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Word Morphology gets rid of morphemes, instead speaking to all morphology as relations 

among sets of words, which we call lexical correspondences. This paper shows a more 

formal treatment of Whole Word Morphology than has been previously distributed, exhibiting 

how the morphological relations are interceded by unification with sequence variables. We 

present a system for morphological re-inflection dependent on an encoder-decoder 

taxonomical network model with additional convolution layers. The hypothesis of artificial 

taxonomical networks has been successfully connected to a wide assortment of pattern 

recognition issues. In this hypothesis, the initial phase in computing the following condition 

of a neuron or in performing the following layer taxonomical network computation involves 

the linear task of duplicating taxonomical values by their synaptic strengths and including 

the results. 
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1. Introduction  

The concept of morphological taxonomical networks 

became out of the hypothesis of image algebra. It was 

demonstrated that sub-algebra of image algebra incorporates 

the numerical formulations of as of now well known 

taxonomical network models and first attempts in formulating 

valuable morphological taxonomical networks. From that point 

forward, just a couple of papers including morphological 

taxonomical networks have showed up. J. L. Davidson 

employed morphological taxonomical networks so as to 

unravel template identification and target classification issues. 

C.P. Suarez-Araujo connected morphological taxonomical 

networks to register homothetic sound-related and visual 

invariances. Both of these analysts formulated multilayer 

morphological taxonomical networks for specialized 

applications. In this paper we endeavor a progressively broad 

approach to morphological taxonomical networks which, 

ideally, will establish the frameworks for future research 

endeavors concerned  

 

With the conduct, capabilities, and applications of these 

novel networks. We have to comment that an altogether 

different model of a morphological network was exhibited. This 

specific model uses the standard tasks of increase and 

summation at every hub, which is on a very basic level 

different from the models exhibited here.  

 

The standard method for modeling morphology involves 

phonetic components called morphemes, which should be the 

"littlest meaningful units." This model is fraught with 

challenges, and these don't bode well for its utility as a 

cognitive model of morphology. In this paper a different 

approach to morphology and its acceptance is introduced, 

which is established on an irregular model of morphological 

knowledge. The model is Whole Word Morphology (WWM), 

which is expected initially to (Ford and Singh 1991). Entire 

Word Morphology exchanges morphemes for relations among 

word sets, formalizing the last as its morphlogical natives 

which we call lexical correspondences (LCs).  

 

The symmetric connection is that wherein two LCs share 

one template and LCs naturally group into inner circles by this 

connection. Increasingly significant to the WWM model is the 

asymmetric connection wherein one LC "relies on" such a 

faction. An interesting point is that, considering the 

indeterminate lexical correspondences from a vocabulary, just 

those which are dependent on some faction can be certainly 

settled, and thusly learned. This image of the morphological 

network in common languages has suggestions for the 

breaking points of normal morphology, especially considering 

the learn ability question.  

 

Morphological reinflection is the assignment of foreseeing 

one structure from a morphological paradigm given another 

structure, for example anticipating the English present 

participle ringing given the past tense rang. The 

SIGMORPHON shared undertaking thinks about three variants 

of this issue, with diminishing amounts of information 

accessible past the source structure and the morphological 

features of the objective structure:  

 

By and large, morphological reinflection can be unraveled 

by applying any technique for morphological analysis pursued 

by morphological age. These undertakings have traditionally 

been performed utilizing physically indicated standards, a 

moderate and expensive process. As of late, there has been 

an expanded interest in methods for learning morphological 

transformations automatically from data, which is likewise the 

setting of the SIGMORPHON 2016 shared errand.  

 

This work depends on that of Faruqui et al. (2016), who 

utilize a sequence-to-sequence model like that regularly 

utilized in machine translation (Sutskever et al., 2014). Their 

technique is extremely straightforward: for every language and 

morphological feature set, they train a separate model with a 

character-level bidirectional LSTM encoder (where just the last 

concealed states are utilized), and a LSTM decoder whose 

inputs are the encoded contribution just as the information 

character sequence. 

 

2. Morphology With Lexical Correspondences 

Give us a chance to define a lexical correspondence (X, 

Y) for the English vocabulary composed orthographically, in 

the accompanying way: 
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x = X1ceive 

y = X1ception 

 

This correspondence holds of the English vocabulary, 

since we locate a set leX including individuals get, misdirect, 

see, conceive, and corresponding set leY including individuals 

reception, deception, discernment, conception, and these sets 

together with the templates comply with every one of the states 

of Def. 1. The required coordinating unifiers exist, for sequence 

variable X1. The individuals from leX are verbs, while each 

corresponding individual from leY is a thing alluding to a case 

of the demonstration meant by the verb. The above kind of 

lexical correspondence was known as a word-formation 

strategy by (Neuvel and Fulop 2002), on the grounds that it is 

deterministic. Given a word from leX, for example, mislead, just 

a single word can be shaped from template Y by means of the 

coordinating unifier, to be specific deception. This essential 

property is typical of lexical correspondences in vocabularies 

which express such "one-opening" morphology in which just a 

single piece or edge of a word is changed to make a related 

word. 

 

3. Computational Basis For Morphological Taxonomical 

Networks 

In recent years lattice based matrix operations have 

discovered widespread applications in the building sciences. In 

these applications, the standard matrix operations of addition 

and multiplication are replaced by corresponding lattice 

operations. Lattice prompted matrix operations lead to a 

completely different point of view of a class of nonlinear 

transformations. These thoughts were applied by Shimbel to 

correspondences networks, and to machine booking by 

Cuninghame-Green and Giffler. Others have talked about their 

helpfulness in applications to most brief way issues in charts. 

Additional precedents are given in principally in the field of 

operations examine. Application to image processing was first 

developed by Ritter and Davidson. This paper shows a 

continuation of these developments in that we take lattice 

based operations as the essential computational model for 

artificial taxonomical networks.  

 

Artificial taxonomical network models are indicated by the 

network topology, hub attributes, and training or learning rules. 

The basic algebraic system utilized in these models is the set 

of real numbers R together with the operations of addition and 

multiplication and the laws governing these operations. This 

algebraic system, known as a ring, is regularly signified by 

(R;+; ). The two essential equations governing the hypothesis 

of computation in the standard taxonomical network model are: 

 

 
where aj(t) means the estimation of the jth neuron at time 

t, n represents the quantity of neurons in the network, wij the 

synaptic availability esteem between the ith neuron and the jth 

neuron, i(t + 1) the following total info effect on the ith neuron, I 

a threshold, and f the following state work which as a rule 

brings a nonlinearity into the network. Despite the fact that not 

all present network models can be precisely depicted by these 

two equations, they by the by can be seen as variations of 

these.  

 

0 = a 8a 2 R. Utilizing the structure (R1; _; +), the two 

fundamental equations hidden the hypothesis of computation 

in the morphological taxonomical network mode: 

 

 
 

Observe that Equations 2 and 4 are identical. In this 

manner, the contrast between the classical models and the 

morphological model is the computation of the following total 

info effect on the i
th

 neuron, 

 
 

 
 

Using the double structure (R1; ^; +0 ) instead, at that 

point Equation 3 needs  

 

Equations 2 and 4 speak to the essential operations of 

dilation and disintegration that structure the foundation of 

numerical morphology. Thus the explanation behind calling the 

proposed taxonomical network models a morphological. Let v 0 

signifies the transpose of the vector v. The total network 

computation coming about because of Equation 1 can be 

communicated in matrix structure as: 

 
 

4. Morphology With Polysynthesis 

Neuvel (2003) investigated the morphology of West 

Greenlandic Eskimo as a quintessential instance of supposed 

"polysynthetic" morphology generally this means languages 

with long words and various openings for meaningful material 

to be included. For example, one lexical entry consists of the 

verb/saniuqqutpuNa/'I pass by' (using IPA characters for 

Eskimo) while a related one consists of the 

verb/saniuqquttaqpuNa/'I ordinarily pass by,' placing it into a 

habitual viewpoint.  

Give us a chance to define a lexical correspondence (X, 

Y) for the Eskimo vocabulary composed phonemically, which  

 

administers the habitual viewpoint in a wide range of 

words: 

x = X1Y 

y = X1taqY 

 

This kind of lexical correspondence has been called 

multivalent (Neuvel 2003) on the grounds that its templates 

contain more than one sequence variable, and this by and 

large makes the word equations nondeterministic.  

 

Any template which has the structure XZY with sequence 

variables encompassing a (conceivably vacant) subtemplate Z 

will match with any word with some part matching Z.  
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No verification is important, reviewing that a sequence 

variable will match with the vacant sequence. An issue from 

this reality emerges with any word having more than one 

section matching Z—the word equation at that point has no 

one of a kind solution. For example examining the above 

Eskimo word meaning 'I pass by,' we can't figure out where the 

sequence taq ought to be inserted. Neuvel sketched out some 

important realities about the Eskimo vocabulary that can 

eventually resolve the above matching issue. Primarily, there 

are other lexical correspondences in Eskimo which are related 

to the LC of Def. 3 out of an important way.  

 

Give us now a chance to define a lexical correspondence 

(X, Y) for Eskimo which governs the formation of ostensible 

types of the verbs: 

x = X2puna 

y = X2tuq 

 

Where X is a template for first individual verbs and Y is a 

template for nominalized verbs. The lexical set leX for the 

above incorporates the entry/uqaqpuNa/'I state,' for which the 

substitution X2 = uqaq gives the main match. This sort of LC 

might be called monovalent in light of the fact that there is just 

a single sequence variable in the templates, with the outcome 

that the LC is deterministic. All the more importantly, there are 

words which match the templates of both Def. 3 and Def. 5, 

including/saniuqqutpuNa/. From Def. 5, the pertinent match is 

given by the substitution X2 = saniuqqut. We currently utilize 

this as a requirement in the solution of our original risky word 

equation. 

X1Y = saniuqqutpuNa 

 

Presently by unifying variables where conceivable over the 

two LCs, X1 = X2 = saniuqqut, so we can utilize Def. 3 with the 

additional constraint to create the word/saniuqquttaqpuNa/. 

Notice how the utility of a multivalent LC was expanded by 

unification with a deterministic LC. This can be perceived as an 

asymmetric "reliance" connection, defined in the spin-off. 

 

5. Induction Of Lexical Correspondences 

In typical models of morphological learning, as surveyed 

by (Hammarstrom and Borin 2011), the info is crude content ¨ 

and the yield is an etymological analysis into roots and affixes, 

which all must be put into fundamental structures. This 

"morpheme procurement issue" is very mind boggling, 

comprising numerous nontrivial subproblems, and is known to 

be NPcomplete (Ristad 1994). Modeling morphology as a set 

of lexical correspondences makes for a totally different learning 

model, including just a deterministic algorithm with no 

requirement for statistical learning. It isn't such a great amount 

of enlistment as it is deduction—using a straightforward 

algorithm one can arrive at the last model with no 

nondeterministic steps or model selection. We subsequently 

totally abstain from acquiring morphemes, stressing over 

hidden structures and so forth. The primary proviso is that the 

algorithm can't be done on crude content; some annotation 

demonstrating the syntactic classes of the words is required in 

any event, and information about the meanings is preferable to 

have An algorithm to play out this "deduction" of the 

morphology from grammatical feature tagged content was 

implemented in (Neuvel and Fulop 2002). Here pursues a 

simplified and formalized diagram of this strategy:  

 From known vocabulary L select a couple of 

sufficiently comparable words w1, w2 from lexical 

sections e1, e2; for example the two words share a 

few constants practically speaking, either in a 

sequence or some other pattern  

 Record two sequences Diff1, Diff2 which involve, 

individually, all constants from w1, w2 which are not 

shared. Sequence or individual variables ought to be 

recorded as expected to check the separate positions 

in w1, w2 which do have similar constants. For 

example the prior case w1 = get, w2 = reception will 

yield Diff1 = Xive, Diff2 = Xption.  

 Record two sequences Sim1, Sim2 comprising those 

constants which are shared between w1, w2, using 

different variables as expected to check the positions 

of the individual components in Diff1, Diff2. For 

example Sim1 = receY1, Sim2 = receY2.  

 Repeat the above steps until the whole realized 

dictionary are considered, resulting in a database of 

structures comprising word sets with sequence 

groups of four Diff1, Diff2, Sim1, Sim2.  

 For each pair hDiff1, Diff2i happening no less than 

twice in the database, gather all the corresponding 

word sets which likewise have the equivalent 

corresponding syntactic classes and the equivalent 

semantic bijections. These word sets will frame the 

reason for deriving a lexical correspondence. For 

example for the current precedent we will gather 

English word sets hreceiveV , receptionN I, 

hdeceiveV , deceptionN I, hperceiveV , perceptionN I, 

hconceiveV , conceptionN I. Traditional grammatical 

features are appeared as the syntactic class 

subscripts. 

 

6. Conclusion 

The Whole Word model of morphology, in which the 

lexical correspondence is primitive, has no requirement for 

morphemes so as to be expressively sufficient. A further 

advantage, we would contend, is that this model is bound to be 

cognitively pertinent. The kid securing writing is replete with 

discoveries which demonstrate youngsters' propensity to learn 

morphology by "similarity," which is really the cognitive sign of 

a unification method. Also, there is practically zero direct 

evidence that any individual "knows" a particular morpheme in 

an abstract way, for example, the abstract past tense postfix of 

English whose three elocutions (alleged allomorphs) are [d, t, 

@d]. Furthermore, returning to the get/reception sets examined 

prior, which morpheme would we have to know to accomplish 

this? A postfix tion which attaches and at the same time 

changes a vowel and substitutes a 'p' for a 'v'? Such notions 

may serve the Bloomfieldian etymologist, however in normal 

language processing they sum up ineffectively, and in cognitive 

science they strain credulity.  

 

Further trials appear, shockingly, that a basic and 

absolutely convolution engineering designed for image 

classification much of the time accomplishes a significantly 

higher accuracy. Despite the fact that convolution structures 

have turned out to be standard (alongside recurrent 
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taxonomical networks) in numerous content encoding tasks, 

this is one of rather couple of instances of where they have 

been successfully utilized for content age. 

 

 

 

References 

 

1. Manaal Faruqui, Yulia Tsvetkov, Graham Neubig, and Chris 

Dyer. 2016. Morphological inflection generation using 

character sequence to sequence learning. In Proc. of 

NAACL. 

2. Sergey Ioffe and Christian Szegedy. 2015. Batch 

normalization: Accelerating deep network training by 

reducing internal covariate shift. In David Blei and Francis 

Bach, editors, Proceedings of the 32nd International 

Conference on Machine Learning (ICML15), pages 448–456. 

JMLR Workshop and Conference Proceedings. 

3. Fulop, S. A. 2011. Erratum to: Grammar induction by 

unification of type-logical lexicons. Journal of Logic, 

Language and Information 20:135–136. 

4. Hammarstrom, H., and Borin, L. 2011. Unsupervised learn- ¨ 

ing of morphology. Computational Linguistics 37(2):309– 

350. 

5. Kutsia, T. 2007. Solving equations with sequence variables 

and sequence functions. Journal of Symbolic Computation 

42:352–388. 

6. Neuvel, S. 2003. Metamorphology. Ph.D. Dissertation, The 

University of Chicago. 

7. Diederik P. Kingma and Jimmy Ba. 2014. Adam: A method 

for stochastic optimization. CoRR, abs/1412.6980. 

8. C.P. Suarez-Araujo and G.X. Ritter. Morphological 

taxonomical networks and image algebra in artificial 

perception systems. In Image Algebra and Morphological 

Image Processing III, volume 1769 of Proceedings of SPIE, 

pages 128–142, San Diego, CA, July 1992 

9. G.X. Ritter and P. Sussner. Morphological associative 

memories and perceptrons. Technical Report TR 96–02, 

CCVR, University of Florida, 1996. 

10. Fulop, S. A. 2010. Grammar induction by unification of type-

logical lexicons. Journal of Logic, Language and Information 

19:353–381.

 

 

 

 

 

 

 

 

 

 

 

 

 


