
Simplification Modeling System by Projecting 
Paradigmatic Simplification to Syntagmatic 
Simplification for Explaining Artistic Texts

Ryotaro Kamimura

Tokai University, Japan

ryotarokami@gmail.com

Type 
token 
ratio Syllable 

entropy

Kolmogo
rov bits



Outline

• Compact models
• Problems of massive neural networks for complicated 

data sets

• Saturation problems of scaling laws

• Necessity of compact models  in artistic texts

• Compact models by simplification forces

• Compact models by simplification
• Competitive self-simplification

• Collective and individual self-simplification

• Forward and backward self-simplification

• Application to information analysis of 
artistic texts
• Extracting main characteristics of artistic texts



Massive Neural Networks for 
Complicated information processing

• Neural networks as well as data sets are 
becoming larger and complicated

• More complicated networks with complicated 
learning procedures seem to be needed

• This has been supported by the scaling laws
• As the complexity becomes larger, the network 

performance is becoming better
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Saturation of Scaling Laws

• Slow down of performance improvements
• The performance of networks does not necessarily improve even if  

the complexity of networks as well as data sets increases

• Many explanations
• Structural, resource, mathematical and practical limits in neural 

learning have been pointed out for the problem

• Different solutions when seeing them from many different 
viewpoints in neural learning



Problems of Saturation of Scaling Laws

• Model problem and not data problem
• However, the problem is not due to the complicated relations 

between model and data sets
• The problem is inside the model itself

• Compact model for model itself
• When the model tries  exclusively to express data as faithfully 

as possible, it becomes impossible to create compact model, 
because it depends on the corresponding data



Compact Model for Itself

• Smaller networks
• Solving the problems of massive models
• We propose a compact model, which is simple enough compared 

with the conventional neural networks

• More information by multi-level information processing
• However, they can contain much more information
• By paying more attention on many levels inside a neural network, 

namely, attention for itself
• From a single viewpoint, they are actually small networks with 

limitations, but seeing from multiple viewpoints, they can contain 
much more information



Compact models of artistic texts

• Artistic text as a device
• The research on artistic texts have already tried to create compact 

models for information transmission and storage
• Artistic texts have been considered a device to transmit and to store 

as much information as possible

• Massive information transmission
• This means that the artistic texts aim to condense as much 

information as possible in a limited number of components 
• Thus, they can be considered one of the typical compact models to 

transmit and store massive information



Research on Compact Models 1
• Compact models in artistic texts

• There are several attempts to create compact models that aims to store and transmit much 
information in the field of poetics

• Because they should have much information to be transmitted to many audience within a 
limited components inside

• Kolmogorov’ information-theoretic approach
• Kolmogorov tried to distinguish two types of information h_1 and h_2

• h_1 is information in direct proportion to the length of words or characters
• h_2 is the number of alternatives expressing one concept.
• As the number of alternative forms increases, information content should increase

• Kolmogorov tried to demonstrate the utility of the second information h_2
• As h_2 becomes larger, information in poetic texts tend to increases
• This h_2 information can be considered implicit or latent information, hidden behind actual words and 

sentences

• Compact model for massive information generation
• The texts try to increase information without increasing the length of characters, words,  and 

sentences, leading to a compact model of information storage



Research on Compact Models 2

• Roman Jakobson’s poetics
• Roman Jakobson tried to stress the importance of form itself in poetics
• By focusing on the forms in addition to its meaning, the information can 

be increased, though sometimes seemingly

• Poetic function
• This function is called “poetic function”
• By introducing the poetic function,  a linguistic form can contain much 

information by focusing linguistic forms themselves

• Generation massive information
• By the poetic function, applied to the ordinary linguistic forms, much 

information can be generated, leading to the compact model
• Because a form can have different meaning in different contexts



Research on Compact Models 3

• Secondary modeling system
• Lotman, Russian formalist, tried to consider an artistic text as a secondary 

modeling system.
• This means that an artistic text can be formed by imposing constraints or 

regularities on natural and conventional language
• Much regularity and constraints, imposed on linguistic forms, can be used to 

store much information for a simple linguistic unit

• Compact model based on this secondary modeling system
• The present model is based on this secondary language model to create the 

compact model
• We try to see components in a neural network from different viewpoints to 

increase information content 



Compact Model by Simplification Forces
• Implicit simplification forces

• Supposing that neural networks have strong forces to 
simplify their components, network configurations and 
learning procedures

• Compact models can be easily realized in neural networks 

• Simplification Inherent to our cognition
• The neural network is one of the simplest extensions of our 

cognitive systems

• By using the simplest portion of our cognitive systems, the 
neural network has shown remarkable success in many 
practical applications

• Compact model by simplification forces
• By competitive simplification, competition among  

components can make them as simple as possible
• By using the simplification forces, we can make compact 

models with simplified components
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Competitive Self-Simplification

•Self-simplification 
• The simplification is based on the self-

simplification of many components and 
procedures

•Competition
• Those components compete each other, and a 

component to produce maximum simplicity 
wins the competition for generating compact 
models
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Collective and Individual Self-
Simplification

• Collective simplification by equality 
maximization
• Collective simplification can be realized by 

making neurons as equal as possible
• This can be called “collective simplification”

• Individual simplification by equality 
minimization
• Individual simplification can be realized by 

making individual weights as specific as 
possible to the corresponding neurons

• Individual simplification can be realized by 
equality minimization

• Simplification by Increasing 
Difference
• Simplification can be realized by increasing 

difference between collective and individual 
equality

Collective simplification
by collective equality 

maximization

Individual simplification
by individual equality 

minimization

Simplification maximization
by increasing difference between
collective equality and individual equality



Forward and Backward 
Simplification

• Forward simplification
• Simplification is progressed 

from input to output

• Backward simplification
• Simplification is progressed 

from output to input

• Simultaneous simplification
• Both types  of simplification are 

simultaneously applied



Application to Artistic Texts
• Interpretation

• The main objective is to show that the 
simplification procedures are  effective in 
organizing network configuration for 
compact models

• More practically, we try to show how the 
simplification procedures are used for 
improved generalization and detecting 
important features

• Network configuration
• 10 hidden layers, 10 neurons for each 

hidden layer,  and 7 input neurons for input 
layer

• The ReLU activation function was used with 
1500 learning steps (epochs)
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Data Description and 
Simplest Network

• Data description
• We extracted 100 texts from Le Spleen de Paris and 

Les Fleurs du Mal and classified them as prose or 
verse

• Simplest network or prototype
• A network, after finishing learning, is compressed 

into a compressed network

• The actual simplest network was created by taking  
correlation coefficients between the inputs and 
targets

• Simplification was measured by comparing 
compressed networks with the supposed simplest 
network 
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Simplification and Generalization Accuracy

• Maximum simplification by backward simplification 
• Maximum simplification in terms of maximum difference (0.406) was obtained by using the backward 

simplification from output to input

• Weakening simplification by forward and backward simplification
• For improving generalization, the weakening of simplification was needed for generalization
• Both forward and backward simplification were used for slightly weaker simplification (0.376) with 

improved generalization
• This weakening was related to adding some complexity for network configuration
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Simplification Comparison

• Conventional method
• Collective and individual 

equality remained to be 
unchanged

• Difference between them 
also remained to be the 
same 

• Simplification was not active

• Forward-Backward 
simplification
• Collective simplification was 

effective, by increasing the 
equality (left)

• Individual simplification was 
also effective by decreasing 
individual equality of 
connection weights (middle)

• Difference between two 
equalities increased (right)
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Compressed Weights
• Kolmogorov bits

• Lower bits mean higher regularity 
in character level

• Syllable entropy
• Lower entropy means higher 

regularity in syllable level

• Type-token ratio:
• Higher ratios means diversity in 

words level

• Diversity with regularity
• The verse can have diversity and 

at the same time regularity by 
using different levels

• Information production
• By combining diversity and 

regularity, much information can 
be introduced in the verse
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Comparison with Conventional Methods
• Correlation coefficients:

• Input No.1: type token ratio
• Input No.6: syllabic entropy

• Logistic regression
• Input No.3: conditional word 

entropy
• When the conditional word entropy 

becomes lower, the predictability of 
words becomes higher

• Difference
• All those inputs, considered 

important by the conventional 
methods, are included in the 
compressed weights 

• The conventional methods could not 
use the Kolmogorov complexity

• The present method could extract 
characteristics not detected by the 
conventional methods

Type token 
ratio

Syllable 
entropy

Conditional 
word entropy



Summary

• Compact models
• Problems of massive neural networks for complicated 

data sets

• Saturation problems of scaling laws

• Necessity of compact models  in artistic texts

• Compact models by simplification forces

• Compact models by simplification
• Competitive self-simplification

• Collective and individual self-simplification

• Forward and backward self-simplification

• Application to information analysis of 
artistic texts
• Extracting main characteristics of artistic texts



Future Work

• Information-theoretic interpretation
• More information-theoretic interpretation of 

simplification processes
• Relations to mutual information

• Additional simplification procedures
• In addition to two types of simplification, we should 

examine different types of simplification 

• Secondary modelling system
• We should compare our methods and results with 

those of the secondary modelling systems in  artistic 
texts
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