Joint GIS. The reason for this
difference is in this case not the choice of the set X, but the additional feature we
introduced for the Joint GIS algorithm.

A downside of iterative scaling algorithms is their poor performance compared
to gradient methods shown for example by Huang et al. in [11] or by Minka in [12].
That is why we display a third algorithm in Figure 2 (b). This algorithm is a faster
version of CGIS, the Sequential Conditional Generalized Iterative Scaling (SCGIS)
algorithm presented by Goodman in [10]. Although SCGIS is considerably faster
than the other algorithms presented here, it is still not as good as the gradient
methods it was compared to by Huang et al. in [11]. This leads to the result that
an iterative scaling method may not be the fastest way to calculate a maximum
entropy model, but a reliable one.

In conclusion, we were able to fully explain the connection and highlight the
differences between the considered Generalized Iterative Scaling algorithms.
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