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Abstract

Sentence processing research has primarily focused on identifying the cognitive factors that

influence comprehension and production difficulty in a sentence while acknowledging that

languages offer diverse means of conveying identical concepts (Ferreira, 1996). However,

certain syntactic structures consistently emerge as more a favourable choice than the oth-

ers (Mohanan and Mohanan, 1994). A number of factors are known to influence such

syntactic preferences, including information structure, syntactic complexity, and inherent

human cognitive capacities viz., limited working memory and information decay. However,

the relative impact of these factors on syntactic ordering choices in Hindi is not well under-

stood. Hindi is a verb final language (SOV) exhibiting flexible word ordering patterns and

belongs to the Indo-European language family. This thesis focuses on studying linguistic

structures and developing computational cognitive models to explore the cognitive biases

and processing mechanisms involved in preverbal constituent ordering in Hindi, with the

specific goal of understanding language comprehension and production.

To begin with, this work constructs a framework to artificially generate meaning-

equivalent grammatical variants of Hindi sentences by linearizing preverbal constituents

of the projective dependency trees in the Hindi-Urdu Treebank corpus (Bhatt et al.,

2009). Thereafter, the relative impact of various influential theories of language processing

in Psycholinguistics, viz., Dependency Locality Theory (Gibson, 1998, 2000), Surprisal

Theory (Hale, 2001; Levy, 2008), Expectation Adaptation (Fine et al., 2013), Production-

Distribution-Comprehension Theory (MacDonald, 1999, 2013), Interference Theory (Lewis,

1996; Van Dyke, 2002), and finally, Uniform Information Density Hypothesis (Jaeger, 2010;

Levy and Jaeger, 2007) are investigated in a serial order to predict the ordering preferences

vi



(reference vs. variants) using a logistic regression model.

The results indicate that while dependency length is a significant factor, its predictive

power for Hindi syntactic choice becomes weak in the presence of information status and

expectation-based predictors. Notably, trigram surprisal significantly outperforms both de-

pendency length and parser surprisal by a considerable margin, highlighting the primary

influence of maximizing lexical predictability in determining preverbal constituent ordering

choices in Hindi. After incorporating discourse information into the calculation of surprisal,

the aforementioned effect became more pronounced, thus further establishing the influence

of discourse predictability in shaping Hindi word-order preferences. We situate our findings

within the context of earlier studies on adaptation/priming in comprehension (Fine and

Jaeger, 2016; Fine et al., 2013) and production (Bock, 1986a; Gries, 2005). With respect to

PDC, our results suggest that Hindi optimizes for processing efficiency in terms of accessibil-

ity and minimizes similarity-based interference by avoiding identical case marker repetition.

Furthermore, we also found that similarity-based interference significantly predicts depen-

dency length, supporting the view in the literature that the mechanisms underlying locality

may be driven by memory interference (Vasishth, 2011). In relation to the efficacy of UID

on Hindi word order choices, our results indicate that UID measures are not a significant

factor in predicting corpus sentences in the presence of competing control predictors such

as lexical surprisal, and do not support a theory of word order based solely on UID. Finally,

we discuss the implications of our findings for theories of language production.

Towards the end, this work proposes a theoretically motivated novel metric, forward

surprisal (i.e., probability of target word given the two words in the upcoming context) to

account for planning processes in both the comprehension and production systems beyond

the most commonly used surprisal metric estimated using preceding context. Consequently,

this work vouches for an integrated model of the comprehension and production processes

which are traditionally considered distinct cognitive systems in the psycholinguistics litera-

ture (Pickering and Garrod, 2013).
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sAr
vAky prs\-krZ an� s\DAn n� m� Hy !p s� un s\jAnA(mk kArko\ kF phcAn krn� pr @yAn

k�\Edý t EkyA h{ jo ek vAky m�\ smJ aOr u(pAdn kEWnAI ko prBAEvt krt� h{\ , yh -vFkAr

krt� h� e Ek BAqAe\ smAn avDArZAao\ ko &ykt krn� k� EvEvD sADn prdAn krtF h{\ (Pr�rA ,

1996 ) । hAlA\Ek , k� C Es\V{E?Vk s\rcnAe\ lgAtAr d� sro\ kF t� lnA m�\ aEDk an� k� l EvkSp

k� !p m�\ uBrtF h{\ (mohnn aOr mohnn , 1994 ) । s� cnA s\rcnA , vAkyA(mk jEVltA ,

aOr EnEht mAnv s\jAnA(mk "mtA , sFEmt kAy
fFl -m� Et aOr s� cnA "y sEht e�sF

vAkyA(mk prATEmktAao\ ko prBAEvt krn� k� Ele k{i kArk jAn� jAt� h{\। hAlA Ek , Eh\dF

m�\ vAky - Ev�yAs k� EvkSpo\ pr in kArko\ k� sAp�" prBAv ko aQCF trh s� nhF\ smJA

gyA h{। Eh\dF ek E�yA a\Etm BAqA h{ jo lcFl� fNd �m p{Vn
 ko prdEf
t krtF h{

aOr i\Xo -y� ropFy BAqA pErvAr s� s\b\EDt h{। yh TFEss BAqA kF smJ aOr u(pAdn ko

smJn� k� EvEf� l#y k� sAT Eh\dF m�\ p� v
vtF
 GVk �m m�\ fAEml s\jAnA(mk p� vA
g}ho\ aOr

prs\-krZ t\/o\ kA ptA lgAn� k� Ele BAqAI s\rcnAao\ kA a@yyn krn� aOr kM=y� V�fnl

s\jAnA(mk mA�Xl EvkEst krn� pr k�\Edý t h{।

aAr\B krn� k� Ele , yh kAm Eh\dF -ud�
 V~ Fb{\k kA�p
s (B� eV al , 2009 ) m�\ proj�E?Vv

EXp�\X�\sF V~ F k� prFvb
l GVko\ ko r{EKk krk� Eh\dF vAkyo\ k� smk" &yAkrEZk !po\ ko

k� E/m !p s� u(pnn krn� k� Ele ek !pr�KA t{yAr krtA h{। isk� bAd , BAqA kF

smJ k� EvEBnn prBAvfAlF EsdA\to\ kA sAp�" prBAv , j{s� , EnB
rtA -TAnFytA EsdA\t

( EgNsn , 1998 , 2000 ), aAcy
 EsdA\t (h�l , 2001 ; l�vF , 2008 ), ap�"A an� k� ln (PAin

eV al , 2013 ) , proX?fn - EX-V~ FNy� fn -kA�EMprh�\fn LyorF (m{kXA�nSX , 1999 , 2013 ),

i\VrP�r�\s LyorF (l� Is , 1996 ; v{n XAik , 2002 ), aOr a\t m�\ , y� En'A�m
 i\PA�m�
fn X�\EsVF

hAipoTFEss (j{gr , 2010 ; l�vF aOr j{gr , 2007 ) kF jA\c lA�EjE-Vk Erg}�fn mA�Xl kA

upyog krk� an� �m vrFytAao\ (s\dB
 bnAm v�Ere\V ) kF BEv	yvAZF kF jAtF h{।

pErZAmo\ s� s\k�t EmltA h{ Ek jhA\ EnB
rtA kF l\bAI ek mh(vp� Z
 kArk h{ , vhF\ s� cnA

kF E-TEt aOr ap�"A -aADAErt BEv	yvktAao\ kF upE-TEt m�\ Eh\dF vAky - Ev�yAs ps\d k�

Ele iskF BEv	yvAZF fEkt kmjor ho jAtF h{। Evf�q !p s� , EV~ g}Am srEprsl EXp�\X�\sF

l�\T aOr pAs
r srEprsl dono\ ko kAPF a\tr s� b�htr prdf
n krtA h{ , jo Eh\dF m�\ prFvb
l

GVk an� �m EvkSpo\ ko EnDA
Ert krn� m�\ l�E?skl BEv	yvAZF ko aEDktm krn� k�

prATEmk prBAv ko ujAgr krtA h{। aAcy
 kF gZnA m�\ prvcn kF jAnkArF ko fAEml krn�

k� bAd , uprokt prBAv aEDk -p� ho gyA , is prkAr Eh\dF fNd -�m vrFytAao\ ko aAkAr

d�n� m�\ prvcn kF BEv	yvAZF k� prBAv ko aOr -TAEpt EkyA gyA। hm an� k� ln prAiEm\g pr

phl� k� a@yyno\ k� s\dB
 m�\ apn� En	kqo� ko smJn� m�\ (PAin e\X j�gr , 2016 ; PAin

eV al। , 2013 ) aOr proX?fn m�\ (bA�k , 1986e ; Eg}s , 2005 ) &yvE-Tt krt� h{\।
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pFXFsF k� s\b\D m�\ , hmAr� pErZAm btAt� h{\ Ek Eh\dF prs\-krZ d"tA k� Ele an� k� ln

krtF h{ aOr smAn k�s mAk
r p� nrAv� Ett s� bckr smAntA -aADAErt h-t"�p ko km krtF

h{। isk� alAvA , hmn� yh BF pAyA Ek smAntA -aADAErt h-t"�p kAPF hd tk EnB
rtA kF

l\bAI kF BEv	yvAZF krtA h{ , sAEh(y m�\ is d� E�koZ kA smT
n krtA h{ Ek t\/ a\tEn
Eht

-TAnFytA -m� Et h-t"�p (vEf� , 2011 ) dvArA s\cAElt ho sktF h{। Eh\dF fNd �m EvkSpo\

pr y� aAIXF kF prBAvkAErtA k� s\b\D m�\ , hmAr� pErZAm s\k�t d�t� h{\ Ek y� aAIXF fNd �m

kA smT
n nhF\ krt� h{\।

a\t m�\ , yh kAm ek s{dA\Etk !p s� pr�Ert up�yAs mFEV~ k , PA�rvX
 srEprsl (yAnF ,

aAgAmF s\dB
 m�\ do fNdo\ ko Ede ge l#y fNd kF s\BAvnA ) kA pr-tAv krtA h{ , jo Ek

sbs� aEDk i-t�mAl Eke jAn� vAl� aAcy
jnk mFEV~ k s� pr� dono\ smJ aOr u(pAdn

prZAElyo\ m�\ Enyojn prE�yAao\ k� Ele h{। p� v
vtF
 s\dB
 kA upyog krk� an� mAn lgAyA

gyA। ntFjtn , yh kAy
 smJ aOr u(pAdn prE�yAao\ k� ek ekFk� t mA�Xl k� Ele prEtjA

krtA h{ , Ej�h�\ aAmtOr pr mnoEvjAn sAEh(y ( EpkEr\g aOr gAroX , 2013 ) m�\ EvEf�

s\jAnA(mk prZAlF mAnA jAtA h{।
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