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Abstract text correction task on the bible dataset.
Next section explains the principles and properties of
Several authors have reported interesting results ob- Markovian architectural bias of recurrent neural networks
tained by using untrained randomly initialized recurrent It is also shown the correspondence to the class of Markov
part of an recurrent neural network (RNN). Instead of long, models called variable length Markov models. The third
difficult and often unnecessary adaptation process, dynam-section shows how the predictive models are built and their
ics based on fixed point attractors can be rich enough for performance is tested. In the fourth section created predic
further exploitation for some tasks. The principle explain tive models are used on the text correction task and conclu-
ing untrained RNN state space structure is called Marko- sions are formulated in the last section.
vian architectural bias [1, 8] and several methods using
this behavior were studied. In this paper we apply these 2 Architectural Biasof RNNs
approaches to correct corrupted symbols from symbol se-
guence. These approaches share some properties with vari-
able length Markov models hence our experiments are in-
spired by the paper dealing with the text correction on the
bible dataset.

RNN training process is considerably more complex in
comparison with feed-forward network weight adaptation.
Changing recurrent connections in order to obtain desrabl
dynamics by providing input-output pairs is often difficult
and computationally expensive task. The dynamics of aran-
] domly initialized recurrent neural network is surprisingl
1 Introduction not “random”, instead the RNN state space shows consider-
able amount of structural differentiation. It means that ac

The dynamics of randomly initialized recurrent neural tivities of recurrent neurons even in an untrained, rangoml|
network (RNN) is not “random”. On the contrary, its state initialized recurrent neural network can be grouped in-clus
space shows considerable amount of structural differenti-ters [4]. The structure of clusters reflects the history ef in
ation. It means the activities of recurrent neurons can beputs presented to the network. This phenomenon is called
grouped in clusters even in an untrained, randomly initial- Markovian architectural bias and can be explained by means
ized recurrent neural network [4]. The structure of theestat of the iterated function system theory. For example the dy-
space reflects the history of inputs presented to the net-namics of simple RNN can be expressed by equation
work and clusters correspond to the contexts of the variable )
length Markov models (VLMMSs) [6, 7]. s(t) = f(W-s(t—1)+ W™ -i(t)), 1)

The authors have reported promising results working
with approaches based on Markovian architectural bias
such as the chaos game representation of input sequen
[6] or Echo state networks [2, 3]. Inspired by experiments
with VLMM performed in [10] we try to adopt these novel
approaches to tasks of practical usage. Specifically, we?s out
build predictive models based on chaos game representa- oft) =/ (W 'S(t)) ’ (2)
tion (CGR) of the input symbolic sequence and compare whereW°ut is matrix of output weights. Usually nonlinear
their predictive performance to the prediction models ase activation functionf is used and recurrent and input weight
on VLMM. We also apply created predictive models to the matricesW and W™ are initialized to small values drawn

where f stands for nonlinear activation functioNy and
(':Xvin are matrices of recurrent and input weights respec-
tively. Recurrent and input activities in tinteare denoted
by s(t) andi(t), respectively. Network output is calculated
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from symmetric interval such as-1,1). The notion of
Markovian architectural bias can be explained by simpli-
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Processing of symbol sequenegss . .. s; created over Figure 2. Chaos game representations of se-
4 symbol alphabetd = {a,b,c,d} with symbols en- guence of random symbols and Laser se-
coded by one-hot-encoding schemes(if= o thani(t) = guence (using simplified RNN settings)

(1,0,0,0)T...) would create the following regions in two
dimensional state space (Fig. 1).

dbc aab bbd cda
bb | db | bd | dd N1/ | & data set is the sequence of differences between successive
b d ( ( \) activations of a real laser in chaotic regime [7] which was
cb | ab | cd | ad 7 quantized to symbolic sequence over four-symbol alphabet
be | de | ba | 4a A. CGR of random sequence results in the state space reg-
c a ularly covered by points. It is not the case of CGR of the
celac|ca|faa laser sequence. Similar subsequences correspond to points

that are closer in the state space. The longer the common
suffix, the nearer the points are in the state space. Frequent
subsequences of longer length produce clusters.

(@) (b) (©)

Figure 1. The relationship between the net- This behavior has led to the idea described in [7] where
work state and the history of symbols pre- prediction models called neural prediction machine (NPM)
sented to the network with simplified dynam- and fractal prediction machine (FPM) were suggested. Both
ics. use Markovian dynamics of untrained recurrent network

(Eq. 1). In FPM, activation functioff is linear and weights
are defined deterministically in order to create precise sta
space dynamics as it was described earlier. In NPM, activa-
tion function f is nonlinear and weights are randomly ini-
tilized to small values as in regular RNN. Instead of using
classical output layer NPM and FPM use prediction model
that is created by extracting clusters from the networlestat
space. Each cluster corresponds to different prediction co
text with the next symbol probabilities.

More precisely, symbol presented to the network drives
the network to some state (activities on hidden units). The
state belongs to some cluster and the context correspond-
ing to this cluster is used for the prediction. The context’s
next symbol probabilities are estimated during trainingpr
cess by relating the number of times that the corresponding
clusterC' is encountered and the given next symbois
observedV{ with the total number when the clustéris

The network state (activities of hidden units) is always
located in a region corresponding to the last symbqire-
sented to the network as shown in Fig. 1a. Moreover the
position within this region can be further specified by the
previously presented symbse]_;. This "second level” is
shown in Fig. 1b and sub-regions differentiated by the sym-
bol presented to the network in timg_» are shown in
Fig. 1c. The position of activities in the network state spac
is determined by the history of symbols presented to the net-
work with the recent symbols having more importantimpact
than symbols presented in older time steps.

When recurrent and input weights are initialized ran-
domly to small values and activation functigiis nonlinear,
regions in state space are not positioned precisely andtmigh
overlap. However, the main feature of network dynamics —
to transform sequences with similar suffix to similar hidden

unit activities — is unchanged. encounteredVc:
To obtain visual representation of the whole sequence NZ
insert hi it activit i P(a|C) ~ £ (5)
we can insert hidden unit activitiegt) from all time steps Ne

into two-dimensional plot as shown in Fig.2. This way of

representing input sequence is called chaos game represen- These models share some properties with variable length
tation (CGR). The random sequence was created by drawMarkov models. Building Markov next-symbol predic-
ing symbols from alphabet with equal probability. Laser  tion model is straightforward by estimating probabilities



P(z|w) = %_E whereP(z|w) is the probability of symbol ~ from the modeling point of view important) substrings of

x € A being observed after sequenge= syss... € A*. sequence presented to the network. As can be seenin Fig. 3

In this case sequence of observed symhotspresents the the clusters in the state space of recurrent neural networks

prediction context. In n-th order Markov model the set of with simplified dynamics correspond to the prediction con-

contexts is formed of all words of length which can be  texts of variable length Markov models. The structure of

created from alphabed. The set containg4|™ contexts RNN state space initialized with small weights corresponds

where|A| is the size of the alphabet. to the prediction contexts of Markov model hence the name
Variable length Markov models (VLMMs) [5, 10] con- for Markovian architectural bias.

tain contexts with different lengths. They try to evaluate

the context importance and irrelevant contexts are not kept 1090 0,100200300,400.500.60 0,70 080030 1,00 '

by the model. The importance of the context is estimated 0.90- - [ 0.00
from the training sequence. There is a natural idea of grow- o -

ing of VLMMs. Existing contextw € A* is extended by 0807 . . 080
symbolz € A and new contextw is added to the model 0.701 o [0.70
if its next symbol probability distributiodP(.|zw) signifi- 0.601 - ’ 0.60
cantly differs from the next symbol probability distriboii 0.50 . 0.50
of original contextP(.|w) and its occurrenc® (zw) is im- 0a0] © L 0.40
portant enough. A natural way of representing VLMMs is 0301 T .- [ 030
in the form of a prediction suffix trees (PSTs). Fig. 3 shows - 4

simple PST created for laser sequence. For example the 0201 e 020
probability of observing symbd after the sequence:ca 0'10'_':_3_\- . - 1 010

will be estimated a®(b|ccca) = 0.06.
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Figure 4. Chaos game representation of the
symbolic laser sequence that correspond to
5000 the contexts of variable length Markov model
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6013 created for symbolic laser sequence.

3 Creating Prediction Models

The purpose of this paper is to show how approaches
based on Markovian architectural bias can be used for sym-
bolic sequence processing. In [10] the authors used vari-
able length Markov model on the bible dataset. Since ap-

Figure 3. Simple variable length Markov proaches based on the chaos game representation (FPM,
model represented by the prediction suffix NPM) share some properties with VLMM we decide to per-
tree for the symbolic laser sequence. form experiments with the same dataset. We modified en-

glish version of King James Bible and took out the Genesis
book as test sequence. The rest of books served as a training
sequence. The length of test sequence Was10° and the

We can graphically represent the regions of CGR of sym- |ength of training sequence was)- 10. Alphabetincludes
bolic laser sequence created using simplified RNN dynam-926 characters and a space character.

ics (Fig. 2b) that correspond to the contexts of variable
length Markov model created for symbolic laser sequence
(Fig. 3). In Fig. 4 the shades of gray are used to indicate
the corresponding VLMM context. Longer contexts corre-

spond to the smaller regions and the darker shades of gray We repeated experiments with VLMM as in[10]. The er-
are used. As already mentioned, the clusters in the RNNror criteria based on Kullback-Leiblerg divergence wagluse
state space correspond to the frequent and similar (hencéo evaluate context importance.

3.1 Prediction Model Based on VLMM



P(a|zw)

Err(zw,w) = P(zw) Z P(me)l@mv

a€A

(6)

wherezw is a candidate context associated with a child
node andwv is a context associated with parent node in the
prediction suffix tree being iteratively built. If statiséil dif-
ference was superior to chosen ratjahe child node with
contextzw was added to the model. All nodes up to the
specified length. were tested. Laplace correction was used
to avoid estimating any probabilities of zero for eventsarev
observed in training data. Next symbol probabilities were
estimated using:

Y+ Nu
P(w) = , (7
(w) VAl + 2 e arw No
+ Nz
Plajw) ~ — ®)

7|A| + ZaGA N'g}’

whereN,, is a number of occurrences of stringn a sample
sequence and/” is a number of observations of symbol
after stringv. Laplace correction parameterwas set to
A

Training prediction suffix tree is summarized in the
following code in pseudo-language:

ALPHABET - sequence alphabet, a set of symbols
StrLengt h(W - the length of stringV

L - maximum tree depth

Eps - minimum statistical surprise

Error (W - calculates statistical surprise of string
CSTRI NGS - set of candidate strings

Stringslnit(STRS) - initialize set of stringsSTRS

Stringsl nsert ( STRS, W - insert stringWinto set of stringsSSTRS
StringsRenpve( STRS)  -removes string from set of strin@&'RS
Stringsl seEnpt y( STRS) - test set of stringSTRS for being empty

PST
Treel ni t (TREE)
Treel nsert (TREE, W

- prediction suffix tree
- initialize treeTREE
- insert contexwVinto treeTREE

Algorithm description:

First, the set of candidate strings is initialized with one
symbol words formed of symbols from alphabet (lidet
3). Then the prediction suffix tre@ST is initialized with
only root node corresponding to the empty string The
next symbol probability table is also calculated (I5)e The
tree is iteratively built in the loop (lines to 15). If the set
of candidate strings is not empty (li7¢, a candidate string
is removed from the set (lin@), the statistical surprise of
the string is evaluated and if relevant enough (i) the
string is inserted into the trdeST (line 11). All ancestor

Stringslnit (CSTRI NGS) ;
foreach A from ALPHABET do
Stringslnsert (CSTRINGS, A);

Treel nit (PST);

whil e NOT StringslsEnpty(CSTRI NGS) do
begi n
CSTRI NG : = StringsRenpve( CSTRI NGS) ;
if Error(CSTRING >= Eps then
Treel nsert (PST, CSTRI NG ;
if StrLength(CSTRING < L then
foreach A from ALPHABET do
Stringslnsert (CSTRI NGS, A+CSTRI NG ;
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Figure 5. Algorithm for training prediction
suffix tree

the set of candidate strings is enhanced with novel strings
formed by concatenation of symbols of alphabet with the
processed string (lines3 and14). Operator+ is meant as

a concatenation of the strings.

3.2 Prediction Model Based on Chaos
Game Representation

Models such as FPM and NPM are based on attractor
dynamics of RNN-like state space. Prediction contexts cor-
respond to clusters in the state space driven by equation 1.
For both NPM and FPM one-hot encoding of input alphabet
was used resulting in input layer containipgl = 27 units.

FPM models had deterministically set recurrent weights
and linear activation function was used. We investi-
gated two possibilities of initializing network dynamics
of FPM. The first model labeled FPM5 was composed of
[log2(|A|)] = 5 recurrent units, recurrent weights were ini-
talized asW = k - I wherek = 0.5 is the contraction ratio.
Columns of input weight matri¥v P are binary displace-
ment vectors multiplied byt — k in the same manner as
described in eq. 4. The second model labeled FPM27 use
|A| = 27 recurrent units and weight matrices were initial-
izedtoW = k-TandWi"P = (1 — k) - L.

We have also performed several experiments with NPM
models. MatricesW and WP were randomly initial-
ized from symmetric interval—1,1) and sigmoidal acti-
vation function was used. Dynamics driven by randomly
set weights combined with nonlinear transfer function work
remarkably well in case of ESN models, to our knowledge
no deterministic method was proposed that would perform
as well. Similarly to the FPM models, we used NPM5 and
NPM27 models having 5 and 27 hidden units, respectively.

strings not present in the tree are also inserted and the next Vector quantization techniques such as popular K-means

symbol probabilities are calculated for all strings being i
serted. If maximal tree depth was not reached (lir29

guantization can be used for identifying clusters. Slow-con
vergence is the major drawback of K-means which limits



its practical applicability to larger datasets. To makéntra
ing process feasible and at least partially comparablego th
VLMM training we estimated clusters only on the fraction
of activities produced by models. Overall training process
can be summarized in several simple steps:

1. Activation Creation
By running through training sequence&
818983 ...sT7 Symbols s, are presented to the
network and activities on hidden units({) from
eq. 1) are recorded into sequence of activities
X = (X;1,Xq,X3... Xr). Dimension of vectors{;
is given by the hidden layer size and wagor FPM5
and NPM5 an®7 for FPM27 and NPM27.

2. Quantization
For a given numbem of prediction contexts clusters
representing activitieX are found. K-means quanti-
zation was performed on a fraction &f (every 100th
activity ), resulting inm centersC' = (C1,Ca, ... Cy,)
representing clusters.

3. Creating the Next Symbol Predictions Probabilities
The next symbol counteV¢, is created for each clus-
ter ¢ represented by cente¥; and for each symbol
x from alphabetd. By running through training se-
guenceS and sequence of activitieX with index
0 < t < n — 1 clusterC; corresponding to the ac-
tivity X, is found and the next symbol count¢.**
associated with the next symbol observed; is in-
cremented. The next symbol probabilities associated
with clusters are estimated as:

v+ N¢,
7|A| + ZaeA Ngl 7

where Laplace correction parameterwas set to
A7

P(z|C;) ~ (9)

3.3 Experimental Results

Predictive performance was evaluated by means of a nor-
malized negative log-likelihood (NNL) calculated over the
test symbol sequence = s;s3 ... sy fromtime step = 1
toT as

T
1
NNL= - ; 10g 4| P(s1), (10)

where the base of the logarithm is the alphabet size, and
the P,(s;) is the probability of predicting symbal, in the

time stept. For VLMM the value P, (s;) is equal to the
P(s|w) wherew is the longest suffix of; . . . s;_; found in

1. Activation Creation
By running through test sequenfe= s;s2s3... 8T
symbolss; are presented to the network and activities
on hidden units are recorded into sequence of activities
X = (X1, X9, X3... Xp).

2. Finding the Next Symbol Predictions Probabilities
Probabilities for NNL calculationsP;(s;) equal
P(z|C;) wherez is the next observed symbgl= s,
andC} is the center of clusterrepresenting the previ-
ous activity X, (C; is the nearest center from ail
centers).
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Figure 6. The next symbol prediction perfor-
mance for VLMM and NPM models.
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Figure 7. The next symbol prediction perfor-
mance for VLMM and FPM models.

the PST. For FPM and NPM the testing procedure resembles Prediction models with different number of clusters

the training process steps:

ranging from 1 to 30000 were created for FPM and NPM.



Single VLMM was created with statistical surprise param- 4.2 Extracting PFA from CGR State

eter set to very small value ef = 0.000001 and maxi- Space

mal context length (maximal PST depth) setlio= 30.

Final suffix tree contained more th&90000 nodes and The state space of CGR can be successfully used for the
resulting predictive performance on the test sequence wagrediction model creation as described in the previous sec-
about NNL = 0.366. Modifying PST by removing the tion using process consisting of the clusterization of unit
least important leaves in statistical surprise sensetezbul activations and the estimation of the next symbol probabil-
in VLMMs having from about200000 to 1 node, hence ity distribution for found clusters. Very similar procesac
predictive performances of these models can be shown ade used for creating a probabilistic finite automaton based
a smooth line in figures Fig. 6 and Fig. 7. Predictive perfor- on the CGR state space. The PFA creation process consists
mance of models based on the chaos game representatioof 4 steps, the first two steps were already described in the

is slightly worse but comparable with VLMM. Both NPM5
and NPM27 have similar performance (Fig. 6). In the case
of FPM models (Fig. 7) enhancing the model state space
seems to give slightly better results, but in general thie sta

previous section:
1. Activation Creation

2. Quantization

space enhanced to more dimensions did not prove to be use-

ful as itis in the case of the bible dataset.

4 Text Correction

Much of the effort in building recognition systems is de-
voted to correct the corrupted sequences. In many opti-
cal and handwriting character recognition systems, the las

stage employs natural-language analysis techniquesto cor

rect corrupted sequences.
We chose the problem of correcting the corrupted text

in order to compare performance of proposed techniques on

3. Creating the State Transition Probabilities
Clusters found in the quantization step correspond to
the PFA states. The state transition counigt’ is

created for each pair of staté§ andC;. By running

through sequence of activities with index0 < t <

n— 1 clustersC; andC'; corresponding to the activities

X, and X, are found and the state transition counter

Ngf is incremented. Finally the state transition prob-

abilities associated with clusters are estimated as:

Cj

Ci

P(C]Cy) = W
ke,

(11)

the real-world problem. These techniques are simple and ef-

ficient and yet provide even better results than soffistitate
methods using huge corpora and dictionaries [10].

4.1 Transforming PST into Probabilistic
Finite Automaton

Before the text correcting technique can be applied, it
is neccessary to transform prediction suffix tree into prob-
abilistic finite automaton (PFA). To be able to achieve this,
all the internal nodes of PST have to be of full degree and
for every leafs, the longest prefix of must be either leaf or
an internal node of resulting PST. When adding new nodes
to the tree in order to fulfill this requirement, these nodes
inherit their next symbol probability function from theg+

spective parents. The states of the PFA then correspond

to the leaves of resulting PST including their next symbol
probability functions [10].

One also has to compute the initial probability distribu-
tion over the states of PFA. Sum of initial probabilities of
all states must bé. The initial probability of each state
equals the sum of products of probability of transfering to
that state and the initial probability of state from which we
transfer from. Thus one obtaims+ 1 equations inn un-
knowns.

4. Creating the Observation Symbol Probabilities

The observation symbol counteé¥¢. is created for
each PFA statérepresented by centéir and for each
symbolz from alphabetd. By running through train-
ing sequence and sequence of activitie¥ with in-
dex0 < t < n clusterC; corresponding to the ac-
tivity X, is found and its observation symbol counter
NSP associated with the symbal, is incremented.
The probabilities of observing symbslwhen being

in stateC; are estimated as:

7+ N¢,
’Y|A| + ZaeA Ngl ’

where Laplace correction parameterwas set to
A7

P(z|C;) = (12)

The last step of creating observation symbol probabil-
ities is almost identical to the process of finding the next
symbol probabilities for the prediction model as described
in the previous section. Although probability distributfo
over all possible symbols are considered, in great majority
of cases only one symbol is strongly predominant respect-
ing the principles of architectural bias. For PFA having sig
nificantly more states than the number of symbols in alpha-
bet only this predominant symbol can be kept with the state



and the version of Viterbi algorithm described later can be for ends. Previous state is in tHabPr ev[ K, j ], where

used for the text correction. Similar approach of extragtin
stochastic machines from RNN was desribed in [9].

4.3 Viterbi Algorithm

The task of repairing corrupted text (sequence of sym-

K'is our most recently obtained state gndhe position of
symbol in the sequence we are correcting. This step is re-
peated for every symbol from the sequence, going from end.

Now that we have the most likely state sequence, we take
the last symbol from context of each state, thus obtaining
the repaired symbol sequence.

bols) means to find the most likely state sequence that gen- The overall complexity of this algorithm i©(NT'S),
erated the original text [10]. We assume that the text waswhereN is the number of symbols in alphab&t,number
created by the same stochastic process which created trainof states and' length of sequence to be corrected.

ing data and that the corrupting independent identically di
tributed noise probability is known.

Then we can solve this task using a well known dynamic

programming algorithm in signal processing called Viterbi
algorithm [11]. The algorithm is presented by the following
code in pseudo-language:

SEQUENCE - corrupted sequence of symbols
STATES - set of states of PFA
PS - vector of probabilities of being in’s state
PSN - newly constructed vectd?S
ErrorMatrix - probability of changing symboal to j
Transitions(T) - setoftransitions from stafé
Next St at e( N) - next state corresponding to transitilsin
Synbol (N) - symbol corresponding to transitid
Pr ob( N) - probability of transitionN
TabPr ev - previous state for state andj 's symbol in
sequence
PS :=initial probabilities of states

foreach Sj from SEQUENCE do
begi n

PSN : = Zeros;

foreach T from STATES do

© O N O O AN W N R

begi n
foreach N from Transitions(T) do
begi n
10 K := Next State(N);
11 P :=ErrorMatrix [Sj, Synmbol (N)];
12 if PSN[K] <P * PS[T] * Prob(N then
13 begi n
14 PSN [K] := P * PS[T] * Prob(N);
15 TabPrev [K/j] =T,
16 end;
17 end;
18 end;
19 PS : = PSN;
20 end;

21
22 Reconstruct Correct edSequence( TabPrev);

Figure 8. Viterbi algorithm for text correction

4.4 Text Correction Using Greedy Search

Models based on chaos game representation have more
complicated dynamics comparing to VLMM and some in-
formation might be lost during conversion to PFA. This is
due to the fact that NPM and FPM are not finite state predic-
tors and their dynamics is completely equal to the dynamics
of original underlying neural network. The most likely stat
sequence can therefore be found only by examining proba-
bilities of all possible27”" state trajectories.

To find solution in reasonable time we have decided to
reduce search space by Greedy search (GS), which trace
only limited number of most probable candidate trajecto-
ries. At every step all possible continuations of candidate
trajectories were examined and only the most likely contin-
uations were taken to the next step. Probability of state tra
jectory was calculated similarly to Viterbi algorithm, i
taking into account both initial probability of state trejery
and probability of transition with respect to the obsewvati
Finally, the most probable state trajectory was chosen as a
winner and original sequence was reconstructed.

4.5 Experimental Results

To test the text correction capabilities of VLMM the pre-
diction suffix tree was constructed using the learning al-
gorithm on training part of the bible with parameters-
0.0001 and L = 30, resulting in PST having 1790 nodes.
PST was then transformed into PFA witB911 states. Text
correction capabilities of models based on chaos game rep-
resentation were tested using NPM5 with 30000 prediction
contexts. Input and recurrent weights of underlying net-
work were initialized to small values drawn from symmet-
ric interval(—1, 1). Clusters from network state space were
extracted by K-means clustering algorithm. Text correttio
was performed by either greedy search of 100 most proba-
ble state trajectories or by Viterbi algorithm applied toAPF
extracted from NPM5 state space.

We tested the text correcting algorithm on text of length

In order to reconstruct the corrected sequence one has td000 taken from the beginning of the book Genesis. We

find maximum value in the vectd?S. Thus we obtain the

changed each symbol into some other one from alphabet

state in which the most likely state sequence we are lookingwith probability 0.1. As a measure we took the ratio of



corrected symbols to originally corrupted ones, as well as sults in significant increase in PFA states (in comparison to
the number of corrupted symbols still remaining in the cor- the PST nodes). In the case of CGR models the conver-
rected text, because the process can also corrupt some origsion was straightforward (CGR/PFA) or not needed at all

inally uncorrupted symbols. (CGRI/GS).

We performed 0 such experiments and took average of ~ The main drawback of models based on the CGR, that
both measures. The results show that the VLMM success-can significantly reduce their applicability, is the highhto
fully corrected77.7% of originally corrupted100.4 sym- putational requirements mostly due to the quantization ste
bols and tha6.8 symbols still remained in the corrected Various dynamic programming techniques significantly re-
text. The greedy search applied on CGR successfully cor-duce computational requirements when working with PST.
rected85.2% of originally corruptedd8.6 symbols, while Other quantization methods e.g. based on hierarchical clus
20.2 of misclassified symbols still remained in the corrected tering or other ways of exploitation of RNN-like state space
text. The best results were achieved by PFA extracted frommay improve model quality.

CGR state space with correction ratio f.5%. Gener-

ally, the majority of errors was removed, but some remained A ck nowl edgment

uncorrected and some were introduced. This is due to the
fact e.g. that the process found another word that was more

probable than the original uncorrupted one. This work was supported by the grants APVT-20-030204

and APVT-20-002504.

| | corrupted] corrected| ratio | remaining |
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