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In Memory-Based Language Processing Daelemans and Van den Bosch present an enlightening 

theory regarding the processing of human language by computers: “the direct re-use of examples 

using analogical reasoning is more suited for solving language processing problems than the 

application of rules extracted from those examples” (Front matter-Abstract). 

At the outset the authors indicate that this viewpoint corresponds with cognitive modeling when 

they state: “Memory-based learning is based on the assumption that, in learning a cognitive task 

from experience, people do not extract rules or other abstract representations from their experience, 

but they reuse their memory of that experience directly. Memory-based learning and problem 

solving incorporates two principles: learning is a simple storage of a representation of experiences 

in memory, and solving a new problem is achieved by reusing solutions from similar previously 

solved problems” (p. 5). 

Daelemans and Van den Bosch reveal that the key to understanding natural language processing 

and problem solving is the foundational principle that all linguistic problems are basically 

classification mappings of two kinds: disambiguation and segmentation. Consequently, even 

complex natural language processing tasks can be viewed as a cascade of simpler classification 

tasks of the two kinds and the computer programs employed for the tasks are hence referred to as 

classifiers. 

The authors have devised a classifier computer program called TiMBL to store and process the 

instances data. The data to be processed for these mappings is entered into the program and is 

represented by either nominal (symbol), numeric, binary, or complex recursive features. The 

authors explain that in order to train the classifier program to learn these mappings, examples 

of a task are stored in the system. For example, if instances of the plural in a particular language 

are stored in the system, the plural of a new instance in the language is then determined on the 

basis of extrapolation (deduction) from the most similar examples in the memory (the nearest 

neighbors). 



 

 

To introduce a series of machine-learning tasks, Daelemans and Van den Bosch start with the 

primary task of measuring the similarity (similarity metric) between a new instance and the 

nearest neighbors in memory. The standard algorithm used to measure the similarity between 

these symbolically represented features is the similarity metric, code-named the IB1. However, 

the equations for the similarity metric may be suitably modified to carry out other tasks. These 

include computing the parameters of the relevance of features, measuring similarity between 

values of the same feature, and calculating the number of nearest neighbors taken into account in 

the extrapolation of information about the new instances. TiMBL is able to handle multi-tasking 

operations in a domain, ranging from performing a single task such as predicting a grammatical 

category in a particular natural language, to performing multiple and complex metrics 

simultaneously. 

The authors compare the advantages and disadvantages of using memory-based and rule-based 

algorithms in the processing of natural language. The main constraint of the IB1 algorithm is 

the large space requirement to store all possible examples of a task. On the other hand, some 

algorithms can be made whereby irregular examples of a task are eliminated to develop rules or 

decision trees which do not require much memory space and achieve faster processing speeds 

than the 1B1. The commonly used rule-based decision trees are known as RIPPER and C 45. 

However, a memory-based decision tree algorithm has been computed, code-named IGTREE, 

closely related to the IB1. This economizes on memory space and has a high processing speed 

and is sometimes used instead of the IB1. There is, nonetheless, a notable performance loss 

with the IGTREE just as with rule-based decision trees. To minimize these setbacks, a hybrid 

algorithm between the IB1 and IGTREE, code-named the TRIBL, has been constructed to capture 

the best of both algorithms. 

The memory-based algorithms IB1and IGTREE have been used in various experiments to 

perform classification tasks in natural languages. These tasks have included: the analysis of 

English word phonemization, a Dutch morphological analysis to determine morpheme types and 

boundaries, and an English morpho-syntactic analysis, in which the shallow parsing task is 

broken up into smaller classification tasks and performed by a combination of memory-based 

classifiers. 

The levels of generalization accuracy of these metrics have also been investigated using relevant 

new equations. The findings show that the memory-based algorithm is slower but has higher 

generalization accuracy levels than the rule-based algorithms. On the other hand, the rule-based 

algorithms require much less space for data storage, and the program processes data much faster, 

but their generalization accuracy levels are lower in all metrics performed. 

Daelemans and Van den Bosch also present a detailed comparative discussion on the concepts of 

generalization and abstraction between the MBLP and the rule-based approaches. The top-down 

induction of decision tree and rule-based algorithms are notably minimally sized models and at 

the same time estimated to generalize well to unseen data, characteristics that are reflected in the 

simplicity of both of their classification procedures. Daelemans and Van den Bosch however 

point out, “The ease of classification in rule induction is counterweighted by a complex learning 

algorithm. This is entirely in contrast with MBL, which has a very simple learning algorithm 

(store examples in memory) but a costly classification algorithm” (p. 106). 



 

 

To bring their argument to a climax, Daelemans and Van den Bosch present documentation of 

comparative data on generalization accuracy performances of IB1, IGTREE, and RIPPER 

algorithms on six basic natural language processing tasks: 1. The formation of plural forms of 

German nouns; 2. Dutch diminutive formation; 3. Morphological analysis of Dutch words; 

4. Prepositional attachment in English; 5. Chunking – splitting sentences into non-overlapping 

syntactic phrases or constituents in English; and 6. NER – (named-entity recognition) to name 

and give the type of named entity in English (e.g. this noun, occurs here as the subject). The 

performances of the three algorithms clearly indicate that, on the whole, the memory-based 

IB1scores better on generalization accuracy than the rule-based RIPPER algorithm. Daelemans 

and Van den Bosch show the negative consequences for accuracy caused by editing irregular 

examples and the dangers of rule-induction on abstraction and generalization. They affirm: “In 

sum these results suggest that abstraction by rules is more harmful than memorizing all 

examples” (p. 114). 

In further defense of the memory-based approach, Daelemans and Van den Bosch discuss, with 

supporting documentation, the possibility of careful memory-based editing of examples. They 

also introduce the carefully abstracting memory-based learning algorithm, code-named FAMBL, 

to reduce the need for memory. It merges groups of very similar examples (families) into family 

expressions and has been implemented as a separate software package. 

Finally, Daelemans and Van den Bosch provide two complementary algorithms, that help 

optimize parameter settings, and methods that reduce instances of the program applying the 

algorithm in the wrong place in sequence processing. 

The information in this book is from a good cross-section of research work conducted in different 

languages and over at least three decades. At the end of every chapter the authors provide a list 

for further reading. To a great extent, Daelemans and Van den Bosch have convincingly presented 

the theory that memory-based language processing is more suited for natural language problem 

solving than the rule-based approach. The book will be greatly beneficial to computational 

linguists, language engineers, and psycholinguists. It would be commendable for organizations 

that handle huge volumes of translation and continually develop tools for that task to be 

associated with this invaluable work. 

 


