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UNIT–III GrammarsforNaturalLanguage 

Grammars for Natural Language, Movement Phenomenon in Language, Handling 

questions in Context Free Grammars, Hold Mechanisms in ATNs, Gap Threading, Human 

Preferences in Parsing, Shift Reduce Parsers, Deterministic Parsers. 

3.1 MovementPhenomenainLanguage 

Many sentence structures appear to be simple variants of other sentence structures. In 

some cases, simple words or phrases appear to be locally reordered; sentences are identical 

except that a phrase apparently is moved from its expected position in a basic sentence. This 

section explores techniques for exploiting these generalities to cover questions in English.  

 

 

 

Asastartingexample,considerthestructureofyes/noquestionsandhowtheyrelatetotheir assertional 

counterpart. In particular, consider the following examples: 



 

  

 

Jack is giving Sue a back rub. 

He will run in the marathon next year. 

Is Jack giving Sue a back rub? 

Will he run in the marathon next year? 
As you can readily see, yes/no questions appear identical in structure to their assertional 

counterparts except that the subject NPs and first auxiliaries have swapped positions. If there is 

no auxiliary in the assertional sentence, an auxiliary of root "do", in the appropriate tense, is 

used: 

John went to the store. Henry goes to school every day. 

Did John go to the store? Does Henry go to school every day? 
Taking a term from linguistics, this rearranging of the subject and the auxiliary is called subject- 

aux inversion. 

On the other hand, if you are interested in how it is done, you might ask one of the following 

questions: 

How will the fat man put the book in the corner? 

In what way will the fat man put the book in the corner? 

If you are interested in other aspects, you might ask one of these questions: 

What will the fat man angrily put in the corner? 

Where will the fat man angrily put the book? 

In what corner will the fat man angrily put the book? 

What will the fat man angrily put the book in? 
Each question has the same form as the original assertion, except that the part being questioned 

is removed and replaced by a wh-phrase at the beginning of the sentence. In addition, except 

when the part being queried is the subject NP, the subject and the auxiliary are apparently 

inverted, as in yes/no questions. This similarity with yes/no questions even holds for sentences 

without auxiliaries. In both cases, a "do" auxiliary is inserted: 

I found a bookcase. 

Did I find a bookcase? 

What did I find? 

The term movement arose in transformational grammar (TG). TG posited two distinct levels of 

structural representation: surface structure, which corresponds to the actual sentence structure, 

and deep structure. A CFG generates the deep structure, and a set of transformations map the 

deep structure to the surface structure. 

 

For example, the deep structure of "Will the cat scratch John?" would be: 
 
 
 
 
 
 
 

 
 
 

 



 

  

 

 
 

 

 

The yes/no question is then generated from this deep structure by a transformation expressed 

schematically as follows 

 
 

 

 

 

 

 

 

 

 

 

 



 

  

 

3.2 Handling Questions in Context-Free Grammars 

The main goal is to extend a context-free grammar minimally so that it can handle questions. 

We want to reuse as much of the original grammar as possible. For yes/no questions, this is 

easily done. We can extend following Grammar with one rule that allows an auxiliary before the 

first NP and handles most examples: 

 

 

S [+inv] -> (AUXAGR ?a SUBCAT ?v) (NP AGR ?a) (VP VFORM ?v) 
This enforces subject-verb agreement between the AUX and the subject NP, and ensures that the 

VP has the right VFORM to follow the AUX. This one rule is all that is needed to handle yes/no 

questions, and all of the original grammar tor assertions can be used directly for yes/no 

questions. 

An algorithm for automatically adding GAP features to a grammar is shown in Figure 5.5. Note 

that it does not modify any rule that explicitly sets the GAP feature already, allowing the 

grammar designer to introduce rules that do not follow the conventions encoded in the algorithm. 

In particular, the rule for subject-aux inversion cannot allow the gap to propagate to the subject 

NP. 
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Using this procedure, a new grammar can be created that handles gaps. All that is left to do is 

analyze where the fillers for the gaps come from. In wh questions, the fillers are typically NPs or 

PPs at the start of the sentence and are identified by a new feature WH that identifies a class of 

phrases that can introduce questions. The WH feature is signaled by words such as who, what, 

when, where, why, and how (as in how many and how carefully). These words fall into several 

different grammatical categories, as can be seen by considering what type of phrases they 

replace. In particular, who, whom, and what can appear as pronouns and can be used to specify 

simple NPs: 

Who ate the pizza? 

What did you put the book in? 

The words "what" and "which" may appear as determiners in noun phrases, as in 

What book did he steal? 

Words such as "where" and "when" appear as prepositional phrases: 

Where did you put the book? 

The word "how" acts as an adverbial modifier to adjective and adverbial phrases: 

How quickly did he run? 

Finally, the word "whose" acts as a possessive pronoun: 

Whose book did you find? 

A simple NP and PP grammar handling wh-words 
 

 

 

 

 

 

 

 



 

  

 

3.3 Hold Mechanisms in ATNs 
Another technique for handling movement was first developed with the ATN framework. 

A data structure called the hold list maintains the constituents that are to be moved. Unlike GAP 

features, more than one constituent may be on the hold list at a single time. Constituents are 

added to the hold list by a new action on arcs, the hold action, which takes a constituent and 

places it on the hold list. 

The hold action can store a constituent currently in a register (for example, the action 

HOLD SUBJ holds the constituent that is in the SUBJ register). To ensure that a held constituent 

is always used to fill a gap, an ATN system does not allow a pop arc to succeed from a network 

until any constituent held by an action on an arc in that network has been used. That is, the held 

constituent must have been used to fill a gap in the current constituent or in one of its 

subconstituents. 

 

Finally, you need a mechanism to detect and fill gaps. A new arc called VIR (for virtual) 

that takes a constituent name as an argument can be followed if a constituent of the named 

category is present on the hold list. If the arc is followed successfully, the constituent is removed 

from the hold list and returned as the value of the arc in the identical form that a PUSH arc 

returns a constituent. 

 

 



 

  

 

The network is organized so that all +INV sentences go through node S-INV, while all -INV 

sentences go through node VP. All wh-questions and relative clauses go through node WH-S and 

then are redirected back into the standard network based on whether or not the sentence is 

inverted. The initial NP is put on the hold list when arc Sf2 is followed. For noninverted 

questions, such as Who ate the pizza?, and for relative clauses in the NP of form the man who ate 

the pizza, the held NP is immediately used by the VIR arc WH-S/2. For other relative clauses, as 

in the NP the man who we saw, arc WH-S/1 is used to accept the subject in the relative clause, 

and the held NP is used later on arc VCOMP/2. For inverted questions, such as Who do I see?, 

arc WH-S/3 is followed to accept the auxiliary, and the held NP must be used later. 

 

This network only accepts verbs with SUBCAT values _none and _np but could easily be 

extended to handle other verb complements. When extended, there would be a much wider range 

of locations where the held NP might be used. Figure 5.15 shows a trace of the sentence "The 

man who we saw cried". In parsing the relative clause, the relative pronoun who is held in step 5 

and used by a VIR arc in step 8. 

 

Note that this ATN would not accept *Who did the man see the boy?, as the held constituent who 

is not used by any VIR arc; thus the pop arc from the S network cannot be taken. Similarly, *The 

man who the boy cried ate the pie is unacceptable, as the relative pronoun is not used by a VIR 

arc in the S network that analyzes the relative clause. 

 

 

3.4 Gap Threading 

A third method for handling gaps combines aspects of both the GAP feature approach and the 

hold list approach. This technique is usually called gap threading. It is often used in logic 

grammars, where two extra argument positions are added to each predicate—one argument for a 

list of fillers that might be used in the current constituent, and one for the resulting list of fillers 

that were not used after the constituent is parsed. Thus the predicate 

s (position-in, position-out, fillers-in, fillers-out) 
is true only if there is a legal S constituent between position-in and position-out of the input. If a 

gap was used to build the 5, its filler will be present in fillers-in, but not in fillers-out. For 

example, an S constituent with an NP gap would correspond to the predicate s(ln, Out, (NP], nil). 

In cases where there are no gaps in a constituent, the fillers-in and fillers-out will be identical. 

Consider an example dealing with relative clauses. The rules required are shown in Grammar 

5.16. The various feature restrictions that would be needed to enforce agreement and 

subcategorization are not shown so as to keep the example simple. 
 
 
 

 
 
 
 
 

 

 



 

  

 

A logical Grammar for GAP threading: 

 
To see these rules in use, consider the parse of the sentence The man who we saw cried in Figure 

5.17. The relative clause is analyzed starting with step 7. Using rule 9, the word who is 

recognized as a relative pronoun, and the variable Filler is bound to the list [NP]. This filler is 

then passed into the embedded S (step 9), to the NP (step 10), and then on to the VP (step 12), 

since it is not used in the NP. From there it is passed to the NP predicate in step 14, which uses 

the filler according to rule 10. Note that no other NP rule could have applied at this point, 

because the filler must be used since the FillersOut variable is nil. Only rules that consume the 

filler can apply. Once this gap is used, the entire NP from positions 1 to 6 has been found and the 

rest of the parse is straightforward. 

 

 



 

  

 

3.5 Human Preferences in Parsing 

Generally the people will know simple rules to parse sentences. The Psycholinguists have 

conducted many investigations into parsing using a variety of techniques. These studies have 

revealed some general principles concerning how people resolve ambiguity. 
 

The most basic result from these studies is that people do not give equal weight to all possible 

syntactic interpretations. This can be illustrated by sentences that are temporarily ambiguous, which 
cause a conscious feeling of having pursued the wrong analysis, as in the sentence "The raft floated 

down the river sank". When you read the word "sank" you realize that the interpretation you have 

constructed so far for the sentence is not correct. In the literature, such sentences are often called 

"garden-path" sentences, based on the expression about leading someone down a garden path. Here 
are a few of the general principles that appear to predict when garden paths will arise. 

Minimal Attachment 
The most general principle is called the minimal attachment principle, which states that there is a 

preference for the syntactic analysis that creates the least number of nodes in the parse tree. Thus, 

given Grammar 6.1, the sentence "The man kept the dog in the house" would be interpreted with the 
PP "in the house" modifying the verb rather than the NP "the dog". These two interpretations are 

 

 



 

  

 

shown in Figure 6.2. The interpretation with the PP attached to the VP is derived using rules 1.1, 1.2, 

and 1.6 and three applications of rule 1.4 for the NPs. The parse tree has a total of 14 nodes. The 
interpretation with the PP attached to the NP is derived using rules 1.1, 1.3, 1.5, and 1.6 and three 

applications of rule 1.4, producing a total of 15 nodes in the parse tree. Thus this principle predicts 

that the first interpretation is preferred, which probably agrees with your intuition. 

 
This principle appears to be so strong that it can cause certain sentences to be almost impossible to 

parse correctly. One example is the sentence 

We painted all the walls with cracks. 
which, against all common sense, is often read as meaning that cracks were painted onto the walls, or 

that cracks were somehow used as an instrument to paint the walls. Both these anomalous readings 
arise from the PP being attached to the VP (paint) rather than the NP (the walls). Another classic 

example is the sentence 

The horse raced past the barn fell. 
which has a reasonable interpretation corresponding to the meaning of the sentence "The horse that 

was raced past the barn fell". In the initial sentence, however, creating a reduced relative clause 

when the word "raced" is encountered introduces many more nodes than the simple analysis where 

"raced" is the main verb of the sentence. Of course, this second interpretation renders the sentence 

unanalyzable when the wordfell is encountered. 

Right Association 
The second principle is called right association or late closure. This principle states that, all other 

things being equal, new constituents tend to be interpreted as being part of the current constituent 

under construction (rather than part of some constituent higher in the parse tree). Thus, given the 

sentence 

George said that Henry left in his car. 

the preferred interpretation is that Henry left in the car rather than that George spoke in the car. Both 

interpretations are, of course, syntactically acceptable analyses. The two interpretations are shown in 

Figure 6.3. The former attaches the PP to the VP immediately preceding it, whereas the latter  
attaches the PP to the VP higher in the tree. Thus the right association principle prefers the former. 

Similarly, the preferred interpretation for the sentence "I thought it would rain yesterday" is that 

yesterday was when it was thought to rain, rather than the time of the thinking. 

Lexical Preferences 

In certain cases the two preceding principles seem to conflict with each other. In the sentence 

"The man kept the dog in the house", the principle of right association appears to favor the 

interpretation in which the PP modifies the dog, while the minimal attachment principle appears 

to favor the PP modifying the VP. You might suggest that minimal attachment takes priority over 

right association in such cases; however, the relationship appears to be more complex than that. 

Consider the sentences 

1. I wanted the dog in the house. 

2. I kept the dog in the house. 
3. I put the dog in the house. 
 

 

 

 

 

 



 

  

 

 
The PP "in the house" in sentence I seems most likely to be modifying "dog" (al though the other 

interpretation is possible, as in the sense "I wanted the dog to be in the house"). In sentence 2, the 

PP seems most likely to be modifying the VP (although modifying the NP is possible, as in "I 

kept the dog that was in the house"). Finally, in sentence 3, the PP is definitely attached to the 

VP, and no alternative reading is possible. 

These examples demonstrate that lexical items, in this case the verb used, can influence parsing 

preferences. In many cases, the lexical preferences will override the preferences based on the 

general principles. For example, if a verb subcategorizes for a prepositional phrase, then some 

PP must be attached to the VP. Other PP5 might also be identified as having a strong preference 

for attachment within the VP. If neither of these cases holds, the PP will be attached according to 

the general principles. 

Thus, for the preceding verbs, "want" has no preference for any PPs, whereas "keep" might 

prefer PPs with prepositions "in", "on", or "by" to be attached to the VP. Finally, the verb "put" 

requires (subcategorizes for) a PP beginning with "in", "on", "by", and so on, which must be 

attached to the VP. 

 
 

 

 

 

 
 



 

  

 

3.6 Shift Reduce Parsers 

The Shift Reduce parsers are used to improve the efficiency of parsers in NLP. The uncertainty  

is passed forward through the parse to the point where the input eliminates all but one of the 

possibilities. The efficiency of the technique described in this section arises from the fact that all 

the possibilities are considered in advance, and the information is stored in a table that controls 

the parser, resulting in parsing algorithms that can be much faster than described thus far. 

 

These techniques were developed for use with unambiguous context-free grammars - grammars 

for which there is at most one interpretation for any given sentence. While this constraint is 

reasonable for programming languages, it is clear that there is no unambiguous grammar for 

natural language. But these techniques can be extended in various ways to make them applicable 

to natural language parsing. 

Specifying the Parser State 
Consider using this approach on the small grammar in Grammar 6.4. The technique involves 
predetermining all possible parser states and determining the transitions from one state to another. A 

parser state is defined as the complete set of dotted rules (that is, the labels on the active arcs in a 

chart parser) applicable at that position in the parse. It is complete in the sense that if a state contains 

a rule of the form Y -> ... o X ..., where X is a nonterminal, then all rules for X are also contained in 
the state. For instance, the initial state of the parser would include the rule 

S -> o NP VP 

as well as all the rules for NP, which in Grammar 6.4 is only 
NP -> o ART N 

Thus the initial state, S0, could be summarized as follows: 

Initial State S0: S -> o NP VP 

NP -> o ART N 

In other words, the parser starts in a state where it is looking for an NP to start building an S and 

looking for an ART to build the NP. What states could follow this initial state? To calculate this, 

consider advancing the dot over a terminal or a nonterminal and deriving a new state. If you pick the 
symbol 

ART, the resulting state is 

State S1: NP -> ART o N 

If you pick the symbol NP, the rule is 

S -> NP o VP 
in the new state. Now if you expand out the VP to find all its possible starting symbols, you get the 

following: 

State S2: S -> NP o VP 

VP -> o AUX V NP 

VP -> o V NP 
Now, expanding SI, if you have the input N, you get a state consisting of a completed rule: 

State S1': NP -> ART N o 

Expanding 52, a V would result in the state 

State S3: VP -> V o NP 

NP -> o ART N 

An AUX from S2 would result in the state 

 

 



 

  

 

State S4: VP -> AUX o V NP 
and a VP from 52 would result in the state 

State S2': S -> NP VP o 
Continuing from state 53 with an ART, you find yourself in state Si again, as you would also if you 

expand from S0 with an ART. Continuing from S3 

with an NP, on the other hand, yields the new state 

State S3': VP -> V NP o 

Continuing from S4 with a V yields 

State S5: VP -> AUX V o NP 

NP -> o ART N 
 

and continuing from S5 with an ART would produce state S1 again. Finally, continuing from S5 with 

an NP would produce the state 

State S5': VP -> AUX V NP o 

Now that this process is completed, you can derive a transition graph that can be used to control the 

parsing of sentences, as is shown in Figure 6.5. 

 
 
 
 
 

 

 



 

  

 

A Shift-Reduce Parser 

These states can be used to control a parser that maintains two stacks: the parse stack, which 
contains parse states (that is, the nodes in Figure 6.5) and grammar symbols; and the input stack, 

which contains the input and some grammar symbols. At any time the parser operates using the 

information specified for the top state on the parse stack. The states are interpreted as follows. The 

states that consist of a single rule with the dot at the far right-hand side, such as S2', 

S -> NP VP o 
indicate that the parser should rewrite the top symbols on the parse stack according to this rule. This 

is called a reduce action. The newly derived symbol (S in this case) is pushed onto the top of the 

input stack. 

Any other state not containing any completed rules is interpreted by the transition diagram. If the top 
input symbol matches an arc, then it and the new state (at the end of the arc) are pushed onto the 

parse stack. This is called the shift action. Using this interpretation of states you can construct a 

table, called the oracle, that tells the parser what to do in every situation. The oracle for Grammar 6.4 
is shown in Figure 6.6. For each state and possible input, it specifies the action and the next state. 

Reduce actions can be applied regardless of the next input, and the accept action only is possible 

when the input stack is empty (that is, the next symbol is the empty symbol e). The parsing algorithm 

for using an oracle is specified in Figure 6.7. 

Consider parsing "The man ate the carrot". The initial state of the parser is 
 

Parse Stack Input Stack 

(S0) (The man ate the carrot) 

Looking up the entry in the table in Figure 6.6 for state SO for the input ART (the category of the 
word the), you see a shift action and a move to state S1: 

 
Parse Stack Input Stack 
(S1 ART S0) (man ate the carrot) 

Looking up the entry for state S1 for the input N, you see a shift action and a move to state S1: 
Parse Stack Input Stack 

(S1' N S1 ART S0) (ate the carrot) 

Looking up the entry for state Si’, you then reduce by rule 2.2, which removes the Si,, N, 51, and 

ART from the parse stack and adds NP to the input stack: 
Parse Stack Input Stack 
(S0) (NP ate the carrot) 

Again, consulting the table for state S0 with input NP, you now do a shift and move to state S2: 
Parse Stack Input Stack 

(S2 NP S0) (ate the carrot) 

Next, the three remaining words all cause shifts and a move to a new state, ending up with the parse 
state: 

Parse Stack Input Stack 

(S1' N S1 ART S3 V S2 NP S0) ( ) 

The reduce action by rule 2.2 specified in state S1' pops the N and ART from the stack (thereby 

popping S1 and S1' as well), producing the state: 
Parse Stack Input Stack 

(S3 V S2 NP S0) (NP) 

You are now back at state S3, with an NP in the input, and after a shift to state S3', you reduce by 

rule 2.4, producing: 
Parse Stack Input Stack 

 

 



 

  

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

  

 

 

 

3.7 Deterministic Parsers. 

A deterministic parser can be built that depends entirely on matching parse states to direct its 

operation. Instead of allowing only shift and reduce actions, however, a richer set of actions is 

allowed that operates on an input stack called the buffer. (The cat ate the fish). 
 

Rather than shifting constituents onto the parse stack to be later consumed by a reduce action, the 

parser builds constituents incrementally by attaching buffer elements into their parent 

constituent, an operation similar to feature assignment. Rather than shifting an NP onto the stack 

to be used later in a reduction S -> NP VP, an S constituent is created on the parse stack and the 

NP is attached to it. Specifically, this parser has the following operations: 

 

 



 

  

 

 Create a new node on the parse stack (to push the symbol onto the stack) 

 Attach an input constituent to the top node on the parse stack 

 Drop the top node in the parse stack into the buffer 

The drop action allows a completed constituent to be reexamined by the parser, which will then 

assign it a role in a higher constituent still on the parse stack. This technique makes the limited 

lookahead technique surprisingly powerful. 

 

To get a feeling for these operations, consider the situation in Figure 6.8, which might occur in 

parsing the sentence "The cat ate the fish". Assume that the first NP has been parsed and 

assigned to the SUBJ feature of the S constituent on the parse stack. The operations introduced 

earlier can be used to complete the analysis. Note that the actual mechanism for deciding what 

operations to do has not yet been discussed, but the effect of the operations is shown here to 

provide intuition about the data structure. The operation 

Attach to MAIN-V 
would remove the lexical entry for ate from the buffer and assign it to the MAIN-V feature in the 

S on the parse stack. Next the operation 

Create NP 
would push an empty NP constituent onto the parse stack, creating the situation in Figure 6.9. Next 

the two operations 
Attach to DET 

Attach to HEAD 
would successfully build the NP from the lexical entries for "the" and "fish". The input buffer would 

now be empty. 
 

 

 

The operation 
Drop 

pops the NP from the parse stack and pushes it back onto the buffer, creating the situation in Figure 
6.10. 
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UNIT-4 

Requirements for representation Semantics and Pragmatics 

Semantics and pragmatics are two fields that study meaning, but they do so from different 

perspectives. The requirements for representation in both disciplines are crucial for 

understanding how meaning is conveyed in language. Here's a breakdown of these 

requirements: 

 

1. Semantics 

Semantics is the study of the meaning of words, phrases, and sentences in isolation, often 

focusing on the inherent, abstract meaning. Representation in semantics typically requires: 

 

a. Truth-Conditions 

 Truth-conditional semantics focuses on how the meaning of a sentence can be 

understood in terms of the conditions under which it would be true or false. This 

approach uses formal logic to represent the meaning of sentences. 

 Propositional content: A sentence has a certain propositional content (what it 

asserts), and its meaning can often be understood by determining whether this content 

corresponds to a fact in the world. 

 

b. Compositionality 

 The principle of compositionality is essential, which asserts that the meaning of a 

complex expression (like a sentence) is determined by the meanings of its parts and 

how they are combined. 

 This includes rules for combining meanings of words (lexical meaning) and syntactic 

structures (sentence structure). 

 

c. Sense and Reference 

 Sense refers to the mental concept or meaning associated with a word, while 

reference refers to the actual object or entity in the world that the word refers to. For 

example, "the morning star" and "the evening star" have the same reference (Venus) 

but different senses. 

 

d. Ambiguity 

 A good semantic representation accounts for the ambiguity of words and sentences, 

distinguishing between multiple meanings that a word or phrase might have based on 

context. 

 

e. Types of Meaning 

 Lexical meaning: Representing the meaning of individual words (e.g., using a 
dictionary or formal semantic system). 
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 Compositional meaning: How larger expressions (phrases and sentences) derive 

their meaning from individual word meanings and grammatical structure. 

 

2. Pragmatics 

Pragmatics is concerned with meaning in context—how speakers use language in real 

situations, taking into account social and conversational factors. 

Representation in pragmatics requires: 

 

a. Context 

 Contextual information is central to pragmatics, including physical context (the 

environment), linguistic context (what was said before or after), and social context 

(speaker-listener roles, shared knowledge, etc.). 

 Deictic expressions (e.g., "here," "there," "I," "you") rely on context to determine 

their reference. 

 

b. Speaker Intentions 

 The meaning of an utterance often involves understanding the speaker's intentions, 

which may not always align with the literal meaning of the words. For example, 

saying "Can you pass the salt?" is usually a request rather than a question about the 

listener's ability. 

 Speech acts (e.g., promising, requesting, asserting) are an important concept in 

pragmatics, and a good representation system should account for different types of 

acts and their contexts. 

 

c. Implicature 

 Implicatures are meanings that are implied but not directly stated. For example, if 

someone says, "I’m hungry," they may be indirectly requesting food. 

 

d. Presupposition 

 Presuppositions are background assumptions that must hold for a sentence to make 

sense. For example, the sentence "John stopped smoking" presupposes that John used 

to smoke. 

 Representing presupposition involves tracking assumptions that are taken for granted 

by the speaker and listener. 

e. Politeness and Social Norms 

 Pragmatics also includes understanding politeness strategies and social norms in 

communication, which often guide how people modify their speech acts (e.g., using 

indirect language to soften requests or to show respect). 
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f. Discourse Structure 

 The way sentences and utterances are related in a larger discourse context also plays a 

key role in pragmatics. This includes how speakers manage topics, reference, and 

coherence in conversation. 

 

First-Order Logic IN NLP 

First-Order Logic (FOL) plays a significant role in Natural Language Processing (NLP), 

as it provides a formal framework for representing knowledge, reasoning, and meaning 

within language. FOL is a powerful tool for modeling linguistic structures and inferring new 

information from existing knowledge. Here's an overview of how First-Order Logic is used 

in various aspects of NLP: 

 

1. Representation of Knowledge in NLP 

FOL is widely used in NLP to represent structured knowledge and relationships between 

entities. It provides a formal system to encode facts and rules about the world. This 

knowledge can be used for tasks like question answering, information extraction, and 

natural language understanding. 

 

a. Entities and Predicates: 

In FOL, information is represented as predicates (which express relations) and constants 

(which represent objects). In the context of NLP: 

 
 A predicate might represent a relationship between objects, such as 

Loves(John,Mary)\text{Loves}(John, Mary)Loves(John,Mary), which means "John loves 

Mary." 

 Constants represent specific objects or individuals (e.g., "John" or "Mary"). 

 

For example, the sentence "John is a student" could be represented as: 

 
Student(John)\text{Student}(John)Student(John) 

 

b. Complex Representations: 

FOL can be used to represent complex sentences with multiple entities and relationships. For 

example, the sentence "John gave Mary a book" could be represented as: 

 
Gave(John,Mary,Book)\text{Gave}(John, Mary, \text{Book})Gave(John,Mary,Book) 

 

This formalizes the relationship between the giver (John), the receiver (Mary), and the object 

(Book). 
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2. Reasoning and Inference in NLP 

FOL is also crucial for logical reasoning in NLP. It can be used to infer new facts or deduce 

conclusions based on existing knowledge, which is essential for tasks like question 

answering, dialogue systems, and commonsense reasoning. 

 

a. Deductive Reasoning: 

FOL enables deductive reasoning, where new facts can be inferred from a set of premises. 

For example, given: 

 
1. Human(John)\text{Human}(John)Human(John) 

2. Mortal(x)→Human(x)\text{Mortal}(x) \rightarrow \text{Human}(x)Mortal(x)→Human(x) 
 

We can deduce: 

 
Mortal(John)\text{Mortal}(John)Mortal(John) 

 

This type of reasoning is crucial for systems that need to answer questions or make inferences 

based on a knowledge base. 

 

b. Backward and Forward Chaining: 

In reasoning tasks, forward chaining involves starting from known facts and applying rules 

to infer new facts. Backward chaining works by starting from a goal and working backward 

to see if the goal can be satisfied by the available facts and rules. 

For instance, in a question-answering system, given a query like "Is John mortal?", the 

system can reason backward using FOL to check whether the fact "John is a human" implies 

that "John is mortal." 

 

3. Question Answering and Information Retrieval 

FOL is widely used in question answering and information retrieval tasks because it 

allows systems to match the user's query against a structured knowledge base. 

a. Formalizing Queries: 

A question like "Who is John's teacher?" can be formalized as: 

 ∃x(Teacher(x,John))\exists x (\text{Teacher}(x, John))∃x(Teacher(x,John)) 

 

The system can then search a knowledge base to find entities xxx that satisfy this query, 

using existential quantifiers to express the idea of "someone." 

 

b. Answer Extraction: 

FOL can help extract relevant answers by matching queries to the appropriate relationships in 
a knowledge graph or database. For example, a system can look for entries that satisfy the 
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predicate Teacher(x,John)\text{Teacher}(x, John)Teacher(x,John), returning the teacher's 

name. 

 

4. Natural Language Understanding (NLU) 

In Natural Language Understanding, FOL can be used to interpret sentences in terms of 

formal structures that capture their semantic meaning. By translating sentences into FOL, 

systems can understand and manipulate the relationships between entities in a sentence. 

 

For example, the sentence "Alice and Bob are friends" can be represented as: 

 
Friend(Alice,Bob)\text{Friend}(Alice, Bob)Friend(Alice,Bob) 

 

This formalization allows the system to reason about relationships between different entities. 

 

5. Semantic Parsing 

Semantic parsing is the task of converting natural language into a formal representation that 

can be reasoned about. FOL is often used as the target formalism for parsing because of its 

expressiveness and formal structure. 

 

a. Parsing Sentences into FOL: 

A semantic parser takes a sentence and produces a formal representation in FOL. For 

example, the sentence "John gave Mary a book" might be parsed into: 

 
Gave(John,Mary,Book)\text{Gave}(John, Mary, \text{Book})Gave(John,Mary,Book) 

 

This parsing process requires sophisticated techniques such as dependency parsing, entity 

recognition, and understanding syntactic structures to map natural language to FOL. 

 

b. Disambiguation: 

FOL helps disambiguate meaning by providing clear formal definitions of relations. For 

example, the word "bank" could be ambiguous (river bank vs. financial institution), but by 

representing the context through logical relations, we can resolve this ambiguity. 

 

6. Commonsense Reasoning 

Commonsense reasoning involves drawing conclusions from knowledge that humans 

typically understand without explicit teaching. FOL is often used to formalize commonsense 

knowledge and enable systems to reason about everyday situations. 

 

Example of Commonsense Knowledge: 

 

The sentence "Humans need food to survive" could be represented as: 

Need(Human(x),Food)\text{Need}(Human(x), \text{Food})Need(Human(x),Food) 

This allows a system to infer that if a person is a human, they need food. 
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7. Knowledge Representation and Ontologies 

FOL is fundamental in ontologies and knowledge graphs, where entities are connected by 

relationships. These structures are widely used in NLP for tasks like entity recognition, 

relationship extraction, and semantic search. 

 

Example: 

Consider a knowledge graph where nodes represent entities and edges represent relationships. 

FOL can be used to formalize these relationships, such as: 

 
 IsAuthor(John,Book1)\text{IsAuthor}(John, \text{Book1})IsAuthor(John,Book1) 

 Published(Book1,2020)\text{Published}(\text{Book1}, \text{2020})Published(Book1,2020) 

 

This allows a system to reason about authorship, publication dates, and other related 

concepts. 

 

8. Limitations of FOL in NLP 

While First-Order Logic is powerful, it has some limitations in the context of natural 

language: 

 
 Ambiguity: FOL cannot inherently resolve ambiguous or context-dependent meanings in 

language. 

 Contextual Reasoning: FOL can struggle with reasoning about world knowledge that is not 

explicitly encoded (e.g., idiomatic expressions, humor, or cultural knowledge). 

 Scalability: Handling large−scale knowledge bases with FOL can be computationally 

expensive. 

 

Description Logics – Syntax-Driven Semantic analysis 

Description Logics (DLs) are a family of formal knowledge representation languages used to 

represent structured knowledge and support reasoning. They are particularly useful in 

semantic analysis for representing the meaning of sentences and concepts in a way that can 

be interpreted by machines. 

 

In the context of syntax-driven semantic analysis, Description Logics provide a formal 

framework for analyzing the meaning of sentences based on their syntactic structure. This 

allows for efficient reasoning about the relationships between concepts, entities, and their 

properties. 

 

Key Concepts of Description Logics 

1. Concepts (Classes): 

o These are the basic building blocks of description logics, representing sets of objects 

or entities. For example, the concept Human can represent the set of all humans. 

o Atomic concepts: These are the simplest concepts, which do not have any internal 

structure. E.g., Person, Car, Animal. 
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o Complex concepts: These are constructed using atomic concepts and logical 

operators. For example: 

 Intersection: Human∩Mortal\text{Human} \cap 

\text{Mortal}Human∩Mortal represents the set of humans who are mortal. 

 Union: Human∪Robot\text{Human} \cup \text{Robot}Human∪Robot 

represents humans or robots. 

 Complement: ¬Human\neg \text{Human}¬Human represents everything 

that is not human. 

2. Roles (Relations): 
o These represent relationships between entities. For example, a teacher might have a 

role of teaching a student. 

o A role connects two concepts, such as the role hasChild might connect the concept 

Person with the concept Person. 

3. Individuals (Objects): 

o These are specific objects or instances of concepts. For example, John and Mary 

could be individuals of the Person concept. 

4. Axioms and TBoxes: 

o TBoxes (Terminological Boxes) define the relationships between concepts. They 

consist of concept inclusion axioms (e.g., Human⊆Mortal\text{Human} \subseteq 

\text{Mortal}Human⊆Mortal), defining a hierarchy of concepts. 

o RBoxes define relationships between roles, such as transitivity (e.g., 

hasChild(x,y)৏hasChild(y,z)→hasChild(x,z)\text{hasChild}(x, y) \land 

\text{hasChild}(y, z) \rightarrow \text{hasChild}(x, 

z)hasChild(x,y)৏hasChild(y,z)→hasChild(x,z)). 

5. ABox: 

o ABoxes (Assertional Boxes) provide instances of the concepts and roles, 

representing facts about individual entities. For example, 

hasChild(John,Mary)\text{hasChild}(John, Mary)hasChild(John,Mary) asserts that 

John has Mary as a child. 

 

Syntax-Driven Semantic Analysis with Description Logics 

Syntax-driven semantic analysis involves analyzing the syntactic structure of a sentence 

and using that structure to derive a corresponding semantic representation. In this case, 

Description Logics can be used to map syntactic elements of a sentence into formal 

representations that describe the meaning of the sentence. 

 

1. Mapping Syntactic Structures to DL Representations: 

The first step in syntax-driven semantic analysis is identifying the syntactic structure of a 

sentence, typically using a syntactic parser. For example, consider the sentence: "John is a 

human." 

 Syntactic Structure: 

o Subject: John (individual) 

o Predicate: is (copula, linking subject and predicate) 

o Object: human (concept) 

 Description Logic Representation: 

o Concept: Human(John)\text{Human}(John)Human(John) 

o This represents that John is an instance of the concept Human. 
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More complex sentences can also be analyzed similarly. For example, "John is a teacher of 

Mary" would involve a role (or relation) in addition to the concept. The sentence would be 

represented as: 

 

 Role: Teaches(John,Mary)\text{Teaches}(John, Mary)Teaches(John,Mary) 

 This indicates that John has the role of teaching Mary. 

 

2. Constructing Semantics from Syntax: 

The process of translating syntax into semantic structures is largely governed by the 

grammar rules and logical operators that are used in Description Logics. For example, a 

sentence with a subject, verb, and object (such as "John teaches Mary") would result in a 

concept-role assertion: 

 
Teaches(John,Mary)\text{Teaches}(John, Mary)Teaches(John,Mary) 

 

This formalizes the idea that John teaches Mary using a role (or relation) and individuals 

(John and Mary). 

 

More complex sentences, such as those involving adjectives, conjunctions, or negations, 

would require more sophisticated translation rules that combine concepts, roles, and logical 

connectives. For example: 

 
 "John is a teacher and Mary is a student" would result in: 

Teacher(John)৏Student(Mary)\text{Teacher}(John) \land 

\text{Student}(Mary)Teacher(John)৏Student(Mary) 

 "John is not a teacher" would be represented as: ¬Teacher(John)\neg 

\text{Teacher}(John)¬Teacher(John) 

 

3. Reasoning with Description Logics: 

After a sentence is converted into Description Logic representations, reasoning can be 

performed over the knowledge base. For example: 

 
 Classification: You can infer that an individual belongs to a certain class based on its 

attributes. For instance, if you know that John is a Human and Humans are mortal, you can 

infer that John is mortal. 

 Consistency Checking: Ensure that no contradictory information exists. For example, if you 

have both Human(John)\text{Human}(John)Human(John) and ¬Human(John)\neg 

\text{Human}(John)¬Human(John), the knowledge base would be inconsistent. 

 Subsumption: Check whether one concept is more general than another (e.g., whether 

Human\text{Human}Human subsumes Mammal\text{Mammal}Mammal). 

 

4. Example of Syntax-Driven Semantic Analysis in DL: 

 
Let's take the sentence "Alice is a doctor of medicine": 

 
 Syntactic Structure: 

o Subject: Alice (individual) 

o Predicate: is (copula) 
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o Object: doctor (concept) of medicine (role or relation) 

 DL Representation: 

o DoctorOfMedicine(Alice)\text{DoctorOfMedicine}(Alice)DoctorOfMedicine(Alice) 

o This represents the relationship between Alice and the concept DoctorOfMedicine, 

capturing both the individual and the concept. 

 

Advantages of Description Logics for Syntax-Driven Semantic Analysis: 

 Formal Representation: DLs provide a formal and structured way to represent meanings, 

which helps in managing ambiguity and ensuring consistency. 

 Reasoning: Once the sentence is represented in a logical form, DLs allow for reasoning about 

the relationships between concepts, entities, and facts. 

 Scalability: DLs are used in large−scale knowledge representation systems, such as 

ontologies (e.g., OWL − Web Ontology Language), and can handle complex relationships. 

 Inference: DL−based reasoning allows for inferring new facts from existing knowledge, which 

is useful in applications like question answering and semantic search. 

 

Applications in NLP: 

1. Semantic Parsing: Translating sentences into a formal logic representation (e.g., Description 

Logics) to enable understanding and reasoning. 

2. Ontology-based Reasoning: Leveraging DL to reason over domain−specific ontologies, such 

as medical or legal knowledge. 

3. Information Retrieval: Using DL to structure documents or queries in a way that allows for 

more precise retrieval based on semantic understanding. 

4. Question Answering: Using DLs to map questions to formal representations and reason 

about the best answers based on a knowledge base. 

 

Semantic attachments – Word Senses 

Semantic attachment refers to the process of linking words or phrases to their meanings or 

senses in a specific context. In natural language processing (NLP), this concept is crucial for 

word sense disambiguation (WSD), which aims to determine which meaning (sense) of a 

word is intended in a given context. Word senses are different meanings that a word can 

have, depending on how it is used in a sentence or discourse. 

 

1. Word Senses: Definition 

A word sense refers to one of the distinct meanings that a word can have. Many words are 

polysemous, meaning they have multiple senses or meanings depending on the context in 

which they appear. For example, the word "bank" can refer to a financial institution or the 

side of a river. 

 

Examples of polysemous words: 

 
 Bank: 

o Financial institution: "I need to go to the bank to withdraw money." 

o Riverbank: "The boat is on the river bank." 

 Bat: 

o Animal: "A bat flew across the sky." 
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o Sports equipment: "He hit the ball with a bat." 

 

2. Semantic Attachments in Word Sense Disambiguation (WSD) 

The task of Word Sense Disambiguation (WSD) is to assign the correct word sense to a 

given word in a sentence based on its context. For example, the word "bank" has to be 

identified as either the financial institution or the riverbank based on surrounding words. 

Semantic attachment refers to how these senses are mapped to the word in its specific usage. 

 

In NLP, semantic attachment is often handled by: 

 
 Contextual clues: Words around the target word help determine its correct sense. 

 Knowledge bases and dictionaries: External resources, such as WordNet, provide 

predefined senses of words and help in attaching the correct sense to a word based on 

context. 

 Machine learning models: These models, including deep learning, can learn to distinguish 

between different word senses by analyzing large corpora and identifying patterns. 

 

3. WordNet and Semantic Attachments 

One of the most widely used lexical databases for word senses is WordNet. WordNet 

provides a rich structure of word senses and their relationships. Each word is connected to its 

various senses (synsets), and these senses are linked to other senses by relationships such as 

synonymy, antonymy, hyponymy, and meronymy. 

 

Example: 

Consider the word "bank". In WordNet, "bank" would have multiple senses, each 

corresponding to a different meaning, and could be linked as follows: 

 

 Sense 1: A financial institution (synonym: depository financial institution) 

 Sense 2: The side of a river (synonym: riverbank, shore) 

 

These senses are linked by specific semantic relations (e.g., hyponymy for riverbank as a 

type of bank). 

Semantic attachment involves selecting the correct sense from these options based on the 

surrounding context. 

 

4. Techniques for Word Sense Disambiguation (WSD) 

Several techniques can be used to disambiguate word senses and attach the appropriate 

meaning in context: 

 

a. Supervised Learning Approaches 

Supervised learning models require a labeled dataset where each instance (word in a context) 

has a known sense. The model learns to predict the correct sense based on features such as:  

 
 Contextual words: Nearby words help identify the sense. 
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 POS tagging: The part of speech of the word can provide clues about its sense. 

 Word embeddings: Pretrained word vectors (e.g., Word2Vec, GloVe) capture semantic 

relationships between words. 

 

b. Unsupervised Learning Approaches 

In an unsupervised setting, models attempt to disambiguate senses without labeled data by 

clustering similar contexts or using dictionary-based methods: 

 Dictionary-based methods: Use external lexical resources (e.g., WordNet) to find the most 

likely sense based on context. 

 Clustering methods: Cluster occurrences of a word into groups corresponding to its different 

senses. 

 

c. Knowledge-based Approaches 

Knowledge-based methods make use of external resources like WordNet, Wikipedia, or 

domain-specific ontologies. These approaches typically involve: 

 
 Graph-based methods: Construct a graph of word senses and use graph traversal techniques 

to find the most appropriate sense. 

 Lesk Algorithm: This algorithm uses dictionary definitions to find overlaps in the definitions 

of senses and the surrounding context, selecting the sense with the most overlap. 

 

d. Deep Learning Approaches 

Recent advancements in NLP have led to the use of deep learning models for word sense 

disambiguation. These models, particularly transformers like BERT (Bidirectional Encoder 

Representations from Transformers), can process context effectively and choose the correct 

sense based on rich contextual understanding: 

 
 BERT-based models: Fine−tuning transformer models like BERT for WSD has become a 

popular approach. BERT’s contextualized embeddings can be used to predict the sense of 

polysemous words based on their usage in a given sentence. 

 

5. Challenges in Semantic Attachment and WSD 

There are several challenges in semantic attachment, especially for WSD tasks: 

 
 Ambiguity: Words with many senses (e.g., "bank," "set," "bark") can be difficult to 

disambiguate, especially in cases where the context is insufficient. 

 Polysemy and contextual variations: A single word may change meaning depending on the 

syntactic or discourse context, making it difficult to decide which sense is intended. 

 Lack of sufficient labeled data: In supervised learning, labeled data is often limited, 

especially for rare word senses or domain−specific contexts. 
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6. Applications of Word Sense Disambiguation and Semantic Attachments 

 Machine Translation: Accurate word sense disambiguation improves the quality of machine 

translation by ensuring that words are translated according to their intended meaning in 

context. 

 Information Retrieval: WSD helps improve the retrieval of relevant documents by 

understanding the context in which search terms are used. 

 Question Answering: For systems that answer questions, correctly disambiguating the 

senses of words in the question helps provide more accurate answers. 

 Text Summarization: WSD is important for ensuring that the meaning of the summarized 

text is faithful to the original document. 

 

7. Example of Semantic Attachment Using Word Senses 

Let’s take an example sentence and see how semantic attachment works in a context: 

 

Sentence: "She went to the bank to cash a check." 

 
 Context: The surrounding words ("cash a check") suggest that the word "bank" refers to a 

financial institution, not a riverbank. 

 Word Sense Disambiguation: Based on this context, the system would attach the sense of 

"bank" as a financial institution from WordNet. 

 Semantic Representation: 

o Sense 1: Bank = Financial institution. 

o Semantic attachment: The word "bank" in this context is understood as a financial 

institution that handles financial transactions. 

 

In contrast, in a sentence like: "The boat was tied to the bank." 

 
 The surrounding context ("boat" and "tied") indicates that the word "bank" refers to the 

side of the river rather than a financial institution. 

 

Relations between Senses 

The relations between word senses are important in understanding how different meanings 

of a word relate to each other and how they can be distinguished or connected in a lexical 

resource. These relations help both humans and machines make sense of polysemous words 

(words with multiple meanings) and improve tasks like Word Sense Disambiguation 

(WSD), semantic analysis, and information retrieval. 

 

1. Semantic Relations between Word Senses 

When a word has multiple senses, these senses are not completely isolated; they often share 

certain semantic features or are linked through various relationships. Some of the most 

common relations between word senses are: 
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a. Synonymy 

 
 Definition: Synonymy refers to the relationship between different senses of a word that 

have similar or identical meanings. 

 Example: The two senses of the word "bank": 

o Financial institution (e.g., "I deposited money at the bank.") 

o Financial institution specializing in loans (e.g., "She works for a loan bank.") 

 

These senses share a common core meaning of a financial institution, even though their 

specific focus may differ. 

 

b. Antonymy 

 
 Definition: Antonymy refers to a relationship where the senses of two words are opposites 

of each other. This can apply to different senses of a single word when one sense implies the 

opposite of another. 

 Example: 

o For the word "hot": 

 One sense can refer to a high temperature (e.g., "The coffee is hot"). 

 Another sense can refer to a spiciness or pungency (e.g., "The curry is hot"). 

 

The first sense of "hot" is opposite to "cold," and the second sense of "hot" is opposite to 

"mild." 

 

c. Hyponymy / Hypernymy 

 Definition: Hyponymy and hypernymy refer to hierarchical relationships between 

senses. A hyponym is a more specific sense of a word, while a hypernym is a more 

general or broader sense. 

 Example: 

o Bank as a financial institution is a hyponym of the more general sense of business 

(hypernym). 

o Bank (side of a river) can be a hyponym of geographical feature (hypernym). 

 

Here, "business" is a broader category that includes many specific types of businesses, 

like banks, while riverbank is a specific kind of geographical feature. 

d. Meronymy 

 
 Definition: Meronymy describes a part−whole relationship, where one sense refers to a part 

of a larger entity. 

 Example: For the word "wheel": 

o Wheel as a part of a car or a vehicle is a meronym of the vehicle. 

o In this case, "wheel" refers to a part (a component) of a larger whole, the vehicle. 

 

e. Co-hyponymy 

 
 Definition: Co−hyponymy refers to the relationship between two senses that belong to the 

same hypernym but are distinct from each other. Both senses are at the same level in a 

hierarchy. 

 Example: Consider the senses of "dog" and "cat": 
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o Both are co-hyponyms of "animal". 

o These senses share a common hypernym ("animal") but refer to distinct specific 

entities. 

 

f. Polysemy (Multiple meanings within the same word) 

 
 Definition: Polysemy refers to the phenomenon where a single word has multiple meanings 

that are related by some common feature. Polysemy is different from homonymy, where 

multiple meanings are unrelated. 

 Example: 

o The word "head" can refer to: 

 The top or front part of the body (e.g., "He touched his head"). 

 The leader of a group (e.g., "She is the head of the department"). 

 

The different senses of "head" share a conceptual connection (position or leadership), even 

though they refer to distinct concepts. 

 

2. Linguistic Structures That Capture Relations Between Senses 

In formal lexicons, such as WordNet, relations between word senses are often explicitly 

defined using structural representations like synsets (sets of synonymous senses), semantic 

networks, or ontologies. These resources organize word senses into a graph or hierarchy, 

where relationships like synonymy, antonymy, hyponymy, and others can be easily 

navigated. 

 

a. WordNet 

 
 Synsets: Each word sense in WordNet belongs to a synset (a set of synonyms). For example, 

"bank" as a financial institution and "bank" as a riverbank are different synsets. 

 Relations: WordNet defines several relations between synsets: 

o Hyponym/Hypernym: A specific sense of "bank" as a financial institution is a 

hyponym of the more general concept of "institution." 

o Meronymy: A "wheel" can be a meronym of a "car." 

o Antonymy: Some senses have antonyms, e.g., "hot" vs. "cold." 

 

These relations help in mapping the different senses of a word in a more structured and 

interpretable way. 

 

b. Semantic Networks and Ontologies 

 
 Semantic Networks: These are representations of concepts connected by semantic relations 

(e.g., synsets, hyponymy, etc.). Each concept is a node, and relations (e.g., is−a, part−of) are 

edges between them. 

 Ontologies: These are more formalized structures used to represent knowledge in a specific 

domain, such as medical ontologies or biological ontologies, that define relationships 

between terms (including word senses) in a precise manner. 
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3. Contextual Relations 

 Contextual Disambiguation: Often, the relation between word senses can be inferred 

through contextual clues. For instance, a sentence may provide hints about which sense of a 

word is being used, thereby enabling disambiguation. 

o For example, if the word "bark" is used in a sentence like "The bark of the tree was 

rough," we infer that the sense of "bark" as tree covering is meant. 

 

In contrast, in a sentence like "The dog started to bark loudly," the sense of "bark" as the 

sound a dog makes is inferred. 

 

4. Applications of Relations Between Senses 

Understanding and modeling the relations between word senses is crucial for several NLP 

applications: 

 

a. Word Sense Disambiguation (WSD) 

 
 By identifying relations between different senses of a word, algorithms can better determine 

the intended sense in context. For example, knowledge of hyponymy or synonymy 

relationships can help narrow down the correct sense. 

 

b. Information Retrieval 

 
 Knowing the relationships between senses allows for more accurate search results. For 

example, recognizing that "bank" (financial institution) and "bank" (riverbank) are different 

senses ensures that search engines can retrieve contextually relevant documents. 

 

c. Machine Translation 

 
 In machine translation, understanding word sense relations is key to ensuring that words are 

translated correctly based on their sense in the source language. Misinterpreting the sense 

of a polysemous word can lead to incorrect translations. 

 

d. Textual Inference and Question Answering 

 
 Systems that perform textual entailment or question answering rely on identifying the 

correct sense of words to generate accurate answers. Knowing the relations between senses 

helps the system determine the right meaning in context. 

 

Thematic Roles 

Thematic roles (also known as theta roles or semantic roles) refer to the specific functions 

that arguments (such as subjects, objects, or adjuncts) of a verb play in a sentence. These 

roles describe the relationship between the verb and its arguments in terms of their semantic 

meaning—what type of entity or concept each argument represents in the event or situation 

described by the verb. 

 

Thematic roles help explain the underlying structure of sentences and the interactions 

between participants in an action or event. In Natural Language Processing (NLP), 
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identifying thematic roles is crucial for understanding sentence meaning, syntactic parsing, 

and tasks like machine translation, question answering, and text generation. 

 

1. Common Thematic Roles 

Here are some common thematic roles and their typical interpretations: 

 

a. Agent 

 
 Definition: The Agent is typically the entity that performs or initiates the action or event 

described by the verb. The Agent is usually the subject of the sentence. 

 Example: 

o "The cat chased the mouse." 

 Here, the cat is the Agent because it performs the action of chasing. 

 

b. Patient 

 
 Definition: The Patient is the entity that undergoes the action or is affected by it. The 

Patient is usually the object of the sentence. 

 Example: 

o "The cat chased the mouse." 

 The mouse is the Patient because it is affected by the action of chasing. 

 

c. Experiencer 

 
 Definition: The Experiencer is an entity that experiences an event, emotion, or perception. 

The Experiencer is often associated with mental or psychological states. 

 Example: 

o "She felt a sudden joy." 

 She is the Experiencer because she is the one who experiences the emotion 

of joy. 

 

d. Theme 

 
 Definition: The Theme is the entity that is involved in or affected by the event or action but 

doesn't necessarily change as a result of it. In some analyses, the Theme is treated similarly 

to the Patient, though the Theme often denotes something less affected or changed by the 

action. 

 Example: 

o "The man placed the book on the table." 

 The book is the Theme because it is the entity that is moved, but not 

necessarily affected or changed. 

 

e. Goal 

 
 Definition: The Goal refers to the destination or end point of an action, where the action or 

movement is directed. It can be a physical or abstract location. 

 Example: 

o "She sent the letter to John." 

 John is the Goal because he is the recipient of the letter. 
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f. Source 

 
 Definition: The Source refers to the starting point of an action or movement, often 

indicating the origin of something. 

 Example: 

o "She took the book from the shelf." 

 The shelf is the Source because it is the origin of the book in this action. 

 

g. Instrument 

 
 Definition: The Instrument is the entity used to carry out an action or event, typically 

referring to the object used by the Agent. 

 Example: 

o "He wrote the letter with a pen." 

 The pen is the Instrument because it is used by the Agent (he) to perform 

the action of writing. 

 

h. Beneficiary (or Benefactor) 

 
 Definition: The Beneficiary is the entity that benefits from an action, often receiving 

something good or advantageous. This is typically an indirect object. 

 Example: 

o "She baked a cake for her mother." 

 Her mother is the Beneficiary because she benefits from the action of the 

baking. 

 

i. Experiencer of a state 

 
 Definition: The Experiencer of a state is a type of Experiencer role, but it refers to an entity 

experiencing a more static or continuous state rather than an event. 

 Example: 

o "He is in a state of shock." 

 He is the Experiencer of the state because he is experiencing the shock, 

which is a state. 

 

j. Locative 

 
 Definition: The Locative refers to the location of the action or event, indicating where 

something takes place. 

 Example: 

o "The dog is sleeping under the tree." 

 The tree is the Locative because it is the location where the dog is sleeping. 

 

k. Time 

 
 Definition: The Time role refers to when an action or event occurs. 

 Example: 

o "He arrived yesterday." 

 Yesterday is the Time because it indicates when the action of arriving took 

place. 
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2. Thematic Role Assignment in Syntax and Semantics 

Thematic roles are closely linked to syntax (the structure of sentences) and semantics (the 

meaning of sentences). The assignment of thematic roles depends on both the verb and its 

syntactic structure. Here’s how thematic roles are assigned: 
 

a. Argument Structure 

 
 Every verb has an argument structure that defines the number and types of arguments it 

can take. These arguments are assigned thematic roles. For example, the verb "give" 

typically takes three arguments: 

o Agent (the giver), 

o Theme (the object given), 

o Goal (the recipient). 

 

Example: 

 

o "She gave the book to John." 

 She is the Agent, 

 The book is the Theme, 

 John is the Goal. 

 

b. Subcategorization Frames 

 
 The verb's subcategorization frame specifies how many arguments (and of what types) it 

requires. For example: 

o A verb like "sleep" requires one argument (the Experiencer), while "give" requires 

three arguments. 

 

c. Grammatical Relations and Thematic Roles 

 
 In many languages, the syntactic position (subject, object, etc.) of a noun phrase correlates 

with its thematic role. For instance: 

o In English, the subject of a verb often takes the Agent role (e.g., "She runs"), while 

the direct object typically takes the Patient role (e.g., "She eats the cake"). 

 

3. Thematic Roles in Syntax and Semantics: Case Studies 

a. Active vs. Passive Voice 

 
 Thematic roles can be preserved even when the syntactic structure of a sentence changes. 

For example: 

o Active: "The cat (Agent) chased the mouse (Patient)." 

o Passive: "The mouse (Patient) was chased by the cat (Agent)." 

 

Even though the word order changes, the thematic roles (Agent and Patient) remain the 

same. 
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b. Psych Verbs 

 
 Some verbs, known as psychological verbs (e.g., "fear," "like," "hate"), assign the 

Experiencer role to the subject, rather than the object, which can be unusual in many 

languages: 

o "She fears snakes." (Here, she is the Experiencer of the emotion, and snakes is the 

Theme.) 

 

This creates interesting complexities in thematic role assignment, especially in languages 

with more flexible word orders. 

 

4. Applications of Thematic Roles 

Understanding and identifying thematic roles is essential for various NLP tasks: 

 

a. Syntactic Parsing 

 
 Thematic roles help in syntactic parsing by providing information about the relationships 

between words and their arguments. Knowing the roles of noun phrases helps in correctly 

parsing sentence structures and understanding how constituents fit together. 

 

b. Machine Translation 

 
 In machine translation, correctly assigning thematic roles allows for the accurate mapping of 

sentence meaning from one language to another. Since different languages might have 

different syntactic structures, maintaining the correct thematic roles ensures that the 

meaning is preserved. 

 

c. Question Answering 

 
 In question answering, identifying the thematic roles of sentence constituents is crucial for 

understanding the query and providing the correct response. For example, "Who wrote the 

book?" requires identifying the Agent (the one who performs the action) of the verb 

"wrote." 

 

d. Information Retrieval 

 
 In information retrieval, understanding thematic roles helps in retrieving relevant 

documents that match the specific roles described in a query. For example, a query like 

"Who built the Eiffel Tower?" requires recognizing that the answer is an Agent performing 

the action of "building." 

 

 

selectional restrictions – Word Sense Disambiguation 

Selectional restrictions and Word Sense Disambiguation (WSD) are closely related 

concepts in semantic analysis. Understanding how selectional restrictions work is essential 

for the task of word sense disambiguation, which aims to determine the correct meaning of a 

word in context. 
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1. Selectional Restrictions 

Selectional restrictions are constraints that a word or verb imposes on its arguments (such as 

noun phrases or noun clauses) based on their semantic features. These restrictions define the 

types of entities or concepts that can appear in specific syntactic positions (such as subject, 

object, etc.) when used with a particular verb. In simpler terms, selectional restrictions are 

semantic preferences that a word (typically a verb) has for its arguments. 

 

For example: 

 
 The verb "eat" typically requires its object to be something that can be eaten, such as food. 

o Correct: "She ate an apple." 

o Incorrect: "She ate a car." (This would violate the selectional restriction of the verb 

"eat," which expects an edible object.) 

 

Selectional restrictions help ensure that sentences are semantically valid and meaningful. 

They prevent the occurrence of ill-formed or nonsensical combinations of words that don't 

make sense together, according to their meanings. 

 

2. Selectional Restrictions and Word Sense Disambiguation (WSD) 

Word Sense Disambiguation (WSD) is the process of determining the correct sense (or 

meaning) of a word when it has multiple possible meanings, based on the context in which 

the word appears. Selectional restrictions are a crucial part of this process because they 

provide clues about the correct sense of a word in a given context. 

 

For instance, the word "bank" can have multiple senses: 

 
 A financial institution (e.g., "I deposited money in the bank.") 

 The side of a river (e.g., "He sat on the bank of the river.") 

 

Each of these senses of the word "bank" is associated with different selectional restrictions: 

 
 Bank (financial institution): The verb "deposit" requires an object that is money or a 

financial asset, not a physical location like a riverbank. 

 Bank (side of a river): The verb "sit" requires a location, and thus a physical place, such as a 

riverbank. 

 

In this case, the selectional restrictions help narrow down the meaning of "bank" in 

context. If the sentence mentions money or finance, it’s likely referring to the financial 
institution sense. If it mentions water or nature, the meaning is likely the side of a river. 

 

3. How Selectional Restrictions Aid Word Sense Disambiguation 

 Contextual Clues: Selectional restrictions provide contextual clues that help 

disambiguate word meanings. The arguments (or noun phrases) associated with a verb 

often constrain the possible meanings of ambiguous words. For example: 

o The sentence "The bank gave him a loan" uses the verb "gave" with an argument 

"loan". The selectional restriction on the verb "give" requires its object to be 

something that can be given or transferred (typically a tangible object or a service). 
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This suggests that "bank" is likely referring to a financial institution, not the side of 

a river. 

 Argument Semantics: Each verb or noun sense has specific semantic expectations 

for the types of arguments it can take. For instance: 

o "Eat" expects an edible object (e.g., food), so if a sentence says, "He ate the paper," 

it would raise a flag that the word "ate" might be used in a metaphorical or non− 

literal sense. 

o "Kill" expects its subject to be an Agent (something capable of causing death), and 

its object to be a Patient (something that can be killed). Thus, in the sentence "The 

lion killed the rabbit," the verb "kill" will likely take on its usual meaning of causing 

death. 

 Collocations and Co-occurrences: Some verbs and nouns tend to frequently appear 

together in specific contexts, forming collocations. These common word pairings 

often reflect selectional restrictions. For example: 
o "Strong tea" and "heavy rain" are typical collocations in English, and this can guide 

disambiguation. If the word "strong" appears in a sentence like "strong storm," the 

semantic relationship with "storm" helps us disambiguate whether "strong" refers 

to force (e.g., strong wind) or intensity (e.g., strong flavor). 

 

4. Examples of Selectional Restrictions in WSD 

 "Fly": The verb "fly" can be used with various arguments, but it has selectional 

restrictions: 

o "Fly" can refer to the motion of an aircraft or a movement of an insect. 

o Correct: "The airplane flew over the city." (Here, airplane fits the verb's requirement 

of a vehicle capable of flying.) 

o Correct: "The fly buzzed around the room." (Here, fly refers to an insect, which fits 

the selectional restrictions of the verb.) 

o Incorrect: "The insect flew over the room." (In this case, insect is ambiguous; it could 

fit, but the selectional restriction favors fly in the context of movement.) 

 "Run": The verb "run" can have different senses, such as running a race or operating 

machinery. Each sense has different selectional restrictions: 

o "Run a race": This requires an Agent (a person or entity that participates in the race) 

and a Goal (the finish line or the race itself). 

o "Run a machine": This requires a Goal that is a machine and possibly an Agent who 

operates it. 

 

5. Applications of Selectional Restrictions in NLP 

 Word Sense Disambiguation (WSD): By using selectional restrictions, WSD 

systems can disambiguate word meanings based on the semantic types of arguments 

that a word requires. For example, if a verb requires a human Agent and the noun 

phrase it takes is a person's name, it may help disambiguate which sense of the verb 

is being used. 

 Text Understanding and Information Retrieval: Selectional restrictions are useful 

for understanding the semantic compatibility of words in search queries or 

documents. By ensuring that words combine in semantically valid ways, systems can 

improve the quality of search results and document retrieval. 

 Machine Translation: Selectional restrictions help ensure that translated words are 

used in semantically valid contexts in the target language. For instance, if a verb in 
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the source language requires a location as an argument, the translated verb in the 
target language should take a corresponding location noun. 

 Natural Language Generation: In generating sentences, it’s crucial that the words 

chosen for specific syntactic positions adhere to their selectional restrictions. This 

ensures that the generated sentence is semantically appropriate. 

 

WSD using Supervised 

Word Sense Disambiguation (WSD) using Supervised Learning is a method of 

disambiguating words that have multiple meanings (senses) by training a model on annotated 

data, where the correct sense of each ambiguous word in context is already labeled. 

Supervised learning for WSD is one of the most effective techniques, especially in the 

context of machine learning and Natural Language Processing (NLP). 

 

1. Overview of Supervised WSD 

In supervised WSD, a machine learning algorithm is trained on a labeled corpus where each 

instance (sentence or word context) is annotated with the correct sense of the ambiguous 

word. The goal is for the model to learn the relationship between the features of the word's 

context (such as surrounding words, syntactic structure, etc.) and the possible senses of the 

word, so it can predict the correct sense for new, unseen instances. 

 

2. Steps in Supervised WSD 

a. Corpus Preparation and Sense Inventory 

 Labeled Data: The first step in supervised learning is to have a labeled corpus. Each 

instance (sentence or context) must be annotated with the correct sense of the 

ambiguous word. For example, for the word "bank", there could be two labels: one 

for the financial institution sense and another for the riverbank sense. 

 Sense Inventory: A sense inventory is a predefined list of possible senses for an 

ambiguous word. This can be sourced from a lexical resource like WordNet, which 

provides a large collection of word senses. 

 

b. Feature Extraction 

 
 The next step is to extract features that represent the context of the ambiguous word. The 

features serve as input to the machine learning model. Features can be: 

o Lexical Features: These include the surrounding words (context) of the ambiguous 

word. For example, the words around "bank" in the sentence "I went to the bank" 

could give clues about whether the sense refers to a financial institution or the side 

of a river. 

o Part-of-Speech (POS) Tags: The syntactic category of surrounding words, such as 

whether the word is a noun, verb, etc. 

o Syntactic Structure: Information about sentence structure, such as dependencies 

between words (e.g., subject−verb−object relationships). 

o Word N-grams: Sequences of adjacent words (or character n−grams) that provide 

local context. 

o Collocations: Pairs or groups of words that frequently appear together, providing 

contextual clues for sense identification. 
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c. Training the Model 

 
 Once the features are extracted, a supervised learning algorithm is trained on the labeled 

data. Common algorithms used for WSD include: 

o Decision Trees: A tree−based model where internal nodes represent decisions based 

on features (e.g., whether a surrounding word is "river" or "finance"). 

o Naive Bayes Classifier: A probabilistic model that assumes independence between 

features and calculates the probability of each sense based on the features. 

o Support Vector Machines (SVM): A classifier that aims to find a hyperplane that 

best separates the different classes (senses) based on the features. 

o Random Forests: An ensemble method that combines multiple decision trees to 

improve performance. 

o Neural Networks: Deep learning models that can learn complex patterns in the data, 

including context−dependent senses of words. 

 

d. Sense Prediction 

 
 After the model is trained, it is used to predict the sense of an ambiguous word in unlabeled 

data (new, unseen sentences). The model takes the context of the word as input and 

predicts the most likely sense based on what it learned during training. 

 

3. Evaluation of Supervised WSD 

The effectiveness of a supervised WSD model is typically evaluated using several metrics: 

 
 Accuracy: The percentage of correctly disambiguated instances. 

 Precision, Recall, F1-score: These metrics measure the performance on a per−sense or 

overall basis. 

o Precision: The proportion of correct predictions out of all predictions for a given 

sense. 

o Recall: The proportion of correct predictions out of all actual occurrences of a given 

sense in the data. 

o F1-score: The harmonic mean of precision and recall, giving a single metric to 

evaluate the model. 

 

4. Advantages of Supervised WSD 

 High Accuracy: Supervised learning tends to perform very well when trained on a large, well− 

annotated corpus. Given enough training data, supervised models can learn complex 

patterns and perform high−quality disambiguation. 

 Customization: The model can be tailored to specific domains or tasks. For example, training 

a model on a specialized corpus (like medical texts) can improve disambiguation in that 

domain. 

 Scalability: Supervised learning can be extended to handle many words with multiple 

senses, as long as annotated data is available for training. 

 

5. Challenges of Supervised WSD 

 Annotation Cost: Labeling data is time−consuming and expensive, especially for large 

corpora. The quality of the labeled data directly impacts the performance of the model. 
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 Domain Dependence: A model trained on one domain (e.g., news articles) may not perform 

well on another domain (e.g., legal or medical texts), as the contextual features differ across 

domains. 

 Sense Granularity: In some cases, sense inventories like WordNet may have a very fine− 

grained distinction between senses, which can make disambiguation more challenging. For 

example, the word "run" has multiple senses, each representing slightly different meanings, 

and distinguishing between them can be difficult. 

 

6. Example of Supervised WSD 

Suppose we want to disambiguate the word "bark", which has at least two senses: 

 
1. The sound a dog makes. 

2. The outer covering of a tree. 

 

Given the sentence: "The dog started to bark loudly." 

 
 The model might extract features like: 

o Surrounding words: "dog", "started", "loudly" 

o Part−of−speech tags: "dog" (noun), "bark" (verb), "loudly" (adverb) 

o Collocations: "dog bark", "started to bark" 

The classifier, trained on a corpus with labeled examples of both senses, would likely predict 

the "dog" sense because the surrounding words provide strong clues. 

In contrast, in the sentence: "The bark of the tree was rough." 

 
 The model would extract features like: 

o Surrounding words: "bark", "tree", "rough" 

o Part−of−speech tags: "bark" (noun), "tree" (noun), "rough" (adjective) 

o Collocations: "tree bark", "rough bark" 

 

Here, the classifier would predict the "tree bark" sense based on the context. 

 

7. Applications of Supervised WSD 

Supervised WSD has broad applications in NLP: 

 
 Machine Translation: Accurate disambiguation ensures that the correct translation of a 

word is used in a sentence. 

 Information Retrieval: By disambiguating words in queries, WSD can improve search 

accuracy by retrieving more relevant documents. 

 Sentiment Analysis: Disambiguating words like "good" (positive) or "bad" (negative) in 

context helps improve sentiment classification. 

 Text Summarization: Correct sense identification helps summarize the key topics of a 

document by understanding the specific meanings of words in context. 
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Dictionary & Thesaurus 

Dictionaries and thesauruses are both crucial tools for understanding and using language, 

but they serve different purposes in language learning, writing, and analysis. Here's an 

overview of each: 

 

1. Dictionary 

A dictionary is a reference book or database that provides the meanings, pronunciations, and 

other details of words in a language. It typically includes: 

 
 Definitions: A dictionary offers the meanings of words, often organized by their usage in 

different contexts. 

 Pronunciation: Many dictionaries provide a phonetic transcription or an audio feature to 

guide pronunciation. 

 Part of Speech: The dictionary will indicate whether a word is a noun, verb, adjective, etc. 

 Word Origin (Etymology): The history of the word, showing its roots, and how it evolved. 

 Examples: Example sentences that show how the word is used in context. 

 Synonyms and Antonyms: Some dictionaries list synonyms (words with similar meanings) 

and antonyms (words with opposite meanings), though this is not the primary focus. 

 Inflected Forms: Variations of the word (e.g., plural forms, tenses). 

 

Types of Dictionaries: 

 
 General Dictionaries: These are used for everyday language, like the Oxford English 

Dictionary (OED) or Merriam-Webster. 

 Specialized Dictionaries: These focus on specific areas, such as medical dictionaries, legal 

dictionaries, or technical dictionaries. 

 Bilingual Dictionaries: These provide translations of words between two languages. 

 Online Dictionaries: Many dictionaries now offer online platforms with audio features, 

usage notes, and more dynamic content. 

 

Example: 

 
 Word: "Run" 

o Definition: (verb) To move swiftly on foot. 

o Part of Speech: Verb 

o Pronunciation: /rʌn/ 

o Example: "I run every morning to stay fit." 

o Synonyms: Jog, sprint, race. 

o Antonyms: Walk, stroll. 

 

2. Thesaurus 

A thesaurus is a reference tool that lists words grouped by their meanings, helping users find 

synonyms and antonyms for any given word. The thesaurus does not typically provide 

detailed definitions, but instead, it focuses on alternative words that share similar meanings or 

the opposite meaning. 
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Key Features of a Thesaurus: 

 
 Synonyms: A thesaurus provides a list of words that are similar or equivalent in meaning to 

the word in question. This helps find alternatives to avoid repetition or to find a word that 

fits the tone of the writing better. 

 Antonyms: Many thesauruses include antonyms—words with opposite meanings. 

 Grouping by Meaning: Words are often grouped by particular senses or meanings, allowing 

users to find the most appropriate synonym based on context. 

 Usage Notes: Some modern thesauruses include notes on nuances in meaning, helping users 

select the most appropriate synonym. 

 

Types of Thesauruses: 

 
 Traditional Thesauruses: These are usually in book form and focus on listing synonyms and 

antonyms for a particular word. One example is Roget's Thesaurus. 

 Online Thesauruses: Platforms like Thesaurus.com or the thesaurus section in Merriam- 

Webster Online allow users to search and discover a broader range of synonyms and 

antonyms. 

 

Example: 

 
 Word: "Happy" 

o Synonyms: Joyful, delighted, content, pleased, cheerful. 

o Antonyms: Sad, unhappy, sorrowful, melancholy, miserable. 

 

3. Differences Between a Dictionary and a Thesaurus 

 
Feature Dictionary Thesaurus 

 

Primary Function 
Provides definitions, pronunciations, and 

word usage. 

Definition 
Offers detailed definitions and 

explanations of words. 

Lists synonyms and antonyms of 

words. 

Focuses on listing words with similar 

meanings or opposites. 
 

Contextual 

Information 

Provides usage examples, part of speech, 

and etymology. 

Focuses on alternative words 

without extensive definitions. 
 

Examples of Use  
"Run" (verb) means to move swiftly on 

foot. 

User's Need 
Use when you need to understand what a 

word means or how it’s used. 

Synonyms for "run": sprint, jog, race. 

 

Use when you need to find a 

synonym or an antonym for a word. 

 

4. How They Complement Each Other 

While both dictionaries and thesauruses are essential tools, they serve complementary roles: 

 

 When to Use a Dictionary: If you're unsure about the meaning of a word, its 

pronunciation, or how to use it in context, a dictionary is your best choice. It 
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explains the word in detail and helps you understand its full range of meanings and 
grammatical properties. 

 When to Use a Thesaurus: If you're looking for alternative words to express the 

same or opposite idea, a thesaurus is ideal. It helps expand your vocabulary, avoid 

repetition, or refine the tone and style of your writing. 

For example, if you're writing an essay and want to avoid repeating the word "happy", a 

thesaurus helps you find synonyms like "content" or "cheerful". However, if you are 

unsure whether the word "happy" works in the context you're writing about, you'd first 

consult a dictionary. 

 

5. Applications in NLP 

In Natural Language Processing (NLP), both dictionaries and thesauruses play key roles: 

 
 Dictionaries: Used for defining words in tokenization, stemming, and lemmatization tasks, 

where the system needs to understand the correct form and meaning of words. 

 Thesauruses: Used for semantic analysis, paraphrasing, and synonym generation in tasks like 

text summarization, machine translation, and text generation. 

 

In some advanced NLP tasks like Word Sense Disambiguation (WSD), systems may 

consult both a dictionary (for precise meanings) and a thesaurus (for context-based 

synonyms) to help make sense of ambiguous words. 

 

Bootstrapping methods – Word Similarity using Thesaurus 

Bootstrapping methods for word similarity using a thesaurus refer to techniques where an 

initial set of data or knowledge is used to iteratively improve or expand the understanding of 

word similarity, typically for tasks like Word Sense Disambiguation (WSD), semantic 

similarity, or word clustering. These methods leverage external resources like a thesaurus 

to enhance the model’s ability to assess word similarity in an unsupervised manner.  
 

1. Bootstrapping in Natural Language Processing (NLP) 

Bootstrapping is a semi-supervised machine learning technique that iteratively refines its 

predictions by starting with a small set of labeled data or seeds and progressively expanding 

this data based on the results of previous iterations. In the context of word similarity, 

bootstrapping methods aim to enhance word similarity models by using a thesaurus to create 

or expand sets of similar words over multiple iterations. 

 

2. Word Similarity using a Thesaurus 

A thesaurus is an ideal resource for bootstrapping word similarity because it contains lists of 

synonyms and antonyms, which provide useful clues about the relationships between words. 

Bootstrapping methods can exploit thesaurus entries to iteratively refine the word similarity 

measure by gradually expanding the set of similar words or concepts. 

Here’s how bootstrapping methods can work in conjunction with a thesaurus for word 

similarity: 
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3. Bootstrapping Process for Word Similarity 

Step 1: Initial Seed Set 

Start with a small set of word pairs that are known to be similar. These pairs can be manually 

selected or based on some initial heuristic or external knowledge (like WordNet or a 

thesaurus). 

 

For example: 

 
 Seed Set: (“happy”, “joyful”), (“fast”, “quick”), (“cold”, “chilly”) 

 

Step 2: Use Thesaurus for Expanding Word Similarity 

The initial set is then expanded by looking up the words in a thesaurus or other lexical 

resources. In this case, the thesaurus provides synonyms for each seed word, forming a new 

set of candidate words. 

For example, for the word “happy,” the thesaurus might suggest synonyms like “content,” 
“cheerful,” “elated,” and “joyful.” 

 

Step 3: Scoring Word Pairs 

Using a similarity measure (e.g., cosine similarity or Jaccard similarity) based on the words’ 
distribution in a large corpus or their relationships in the thesaurus, the system scores how 

similar candidate words are to each other. Words with high similarity scores are considered 

semantically close. 

 

For example, "happy" and "joyful" might score highly on a similarity measure, while "happy" 

and "sad" might score low. 

 

Step 4: Iterative Expansion 

Using the words identified as similar in the previous iteration, the model iteratively expands 

the set of similar words: 

 First Iteration: Expand “happy” to include “content,” “cheerful,” etc. 

 Second Iteration: Expand “content” to include other synonyms such as “satisfied,” 
“pleased,” etc. 

 

As each new word is added, the list of similar words grows, and the model gets a more 

refined understanding of word similarity. 

 

Step 5: Refinement and Stopping Criteria 

The process repeats until no new similar words can be found or until a predefined number of 

iterations is reached. At each step, the model should refine its list of similar words by 
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eliminating noise or irrelevant words. If using a thesaurus, irrelevant synonyms or words that 

are too dissimilar to the seed words are filtered out based on their similarity scores. 

 

 

 

4. Applications of Bootstrapping for Word Similarity 

Bootstrapping methods for word similarity using a thesaurus have several applications in 

NLP: 

a. Word Sense Disambiguation (WSD) 

Bootstrapping methods can help disambiguate words by leveraging their synonyms and 

related words in a thesaurus. If a word appears in a context with other words similar to one of 

its senses, bootstrapping can identify the correct sense. 

For example, the word "bank" can refer to a financial institution or the side of a river. If a 

thesaurus provides synonyms like "finance" or "investment" for the financial sense, and 

"river" or "shore" for the geographical sense, bootstrapping can help resolve the correct sense 

based on surrounding words. 

 

b. Semantic Similarity and Clustering 

Bootstrapping helps build clusters of semantically similar words. By iterating through 

synonym relations in a thesaurus, a set of words that are contextually similar can be identified 

and grouped together, which is useful in tasks like: 

 
 Document similarity: Identifying documents with similar topics by comparing word usage. 

 Search and information retrieval: Improving search results by considering semantically 

similar words, not just exact matches. 

 

c. Knowledge Extraction 

Bootstrapping methods help expand semantic knowledge by extracting sets of semantically 

related words, which can then be used to improve other NLP tasks, such as: 

 Question answering: By expanding a question’s terms to include synonyms or related 

concepts from a thesaurus. 

 Text generation: By generating varied vocabulary through synonym replacement, which 

enhances the diversity of generated text. 

 

5. Example of Bootstrapping for Word Similarity using a Thesaurus 

Let’s walk through an example of using a thesaurus for bootstrapping word similarity: 

Initial Seed Set: 

 ("dog", "puppy") 

 ("cat", "kitten") 
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First Iteration: 

 
 From the thesaurus, find synonyms for "dog": "puppy," "hound," "canine." 

 Find synonyms for "cat": "kitten," "feline," "tabby." 

 Now, expand the seed set: ("dog", "puppy", "hound", "canine"), ("cat", "kitten", "feline", 

"tabby"). 

 

Second Iteration: 

 
 For "puppy", the thesaurus provides "dog," "young," "pup." 

 For "kitten", the thesaurus gives "cat," "young," "kittenish." 

 Expand the list further: ("dog", "puppy", "hound", "canine", "pup"), ("cat", "kitten", "feline", 

"tabby", "kittenish"). 

 

Iterative Refinement: 

 
 As the process continues, words that are irrelevant or too distant (e.g., "car" for "cat") are 

filtered out, and only the most semantically related words remain. 

 

Final List: 

 
 A refined, expanded set of synonyms for "dog" might include: "dog," "puppy," "canine," 

"hound," "pup." 

 For "cat", you might end up with: "cat," "kitten," "feline," "tabby." 

 

6. Advantages of Bootstrapping with a Thesaurus 

 Unsupervised: Bootstrapping methods do not require labeled data, which is advantageous 

when labeled datasets are unavailable. 

 Scalable: The approach can be applied to any corpus of text without needing significant pre− 

processing or manual annotation. 

 Refinement: The iterative process helps improve the quality of the word similarity model 

over time. 

 Utilizes Rich Resources: A thesaurus offers a rich source of lexical relationships, providing 

useful knowledge for word similarity tasks. 

 

7. Challenges 

 Noise: The thesaurus may contain irrelevant or less accurate synonyms, and bootstrapping 

methods need to filter these out. 

 Context Sensitivity: Word similarity is often context−dependent, and a thesaurus doesn’t 
always capture subtle contextual nuances. For example, "bark" (dog sound) and "bark" (tree 

part) might both be listed as synonyms under "bark," but they are dissimilar in many 

contexts. 

 Thesaurus Limitations: A thesaurus may not capture all semantic relationships, especially for 

complex or domain−specific terms. 
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Distributional methods 

Distributional methods in Natural Language Processing (NLP) refer to techniques that use 

the statistical patterns of word usage in large corpora to analyze and represent the meanings 

of words. The underlying assumption is based on the distributional hypothesis, which 

suggests that words that occur in similar contexts tend to have similar meanings. 

 

In other words, distributional methods analyze how words are used and co-occur in different 

linguistic contexts (e.g., sentences, documents, or surrounding words), allowing the system to 

infer semantic relationships and word meanings from these patterns of usage. 

 

1. The Distributional Hypothesis 

The distributional hypothesis, coined by linguists like Zellig Harris in the 1950s, posits that 

"words that are used and occur in similar contexts tend to have similar meanings." In 

practice, this hypothesis is the foundation of many modern NLP techniques such as word 

embeddings, clustering, and co-occurrence matrices. 

For example: 

 
 Words like "dog" and "cat" are often found in similar contexts (e.g., "The [animal] is cute," 

"The [animal] is furry"). 

 Similarly, words like "run" and "sprint" tend to appear in similar contexts related to 

movement or speed. 

 

2. Types of Distributional Methods 

a. Co-occurrence-based Methods 

Co-occurrence-based methods involve analyzing how often pairs of words appear together 

within a fixed window or context. The assumption is that if two words co-occur frequently in 

similar contexts, they are semantically related. 

 

Common techniques for co-occurrence analysis include: 

 Co-occurrence Matrix: A matrix where the rows represent words, and the columns 

represent the context words (e.g., words that appear within a certain window around 

the target word). The value in each cell is the frequency with which a target word and 

context word co-occur. 

 Pointwise Mutual Information (PMI): A measure of association between two 

words. It calculates how much more likely the two words are to co-occur than would 

be expected by chance. Higher PMI values suggest stronger relationships between 

words. 

 
PMI(w1,w2)=log⁡P(w1,w2)P(w1)P(w2)PMI(w_1, w_2) = \log \frac{P(w_1, 

w_2)}{P(w_1)P(w_2)}PMI(w1,w2)=logP(w1)P(w2)P(w1,w2) 
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where P(w1,w2)P(w_1, w_2)P(w1,w2) is the probability of the words w1w_1w1 and 

w2w_2w2 co-occurring, and P(w1)P(w_1)P(w1) and P(w2)P(w_2)P(w2) are the 

probabilities of the individual words. 

 

b. Word Embeddings 

Word embeddings are continuous vector representations of words that capture their semantic 

properties based on their distribution in large corpora. These vectors are learned through 

neural networks and encode relationships between words such that semantically similar 

words are closer in vector space. 

 

 Word2Vec: One of the most well-known methods for learning word embeddings. It 

uses either the Continuous Bag of Words (CBOW) model or the Skip-gram model 

to predict a target word from its surrounding context or vice versa. 

 GloVe (Global Vectors for Word Representation): A model that learns word 

embeddings by factoring a word co-occurrence matrix, aiming to preserve the global 

statistical properties of the corpus while learning the representations. 

 FastText: An extension of Word2Vec that represents words as bags of character n- 

grams, which helps capture subword information and improve performance for 

morphologically rich languages. 

 BERT (Bidirectional Encoder Representations from Transformers): A 

transformer-based model that learns contextual word embeddings, where the 

embedding of a word is dependent on the words around it, making it more powerful 

than static embeddings like Word2Vec. 

 

c. Latent Semantic Analysis (LSA) 

Latent Semantic Analysis is a technique for extracting and representing the meaning of words 

or documents by analyzing a term-document matrix. It uses Singular Value Decomposition 

(SVD) to reduce the dimensionality of the matrix and uncover latent relationships between 

words and documents. 

 

In LSA: 

 
 A term-document matrix is constructed where each row represents a term (word), and each 

column represents a document, with the entries being the frequency of the term in the 

document. 

 SVD is then used to decompose this matrix into a set of concept vectors that capture the 

underlying semantic structure of the corpus. 

 

d. Latent Dirichlet Allocation (LDA) 

LDA is a probabilistic model used to discover topics in a collection of documents. While not 

directly focused on word similarity, LDA can help identify word distributions related to 

specific topics, which are useful for understanding word meanings in context. It models 

documents as mixtures of topics and topics as mixtures of words. 

 

3. Applications of Distributional Methods 
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 Word Similarity and Word Sense Disambiguation: By identifying words that occur 

in similar contexts, distributional methods can measure the degree of semantic 

similarity between words, which is useful for tasks like Word Sense Disambiguation 

(WSD). For example, "bank" in the context of "money" is distinct from "bank" in the 

context of "river." 

 Information Retrieval: Distributional methods are used to improve the accuracy of 

search engines by helping them identify documents that are relevant to a query based 

on the distribution of terms rather than exact keyword matches. 

 Text Classification and Clustering: Words that share similar distributions are 

grouped together, aiding in text classification (e.g., categorizing documents) and 

clustering (grouping similar documents). 

 Question Answering: By understanding word relationships through distributional 

methods, question-answering systems can provide more accurate responses based on 

context, even if they don't have exact keyword matches. 

 Machine Translation: Distributional methods help improve machine translation by 

mapping semantically similar words in different languages based on their usage 

patterns in parallel corpora. 

 

4. Advantages of Distributional Methods 

 Scalability: These methods can be applied to very large corpora and are effective in 

capturing subtle semantic relationships without requiring deep linguistic knowledge. 

 Context Sensitivity: Especially in models like BERT, where word meaning is 

dependent on the surrounding words, distributional methods can adapt to different 

contexts. 

 Flexibility: Distributional approaches work across different languages and domains, 

as they rely on observed patterns in the data rather than pre-defined rules. 

5. Challenges and Limitations 

 Data Dependency: Distributional methods require large corpora to be effective. If the 

data is sparse, the representations may fail to capture the full range of word meanings. 

 Context Ambiguity: While methods like Word2Vec and BERT capture context, 

more complex relationships (e.g., sarcasm, idioms, or figurative language) are still 

challenging to model. 

 Polysemy: Words with multiple meanings can pose problems. For example, "bat" 

could mean an animal or a piece of sports equipment, and distributional methods 

might not always disambiguate such cases without additional context. 

 Lack of Knowledge Representation: These methods focus on statistical associations 

between words and may not explicitly represent deeper linguistic structures like 

syntax or ontologies. 
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Compositional semantics 

Compositional semantics is a subfield of semantics in linguistics and natural language 

processing (NLP) that focuses on how the meaning of larger linguistic units (e.g., phrases, 

sentences) can be derived from the meanings of their parts (e.g., words). This approach is 

based on the principle of compositionality, which states that the meaning of a sentence is 

determined by the meanings of its individual components and how they are syntactically 

combined. 

 

In other words, compositional semantics seeks to explain how word meanings combine 

according to syntactic rules to form the meanings of phrases and sentences. 

 

1. Principle of Compositionality 

The principle of compositionality was first introduced by the philosopher Gottlob Frege 

and can be summarized as: 

 
 The meaning of a complex expression is a function of the meanings of its parts and the 

rules used to combine them. 

 

This principle plays a crucial role in both linguistics and NLP because it allows us to 

understand how meaning scales from individual words to entire sentences or paragraphs. 

For example, in the sentence "The cat sleeps on the mat": 

 
 The meaning of the word "cat" refers to a small domesticated mammal. 

 The word "sleeps" refers to the action of resting in a state of sleep. 

 "on the mat" indicates the location of the action. 

 The overall meaning of the sentence is the combination of these individual meanings in the 

given syntactic structure. 

 

2. Types of Compositional Semantics 

There are different approaches to modeling compositional semantics, ranging from formal 

logical systems to statistical and neural models. Some of the most important approaches 

include: 

 

a. Truth-Conditional Semantics 

Truth-conditional semantics, developed by philosophers like Donald Davidson and Richard 

Montague, focuses on how sentences can be interpreted in terms of their truth conditions— 

what would make a sentence true or false in the real world. 

 
 For example, the sentence "The cat sleeps on the mat" has a truth condition that can be 

expressed as "There exists a cat, and it is sleeping on the mat." This condition tells us under 

what circumstances the sentence would be true. 
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In formal logic, sentences are often translated into propositional logic or predicate logic to 

specify their truth conditions. These truth conditions reflect the ways in which parts of the 

sentence contribute to its overall meaning. 

 

b. Compositional Distributional Semantics 

Distributional semantics, as mentioned earlier, models word meaning based on patterns of 

word co-occurrence. In compositional distributional semantics, the meaning of a phrase or 

sentence is derived from the meanings of its individual words using vector space models (like 

word embeddings). 

 
 For example, the meaning of "cat on mat" might be derived from the vectors representing 

"cat", "on", and "mat", using some combination function (e.g., addition or averaging). 

 

This approach focuses on vector semantics and often uses methods like compositional 

neural networks to model how word vectors combine to form phrase-level or sentence-level 

representations. 

 

c. Montague Grammar 

Montague grammar, introduced by Richard Montague, is a formal system that applies 

predicate logic and combinatory categorial grammar (CCG) to model the compositional 

nature of meaning in natural language. In Montague's view, natural languages can be treated 

as formal languages, with meanings assigned in a compositional manner according to specific 

syntactic rules. 

 

For example, Montague's grammar uses lambda calculus to model the meaning of complex 

expressions. In this framework, the meaning of a sentence is represented as a function from 

possible worlds (or contexts) to truth values (true or false). 

 

d. Combinatory Categorial Grammar (CCG) 

CCG is a type of syntactic theory that works well for compositional semantics, particularly 

in NLP. In CCG, syntactic categories (such as noun or verb) are combined using specific 

combinatory rules to yield the meanings of larger structures. CCG is particularly effective for 

tasks like parsing and semantic interpretation because it explicitly defines how the 

meaning of words combines. 

 
 In CCG, word meanings are often represented as functions that take arguments (such as 

noun phrases or verb phrases) and return new meanings. These functions are applied 

through combinatory rules that determine how words and phrases interact. 

 

For instance: 

 
 The verb "sleep" in the sentence "The cat sleeps" can be represented as a function that 

takes an argument (the subject, "the cat") and returns a proposition about whether the 

subject is sleeping. 
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3. Compositional Semantics in NLP 

In NLP, compositional semantics is crucial for understanding how machine learning models 

can handle complex linguistic structures. NLP models often need to interpret and generate 

meaningful representations of sentences, which requires understanding how words combine 

in a compositional way. Several techniques are used to model compositional semantics in 

NLP: 

 

a. Word Embeddings and Sentence Embeddings 

One approach is to combine individual word embeddings (like Word2Vec, GloVe, or 

FastText) to form sentence-level or document-level embeddings. This is typically done using 

methods like: 

 
 Vector addition: Summing up the word vectors of all words in the sentence. 

 Averaging: Taking the average of word vectors. 

 Concatenation: Concatenating the word vectors to form a larger vector. 

 

These methods allow for the capture of semantic meaning at the sentence level, but they may 

struggle with capturing syntactic structure and subtle compositional interactions between 

words. 

 

b. Neural Networks and Deep Learning 

More advanced methods use neural networks to model the compositionality of meaning. 

Techniques like Recurrent Neural Networks (RNNs), Long Short-Term Memory 

(LSTM) networks, and Transformer-based models (e.g., BERT, GPT-3) are capable of 

learning complex dependencies and compositional relationships between words in a sentence. 

 
 For example, transformer models use attention mechanisms to dynamically weight the 

importance of each word in relation to others, capturing more nuanced syntactic and 

semantic relationships. 

 

c. Dependency Parsing 

Dependency parsing is an important technique in compositional semantics, where the 

syntactic structure of a sentence is analyzed in terms of word dependencies. It helps 

determine how different parts of a sentence are related and how their meanings combine. 

 

 For instance, in the sentence "The cat sleeps on the mat," dependency parsing identifies the 

subject "the cat", the verb "sleeps", and the prepositional phrase "on the mat", which helps 

determine the syntactic roles and semantic relationships. 

 

d. Compositionality and Contextualization 

While early compositional models treated word meanings as fixed vectors, more recent 

approaches, especially with models like BERT and GPT, emphasize contextualized word 

representations. These models dynamically adjust the meaning of words based on their 

context within a sentence, reflecting the compositional nature of meaning. 
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For instance, the word "bat" in the sentence "The bat flew across the sky" has a different 

meaning from "The bat hit the ball" because its meaning is influenced by the surrounding 

words. 

 

4. Challenges in Compositional Semantics 

 Idioms and Non-literal Meanings: Expressions like "kick the bucket" (meaning 

"to die") do not follow the typical rules of compositionality, making them difficult to 

handle with purely compositional approaches. 

 Polysemy: Words with multiple meanings (like "bank", which can mean both a 

financial institution and the side of a river) require careful disambiguation based on 

context, complicating the compositional process. 

 Complex Syntax: Some syntactic constructions, such as nested clauses or relative 

clauses, pose challenges in accurately modeling how the meanings of words and 

phrases combine. 

 

5. Applications of Compositional Semantics 

 Machine Translation: Accurate translation requires an understanding of how words combine 

to form complex meanings in different languages. 

 Text Summarization: Compositional semantics is crucial in determining the key points in a 

text and generating concise summaries. 

 Question Answering: Systems need to comprehend how the meaning of a question 

combines with the meaning of a document to generate relevant answers. 

 Sentiment Analysis: Understanding how the meanings of individual words combine is key to 

determining the sentiment expressed in a sentence (e.g., "I love this movie!" vs. "I hate this 

movie!"). 
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UNIT V 

Machine Translation 

Survey: Introduction, Problems of Machine Translation, Is Machine Translation Possible, Brief 

History, Possible Approaches, Current Status. Anusaraka or Language Accessor: Background, Cutting 

the Gordian Knot, The Problem, Structure of Anusaraka System, User Interface, Linguistic Area 

1. Introduction to Machine Translation 

Definition 

Machine Translation (MT) is the automatic conversion of text or speech from one natural language 

to another using computational algorithms. 

It aims to preserve the meaning and context of the original message while producing grammatically 

correct sentences in the target language. 

It is an important area of Natural Language Processing (NLP) that enables cross-language 

communication. 

Need for Machine Translation 

• Helps overcome language barriers in communication. 

• Useful in education, administration, and multilingual systems. 

• Reduces manual translation time and effort. 

• Promotes digital access to regional and international languages. 

Process 

MT generally follows three steps: 

1. Analysis: Understands grammar and meaning of the source text. 

2. Transfer: Maps structure to the target language format. 

3. Generation: Produces final sentence in the target language. 

Flow: 

Source → Analysis → Transfer → Generation → Target 

Approaches 

1. Rule-Based (RBMT): Grammar rules + dictionaries (Anusaraka). 

2. Statistical (SMT): Learns from bilingual data (IBM Models). 

3. Neural (NMT): Deep learning-based, fluent output (Google NMT). 

4. Hybrid: Combines rules and neural/statistical learning. 

Applications 

• Google Translate, Microsoft Translator 

• Indian systems: Sampark, Anusaraka, AnglaBharti 
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Conclusion 

MT enables multilingual communication and content translation. 

With neural and hybrid techniques, it continues to become more accurate and context-aware. 
 

 

2. Problems of Machine Translation 

Introduction 

MT faces many challenges due to differences in grammar, vocabulary, and context between 

languages. 

Languages are complex and influenced by culture and context, making full automation difficult. 

Main Problems 

1. Ambiguity: 

o Lexical: Same word has multiple meanings (bank = river/finance). 

o Syntactic: “I saw the man with the telescope.” 

2. Word Order Differences: 

o English uses SVO, while Indian languages follow SOV. 

3. Idioms and Phrases: 

o Literal translations distort meaning (kick the bucket ≠ पैर से बाʐी मारना). 

4. Morphological Complexity: 

o Indian languages have many inflections, tenses, and gender agreements. 

5. Context Understanding: 

o Machines lack human-level world knowledge. 

6. Resource Limitation: 

o Many Indian languages lack bilingual corpora or dictionaries. 

Example 

English: “He broke the news.” → Literal Hindi: “उउउ उउउ उउउउउउ” (wrong) 

Correct: “उउउउ उउउ उउउ” 

Conclusion 

MT struggles with ambiguity and culture-based meaning. 

Modern neural and hybrid approaches are reducing these problems but perfect translation is still a 

challenge. 
 

 

3. Is Machine Translation Possible? 

Introduction 
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The question of whether MT can fully replace human translators is ongoing. 

While perfect translation is difficult, partial success has been achieved through improved models and 

large datasets. 

Reasons It Is Possible 

• Languages share universal structures and grammar rules. 

• Large bilingual corpora help statistical and neural systems learn patterns. 

• Indian languages are structurally similar, aiding rule-based systems. 

Reasons It Is Difficult 

• Human language involves culture, tone, and idioms that machines struggle with. 

• Meaning can depend on emotion and context beyond grammar. 

• Perfect fluency and creativity are hard for machines. 

Present Status 

• Systems like Google Translate, Anusaraka, and Sampark work effectively for common 

sentences. 

• Post-editing by humans is still needed for accuracy. 

Conclusion 

Machine Translation is partially possible — it works well for factual or structured content, but human 

translators remain essential for complex and literary tasks. 
 

 

4. Brief History of Machine Translation 

Early Period (1950s–1960s) 

• Rule-Based Systems were developed after the Georgetown experiment (1954). 

• Systems used dictionaries and grammar rules for simple translations. 

Middle Period (1970s–1990s) 

• Transfer and Interlingua Approaches: Focused on creating intermediate language 

representations. 

• Projects like SYSTRAN and METEO translated government and weather reports. 

• Statistical MT (SMT) emerged in the 1990s — IBM models used probability-based learning. 

Modern Period (2000–Present) 

• Hybrid Systems: Combined rules with data-driven methods. 

• Neural MT (NMT): Introduced deep learning models (RNN, Transformer). 

• Examples: Google NMT, DeepL, Facebook M2M. 

Indian Contributions 
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• Anusaraka, AnglaBharti, Mantra, and Sampark were developed for Indian languages. 

Conclusion 

MT has evolved from grammar-based to neural models. 

Each phase improved accuracy, and modern systems achieve human-like fluency in many contexts. 
 

 

5. Possible Approaches to Machine Translation 

1. Rule-Based Machine Translation (RBMT) 

• Uses grammar rules and bilingual dictionaries. 

• Involves three phases: Analysis → Transfer → Generation. 

• Best suited for resource-poor languages. 

• Example: Anusaraka, SYSTRAN. 

2. Statistical Machine Translation (SMT) 

• Based on probabilities learned from bilingual corpora. 

• Formula: 

P(E ∣ F )=
 P(F ∣ E)P( E) 

P( F ) 

• Example: IBM models, phrase-based SMT systems. 

3. Neural Machine Translation (NMT) 

• Uses deep learning to understand context and semantics. 

• Produces fluent, context-aware translations. 

• Example: Google NMT, DeepL. 

4. Hybrid MT 

• Combines rules, statistics, and neural learning for better results. 

Conclusion 

Each approach improved upon the previous one — RBMT is rule-focused, SMT data-driven, NMT 

context-driven — and hybrid models now provide the best balance. 
 

 

6. Current Status of Machine Translation 

Global Scenario 

• Neural MT (NMT) dominates due to its ability to learn meaning and context. 

• Used in platforms like Google Translate, DeepL, and Amazon Translate. 

Indian Scenario 
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• Projects like TDIL and Bhashini promote multilingual access. 

• Systems such as Anusaraka, AnglaBharti, Sampark, and Mantra are widely used. 

Challenges 

• Many Indian languages lack large bilingual datasets. 

• Handling code-mixed (Hindi-English) sentences remains difficult. 

• Dialect and script variations complicate translation accuracy. 

Trends 

• Focus on cross-lingual models and domain-specific adaptation. 

• Integration with voice and speech recognition systems. 

Conclusion 

MT has moved from basic rule-based models to sophisticated neural systems. 

In India, continuous research ensures inclusive translation for all major and regional languages. 
 

 

7. Anusaraka or Language Accessor 

Introduction 

Anusaraka is a rule-based translation system developed at IIT Kanpur and IIT Hyderabad under Dr. 

Amba Kulkarni. 

It focuses on meaning preservation rather than grammatical fluency. 

Linguistic Framework 

• Based on Paninian Grammar, which uses karaka (thematic roles) such as karta (doer), 

karma (object), sampradan (receiver). 

• Suitable for Indian languages due to structural similarity. 

System Structure 

Source Text 

↓ 

Morphological Analyzer 

↓ 

Syntactic + Semantic Parser 

↓ 

Intermediate Representation 

↓ 

Transfer Module 
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↓ 

Target Generator 

↓ 

Output (Meaning Preserved) 

Design Principles 

• Faithfulness over Fluency: Prioritizes accurate meaning. 

• Modular Architecture: Reusable components. 

• Transparency: Readers can interpret meaning easily. 

• Reusability: Works for many language pairs. 

Example 

Hindi: Ram ne phal khaya → Telugu: Raam phalamu tinnadu (meaning preserved). 

Conclusion 

Anusaraka is a successful Indian MT model based on linguistic theory. 

It bridges regional languages by providing accurate, meaning-based translation. 
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